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Determining the effects of quality differentiation on the efficiency of two-sided

service markets is challenging. The presence of private information on both market

sides and the heterogeneity of sellers can lead to substantial economic inefficiencies.

Hence, this paper investigates how quality-differentiated sellers affect market

efficiency from the perspective of mechanism design theory. First, we characterize

second-best mechanisms for matching buyers and sellers. We then propose a

heuristic algorithm for approximating the welfare-maximizing match outcomes. Based

on empirical data, our simulation study suggests that an increased quality differentia-

tion can reduce market efficiency; however, this inefficiency vanishes as the market

size increases.

1 | INTRODUCTION

Advances in information technology have promoted the rise of two-

sided service markets in many domains. Internet platforms such as

Airbnb and Uber enable digital marketplaces where buyers and sellers

trade on-demand services for money. Low entry barriers and reduced

transaction costs attract a growing number of participants on both

market sides. At the same time, market designers exploit emerging

network effects to create and implement innovative business models.

As of January 2020, investment opportunity tracker AngelList

recorded 1614 start-up companies in the field of online marketplaces

alone. Most recent manifestations of these two-sided marketplaces

include peer-to-peer markets where individuals and small businesses

exchange on-demand services, thus replacing long-term contracts by

spot transactions (Einav, Farronato, & Levin, 2016). In many markets,

sellers offer these services in a quality-differentiated fashion to distin-

guish themselves from their competition (Zervas, Proserpio, &

Byers, 2017). Airbnb and Uber, for example, rely on reciprocal feed-

back and reputation systems to enable quality differentiation. Apart

from these well-known platforms, markets for trading novel forms of

services have also emerged. Energy services such as charging services

for electric vehicles, for example, provide a value-oriented approach

toward quality-differentiated electricity consumption (Lim, Mak, &

Rong, 2014; Salah, Flath, Schuller, Will, & Weinhardt, 2017; Woo et al.,

2014). These charging services are typically differentiated by the

power output provided, thus directly affecting the speed of charging

(He, Mak, Rong, & Shen, 2017).

Given the growing number of heterogeneous sellers and buyers

on such marketplaces, it is increasingly important to better understand

how the presence of sellers offering quality-differentiated services

affects the efficiency of these two-sided markets. A key challenge

arising in any market is the design of mechanisms that determine eco-

nomically efficient outcomes. Economic theory corroborates that ex

post efficiency cannot be achieved in the presence of two-sided pri-

vate information (Myerson & Satterthwaite, 1983). Yet these ineffi-

ciencies disappear as markets become large—at least in settings where

homogeneous sellers offer goods or services that only differ in price

but not in exogenous quality (Cripps & Swinkels, 2006; Gresik &

Satterthwaite, 1989; Rustichini, Satterthwaite, & Williams, 1994).

When sellers offer quality-differentiated services, however, it is still
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unknown whether and in what way the market's efficiency might

be affected by these sellers. Therefore, our research question can be

framed as follows: In what way does the presence of quality-

differentiated sellers affect the efficiency of two-sided service

markets?

To address this research question, we characterize mechanisms

for matching buyers and sellers that trade quality-differentiated on-

demand services, where service quality is publicly known. We draw

on mechanism design theory to derive a second-best mechanism that

maximizes the expected social welfare subject to incentive compatibil-

ity constraints. For two-sided service markets, the social welfare is

defined as the aggregated difference between valuation and cost,

which depends on differentiated quality. The formal model of our pro-

posal is informed by the work of Widmer and Leukel (2016) who char-

acterize mechanisms for allocating electronic services from the

perspective of a social planner. Although Widmer and Leukel derive

rules and payments for the second-best matching, their model

assumes quality to be an intrinsic part of the traders' utilities. Hence,

the model does not integrate service quality that is publicly observ-

able. In contrast, the objectives of this research are to (1) characterize

mechanisms for two-sided markets that account for exogenous ser-

vice quality, (2) propose a heuristic algorithm for determining the

approximate welfare-maximizing match outcomes because analytic

solutions are infeasible, and (3) study in what way market efficiency is

affected by the presence of quality-differentiated sellers.

To validate our mechanism, we conduct a simulation study

based on empirical data from two real-world market settings. These

two settings reflect two different degrees of quality differentiation.

The first setting considers quality-differentiated charging services

for electric vehicles (buyers) offered by competing charging stations

(sellers). This setting relies on actual sales prices and power output

levels offered at 424 charging stations in Berlin, Germany. The sec-

ond market setting considers quality-differentiated drivers (sellers)

that are matched to potential riders (buyers) on a digital platform

for ridesharing. Here, our experiments are based on a unique data

set containing sales price and driver reputation in the form of

numerical star rating from 307 offers listed on the European rid-

esharing platform BlaBlaCar. For both settings, we use our heuristic

algorithm to determine the approximate welfare-maximizing match

outcomes based on the associated real-world price distributions.

Then, we study the asymptotic efficiency achieved by the second-

best mechanism as well as the sellers' probabilities of sales and

expected revenues for varying market sizes.

We find that the efficiency achieved by our mechanism exceeds

93% already for small markets exhibiting strong quality differentiation.

This result holds even for vehicle charging platforms where quality

levels of sellers are highly heterogeneous. The proposed mechanism

absorbs strong quality differentiation among sellers in such a way that

no more than 1.33 percentage points in efficiency losses must be tol-

erated compared with the benchmark without quality differentiation.

We also find that the probability of sales and the expected revenues

increase as sellers improve their quality. The reason for this increase is

that the presence of quality-differentiated services forces buyers into

competition for quality. Moreover, the probability of sales is nearly

proportional to the expected revenues of sellers. Thus, our simulation

study helps to explain how quality-differentiated sellers exploit two-

sided private information to increase their probability of sales and

expected revenue. Based on our findings, sellers can estimate their

return on investment as a function of service quality. Market

designers can also build on our results to assess potential efficiency

losses that arise when two-sided private information is present on

quality-differentiated service markets.

The remainder of this article is organized as follows. The next

section discusses prior research on market mechanisms for quality-

differentiated two-sided markets as well as applications. In Section 3,

we describe our mechanism for matching buyers and sellers with

exogenous quality. In Section 4, we study the mechanism's efficiency

properties. Finally, we report on our simulation study, discuss the find-

ings, and provide our conclusion in Section 5.

2 | THEORETICAL BACKGROUND

We review extant literature in mechanism design theory and discuss

pertinent approaches in a set of real-world applications. We conclude

the theoretical background by providing a summary.

2.1 | Mechanism design theory

Our study is related to the growing body of literature on matching

mechanisms for two-sided markets in which agents are buyers and

sellers. How market designers should match buyers and sellers effi-

ciently is an important research area in mechanism design theory

(Cavagnac, 2005; Kojima & Pathak, 2009; Maskin, 2008). A match

outcome is efficient if there exists no other feasible match outcome

that makes some participants better off without making other

participants worse off (Holmström & Myerson, 1983). However,

market designers typically do not know buyer valuation and seller cost

in advance. As a result, inefficiencies and even market failure can

occur (Akerlof, 1978; Hui, Saeedi, Shen, & Sundaresan, 2016;

Samuelson, 1984). Therefore, matching mechanisms are needed that

guarantee high efficiency despite the presence of two-sided private

information.

Mechanism design theory prescribes a set of desired economic

properties that must be retained by any mechanism (Börgers, 2015;

Krishna, 2009). First, the mechanism must provide adequate incen-

tives that induce strategic participants to reveal their true preferences

(incentive compatibility). Second, participation in the mechanism must

be voluntary for all buyers and sellers (individual rationality). Third, the

mechanism must not run a permanent deficit in funds (budget bal-

ance). However, mechanism design theory corroborates that ex post

efficiency is not attainable for mechanisms requiring these properties

simultaneously (Delacrétaz, Loertscher, Marx, & Wilkening, 2019;

Laffont & Maskin, 1979; Myerson & Satterthwaite, 1983). Because ex

post efficiency is unattainable, the literature suggests to derive
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so-called second-best mechanisms, which maximize the expected

social welfare while maintaining the three desired properties

based on appropriate solution concepts (Bierbrauer, Ockenfels,

Pollak, & Rückert, 2017; Gresik & Satterthwaite, 1989; Segal &

Whinston, 2016). For matching markets, the expected social welfare

is defined as the aggregated expected utilities of all buyers and sellers

participating in the mechanism. The outcome of the emerging second-

best mechanism can then be used to quantify inefficiencies that arise

because of the presence of private information.

Classic research in designing two-sided mechanisms primarily

focuses on matching buyers and sellers that trade homogeneous

commodities (Cripps & Swinkels, 2006; Gresik & Satterthwaite, 1989;

McAfee, 1992; Myerson & Satterthwaite, 1983; Rustichini et al.,

1994). Although these mechanisms are clearly not ex post efficient,

they achieve full efficiency for large markets at a rate that depends on

the market size. Other research on two-sided matching markets

develops mechanisms in which buyers and sellers have private

information about their vertical quality characteristics that determine

the match values (Damiano & Li, 2007; Gomes & Pavan, 2016;

Johnson, 2013). Although these mechanisms internalize two-sided pri-

vate information about quality, they do not study the efficiency

achieved by second-best mechanisms that maximize the expected

social welfare. Widmer and Leukel (2016) characterize rules and

expected payments for allocating electronic services in the presence

of two-sided private information from the perspective of a social

planner. Based on the formal framework proposed by Johnson (2013),

they study the efficiency of the associated second-best mechanism in

a set of simulations. In our research, we extend the approach of

Widmer and Leukel by integrating exogenous quality on the seller side

of the market.

2.2 | Applications

Two-sided mechanisms for trading goods or services have been the

subject of inquiry in a number of real-world applications. These appli-

cations include energy services, ridesharing, financial lending, and digi-

tal services such as cloud computing.

Smart energy systems enable consumers of energy to become

producers and service providers. These developments facilitate peer-

to-peer market models for energy services from existing markets

where green electricity is offered by local farmers to advanced future

quality-differentiated energy services like electricity storage, water

heating, or electric vehicle charging (Alvaro-Hermana, Fraile-Ardanuy,

Zufiria, Knapen, & Janssens, 2016; Parag & Sovacool, 2006). Tushar

et al. (2018) provide an overview of game-theoretic approaches for

trading energy services on peer-to-peer platforms. Khorasany, Mishra,

and Ledwich (2018) review different market design concepts including

the classification of participants for local energy trading. For electric

vehicle charging, Kang et al. (2017) propose an iterative double auc-

tion mechanism for demand response by providing energy from the

batteries to balance local electricity demand. Such platforms increas-

ingly use two-sided auction formats to trade energy services among

retailers and microgrids including local generation, demand response,

and energy storage resources (Marzband, Javadi, Pourmousavi, &

Lightbody, 2018).

With a substantial increase in the popularity of ridesharing plat-

forms like Uber and Lyft, the efficient matching of drivers and riders

on these two-sided platforms has become increasingly important.

Recent research focuses on the design of matching mechanisms that

internalize the cost share of drivers and private information about

preferences (Ordóñez & Dessouky, 2017; Wang, Agatz, &

Erera, 2017; Wang, Yang, & Zhu, 2018). Whereas these approaches

aim at minimizing trip time, vehicle miles, and travel costs, they do not

consider market efficiency from an economic perspective. Other

works concerning peer-to-peer markets include financial lending and

crowdfunding. Here, prior research focuses on screening the quality

of borrowers (Iyer, Khwaja, Luttmer, & Shue, 2015) and studying the

effects of different matching mechanisms on market participants,

transaction outcomes, and social welfare (Wei & Lin, 2016). Yet these

approaches do not assess the efficiency of markets with two-sided

private information.

Bapna, Goes, and Gupta (2005, 2009) study the problem of

allocating and pricing quality-differentiated digital services such as

event livestreaming and video on demand. A monopolist offers a set

of services differing in guaranteed quality levels to multiple cus-

tomers who have differentiated valuations for these services.

Widmer and Leukel (2016) compare the outcome of a profit-

maximizing intermediary to that of a social planner in mechanisms

that allocate digital services with differentiated quality levels. They

provide a lower bound for the relative efficiency loss any second-

best mechanism must tolerate because of private information about

quality. Widmer and Leukel (2018) advance this model by defining a

set of straightforward pricing schemes for digital services based on

different pricing formats. Although their models internalize two-

sided private information about quality, they do not allow for digital

services that differ in exogenous quality.

Das, Du, Gopal, and Ramesh (2011) and Du, Das, and

Ramesh (2012) study revenue-maximizing spot and forward prices for

a cloud computing service provider that faces a known set of cus-

tomers by considering the risk of demand stochasticity and unused

storage capacity. Although their work analyzes the effects of provid-

ing spot markets for trading cloud computing services, differentiated

quality metrics such as bandwidth or latency into the mechanism are

not considered in their model. Zaman and Grosu (2013) examine com-

binatorial auctions for allocating quality-differentiated instances of

virtual machines to a single data center as a seller. Because only

one seller is present in the market, it remains unclear whether the

emerging mechanism is efficient for multiple sellers competing in

quality-differentiated service offers. Prior to the rise of cloud comput-

ing, markets for trading grid computing resources have received

considerable attention in information systems research (Bapna,

Das, Day, Garfinkel, & Stallaert, 2011; Bapna, Das, Garfinkel, &

Stallaert, 2008; Schnizler, Neumann, Veit, & Weinhardt, 2008). In

these studies, however, sellers do not offer quality-differentiated

resources in the presence of two-sided private information.
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2.3 | Summary and contributions

In summary, extant literature does not sufficiently explain how to effi-

ciently match buyers and sellers on platforms where two-sided private

information about valuation and cost is present and sellers are charac-

terized by exogenous quality levels. Our work addresses this limitation

and characterizes a second-best mechanism that matches buyers and

sellers based on differentiated service quality in the presence of two-

sided private information. Because analytic solutions to the optimiza-

tion problem are infeasible, we also propose a heuristic algorithm that

determines the approximate welfare-maximizing match outcomes for

varying market sizes. Based on empirical data from real-world applica-

tions, we then study the effects of quality differentiation on efficiency

of the two-sided service market and analyze the relationship between

probability of sales and sellers' expected revenues.

3 | MODEL

We introduce a model providing definitions and formal notations for

the design of a second-best mechanism that matches sellers and

buyers based on exogenous seller quality as well as private informa-

tion about valuation and costs. The model is informed by that of Wid-

mer and Leukel (2016), which focuses on second-best mechanisms

that internalize two-sided private information on quality. We extend

this model by integrating publicly known quality on the seller side of

the market.

3.1 | Demand and supply

We consider a setting where N buyers demand a single on-demand

service from a set of M sellers, each of which offers exactly a single

quantity of the service. Each seller j 2 {1,… ,M} produces a one-

dimensional quality qj > 0, which is publicly observable through the

platform. Although quality is public information, each seller has inter-

nal costs for supplying the service. The private cost information is

given by σj for each seller j. σj is drawn from a probability density func-

tion h(σj), being strictly positive on σ, �σ½ � with cumulative distribution

function H(σj). On the demand side, the private valuation information

of each buyer i2 {1,… ,N} is given by θi, which they have assigned to

the service. θi is drawn from a probability density function f(θi), which

is strictly positive on θ, �θ½ � with cumulative distribution function F(θi).

Similar to other approaches in mechanism design, we assume that 1−

F(θi) and H(σj) are log concave.

Because there are N buyers and M sellers on the market, let

θ = ðθ1,…,θNÞ and σ = ðσ1,…,σMÞ be their private information vectors,

respectively. The vectors θ− i = ðθ1,…,θi−1,θi+1,…,θNÞ and

σ− j = ðσ1,…,σj−1,σj+1,…,σMÞ specify the private information except for

i and j, respectively. Further, let Eθ− i ,σ denote the expectation over all

private information conditional on buyer i's information, and let Eθ,σ− j

denote the analogous expectation for seller j. The unconditional

expectation over all private information is denoted by E.

Each buyer assigns a valuation v(θi) to their requested service,

which can be interpreted as their maximum willingness to pay. Assume

that v(θi) is increasing and concave in θi. On the supply side, the seller

infers a cost c(σj) for providing their service. c(σj) is increasing and con-

vex in σj. Because quality is publicly known, buyers and sellers inter-

nalize their valuation and costs for quality in their private information.

Similar to other auction settings, we assume risk-neutral buyers

and sellers with quasilinear utility functions. For describing a match

between a buyer and a seller, let xij(θ, σ)2 [0, 1] denote the probability

that buyer i is matched to seller j. For ease of the exposition, we use

vectorized function arguments without further reference and, for

instance, write xij(θi, θ−i, σ)≡ xij(θ1,… , θN, σ1,… , σM) in any appropriate

context.

Each buyer's expected utility function consists of their valuation

weighted by the probability that they are matched to a seller of qual-

ity qj, minus the payment they have to make for service consumption.

Hence, i's expected utility is given by

UBðθiÞ=Eθ− i ,σ vðθiÞ
XM
j = 1

qjxijðθi ,θ− i,σÞ−tBðθi ,θ− i ,σÞ
" #

, ð1Þ

where Eθ− i ,σ ½tBðθi,θ− i,σÞ� is the expected payment made by

i conditional on all other participants' private information. Similarly,

the expected utility of each seller consists of the expected revenue

accrued for service provisioning, minus the costs for producing quality

qj weighted by the probability that j is matched to i. Thus, j's expected

utility is given by

USðσjÞ=Eθ,σ− j tSðθ,σj,σ− jÞ−qjcðσjÞ
XN
i=1

xijðθ,σj,σ− jÞ
" #

, ð2Þ

where Eθ,σ− j
½tSðθ,σj,σ− jÞ� corresponds to the expected revenue accru-

ing to j for providing the service to buyer i. The expected utility inte-

grates a linear combination of quality and cost. That is, the seller

3.2 | Incentive compatibility and individual
rationality

We consider a matching mechanism where each buyer i and each

seller j submits a sealed bid to the platform operator corresponding to

the willingness to pay and the cost, respectively. The operator collects

all bids, matches asks to offers, and determines the associated

payments. Similar to related work in mechanism design theory, we

specify a direct revelation mechanism to describe the mechanism

(Myerson, 1979). In a direct mechanism, all participants simulta-

neously report their private information to the operator who then dic-

tates the matches in conjunction with the payments. In equilibrium, all

participants will report truthfully. Thus, a direct revelation mechanism

is defined by the matching variable and the payments; that is, {xij(θ, σ),

tB(θ, σ), tS(θ, σ)} for all participants i and j.

We invoke the revelation principle to identify the optimal

Bayesian Nash equilibrium from the set of all possible mechanisms

WIDMER ET AL. 591



(Gibbard, 1973; Harris & Raviv, 1981; Myerson, 1981). A direct reve-

lation mechanism is Bayesian incentive compatible if truthful bidding

constitutes a Bayesian Nash equilibrium. Thus, in an incentive com-

patible mechanism, each participant's expected utility is maximized by

submitting their true bid, conditional on the truthful bidding of others.

Suppose that θ̂≠θi is buyer i's submitted (not necessarily true) bid.

Then the mechanism is (Bayesian) incentive compatible if and only if

UBðθiÞ≥Eθ− i ,σ vðθiÞ
XM
j = 1

qjxijðθ̂,θ− i,σÞ−tBðθ̂,θ− i,σÞ
" #

: ð3Þ

Similarly, suppose σ̂≠σj is seller j's submitted bid. Then,

USðσjÞ≥Eθ,σ− j
tSðθ, σ̂,σ− jÞ−qjcðσjÞ

XN
i=1

xijðθ, σ̂,σ− jÞ
" #

: ð4Þ

Both inequalities must hold to account for incentive compatibility

on both sides of the market. In addition to incentive compatibility,

the mechanism must satisfy individual rationality, so that each

participant willingly participates in the mechanism. In an individually

rational mechanism, each participant's expected utility is greater than or

equal to the utility of its outside option. We assume the outside option

to be zero for all participants. Hence, the mechanism is individually

rational if and only if UB(θi) ≥ 0 for buyers i and US(σj) ≥ 0 for sellers j.

The preceding characterization of incentive compatibility and

individual rationality allows us to specify the format of our proposed

mechanism in the following section.

4 | QUALITY-DIFFERENTIATED
MATCHING

We first characterize incentive compatibility and individual rationality,

followed by defining the mechanism's optimization problem. Then, we

propose the heuristic-based matching algorithm used to solve the

optimization problem.

4.1 | Characterizing incentive compatibility and
individual rationality

Direct revelation mechanisms remove the participants' incentives to

manipulate their bids by internalizing their potential strategic behavior

into the mechanism itself. Hence, the direct mechanism implements

the bids that participants would have submitted using their equilib-

rium strategies. Therefore, we adopt the approach of Gresik and

Satterthwaite (1989), Myerson and Satterthwaite (1983), and Widmer

and Leukel (2016) to define the following two functions. Let the vir-

tual valuation of buyer i be given by

ψBðθiÞ= vðθiÞ−
1−FðθiÞ
fðθiÞ v0ðθiÞ: ð5Þ

The virtual valuation function enunciates the strategic behavior

of buyers in an indirect mechanism implementation. Because v(θi) is

increasing, ψB(θi) is strictly smaller than the actual valuation. Hence,

buyers engage in bid manipulation by understating their true valuation

(bid shading). In this way, buyers attempt to lower their payments to

their benefit.

Similarly, each seller incurs a virtual cost of

ψSðσjÞ= cðσjÞ+
HðσjÞ
hðσjÞ c

0ðσjÞ: ð6Þ

Thus, using their equilibrium strategies, sellers have an incentive

to overstate their true cost because ψS(σj) is strictly greater than c(σj).

In such a case, sellers try to raise their expected compensation pay-

ments for the offered service by reporting a higher provision cost.

These virtual valuation and cost facilitate the design of a

second-best mechanism for quality-differentiated matching of

buyers and sellers. The following lemma characterizes the set of all

incentive compatible and individually rational mechanisms for our

matching problem.

Lemma 1. If xij(� , �) is the probability of matching buyer i with seller j,

then transfer functions tB(� , �) and tS(� , �) exist such that {xij(� , �),
tB(� , �), tS(� , �)} is incentive compatible and individually rational if

and only if Eθ− i ,σ ½xijðθi , �Þ� is nondecreasing, Eθ,σ− j ½xijð�,σjÞ� is non-
increasing, and

XN
i=1

UB θð Þ+
XM
j = 1

USð�σÞ=E
XN
i=1

XM
j = 1

qjðψBðθiÞ−ψSðσjÞÞxijðθ,σÞ
" #

≥0: ð7Þ

Proof. Suppose {xij(θ, σ), tB(θ, σ), tS(θ, σ)} is incentive compatible. We

start to derive our argument for sellers. For any cost pair σ̂≠σj ,

we must have

UPðσjÞ≥Eθ,σ− j tSðθ, σ̂,σ− jÞ−qjcðσjÞ
XN
i=1

xijðθ, σ̂,σ− jÞ
" #

and ð8Þ

UPðσ̂Þ≥Eθ,σ− j
tSðθ,σj,σ− jÞ−qjcðσ̂Þ

XN
i =1

xijðθ,σj ,σ− jÞ
" #

: ð9Þ

These two inequalities imply that

qjðcðσ̂Þ−cðσjÞÞEθ,σ− j

XN
i=1

xijðθ,σj,σ− jÞ−xijðθ, σ̂,σ− jÞ
� �" #

≥0: ð10Þ

If σ̂ ≥ σj , we also have cðσ̂Þ≥ cðσjÞ because of monotonicity. There-

fore, we must have Eθ,σ− j ½xijðθ, σ̂,σ− jÞ�≤Eθ,σ− j ½xijðθ,t,σ− jÞ� , so

Eθ,σ− j
½xijð�,σjÞ� is nonincreasing.

Similarly, we can rearrange two incentive constraints for buyers

as follows:

ðvðσjÞ−vðσ̂ÞÞEθ− i ,σ

XM
j = 1

qj xijðθi,θ− i,σÞ−xijðθ̂,θ− i,σÞ
� �" #

≥ 0, ð11Þ
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and so the quality-weighted matching function Eθ− i ,σ ½qjxijðθi , �Þ� must

be nondecreasing.

Corollary 1 in Milgrom and Segal (2002) provides expressions for

the indirect utility of each participant in any incentive compati-

ble mechanism:

UCðθiÞ=UC θð Þ+
ðθi
θ
v0ðtÞEθ− i ,σ

XM
j = 1

qjxijðt,θ− i,σÞ
" #

dt and ð12Þ

UPðσjÞ=UPð�σÞ+ qj
ð�σ
σj

c0ðtÞEθ,σ− j

XN
i=1

xijðθ,t,σ− jÞ
" #

dt, ð13Þ

where UC θð Þ and UPð�σÞ are the expected utilities evaluated at the

lower and upper private value bounds, respectively. By substituting

the indirect utilities (12) and (13) into the sum of all participants'

expected utilities given in (1) and (2), we obtain an alternative expres-

sion for the expected social welfare defined within the maximization

problem in (21):

XN
i=1

ð�θ
θ
UCðθiÞfðθiÞdθi +

XM
j = 1

ð�σ
σ
UPðσjÞhðσjÞdσj

=
XN
i=1

ð�θ
θ

UC θð Þ+
ðθi
θ
v0ðtÞEθ− i ,σ

XM
j = 1

qjxijðt,θ− i ,σÞ
" #

dt

 !
fðθiÞdθi

+
XM
j = 1

ð�σ
σ

UPð�σÞ+ qj
ð�σ
σj

c0ðtÞEθ,σ− j

XN
i=1

xijðθ,t,σ− jÞ
" #

dt

 !
hðσjÞdσj:

ð14Þ

Expression (14) is the expected social welfare expressed by the

participants' indirect utilities. Therefore, (14) must equal the

expected social welfare obtained by the participants' direct utili-

ties in the maximand of (21). Equating these two expressions,

followed by some basic algebraic manipulations, integration by

parts as well as rearranging and collecting similar terms yield

XN
i=1

UC θð Þ+
XM
j = 1

UPð�σÞ=E
XN
i=1

XM
j = 1

qjðψCðθiÞ−ψPðσjÞÞxijðθ,σÞ
" #

: ð15Þ

Because individual rationality holds, we must have UC θð Þ≥0 and

UPð�σÞ≥0, which gives us expression (7) in Lemma 1.

Suppose now that xij(θ, σ) satisfies (7) and that Eθ− i ,σ ½xijðθi , �Þ� is

nondecreasing and Eθ,σ− j ½xijð�,σjÞ� is nonincreasing. Consider the
following expected payments made by buyer i

Eθ− i ,σ ½tBðθi,θ− i,σÞ�= vðθiÞEθ− i ,σ

XM
j = 1

qjxijðθi ,θ− i ,σÞ
" #

−
Ð θi
θ v

0ðtÞEθ− i ,σ

XM
j = 1

qjxijðt,θ− i,σÞ
" #

dt

ð16Þ

and the expected revenue of seller j

Eθ,σ− j ½tSðθ,σj ,σ− jÞ�= qjcðσjÞEθ,σ− j

XN
i=1

xijðθ,σj,σ− jÞ
" #

+ qj
Ð �σ
σj
c0ðtÞEθ,σ− j

XN
i=1

xijðθ,t,σ− jÞ
" #

dt:

ð17Þ

These expected transfers are obtained by equating the direct and

indirect utilities, as well as setting the worst-off payoffs to

zero; that is, UC θð Þ=UPð�σÞ= 0.
To check incentive compatibility of (16), observe that

UCðθiÞ−UCðθ̂Þ =Eθ− i ,σ vðθiÞ
XM
j = 1

qjðxijðθi ,θ− i ,σÞ
"

−xijðθ̂,θ− i,σÞÞ−ðtBðθi ,θ− i ,σÞ−tBðθ̂,θ− i ,σÞÞ
�

=Eθ− i ,σ vðθiÞ
XM
j = 1

qj

ðθi
θ̂

∂

∂r
xijðr,θ− i ,σÞdr

"

− vðθiÞ
XM
j = 1

qjxijðθi,θ− i,σÞ−vðθ̂Þ
XM
j = 1

qjxijðθ̂,θ− i ,σÞ
 

+
Ð θ̂
θi
v0ðrÞ

XM
j = 1

xijðr,θ− i ,σÞdr
!#

=Eθ− i ,σ

XM
j = 1

qj

ðθi
θ̂
vðθiÞ ∂

∂r
xijðr,θ− i ,σÞdr

"

−
XM
j = 1

qj

ðθi
θ̂
vðrÞ ∂

∂r
xijðr,θ− i,σÞdr

#

=Eθ− i ,σ
Ð θi
θ̂

XM
j = 1

qjðvðθiÞ−vðrÞÞ ∂
∂r
xijðr,θ− i ,σÞdr

" #
≥0:

ð18Þ

The last inequality is a consequence of Eθ− i ,σ ½xijðθi , �Þ� and v(�) being
nondecreasing. Therefore, buyer i would do better reporting θi

instead of θ̂ . The proof of incentive compatibility for sellers is

analogous.

Because we have assumed (7), the sum over all expected utilities

evaluated at the lowest and highest private values, respec-

tively, must be nonnegative. Further, Equations (12) and (13)

imply that UC(θi) is increasing in θi and UP(σj) is decreasing in σj.

Because of these monotonicity properties and because of (7), it

suffices to verify individual rationality for the buyer's lowest

willingness to pay θi = θ and for the seller's highest costs σj = �σ .

This yields UC(θi) ≥ 0 and UP(σj) ≥ 0.

4.2 | Welfare-maximizing matches

From the set of incentive compatible and individually rational

mechanisms characterized in Lemma 1, we now select a direct

mechanism that maximizes the expected social welfare subject to

budget balance. Ex ante budget balance ensures that all expected

transfers made among the participants add up to zero. Hence, the

ex ante budget balance constraint for our matching problem is

defined as

XN
i=1

ð�θ
θ
Eθ− i ,σ ½tBðθi,θ− i,σÞ�fðθiÞdθi

−
XM
j = 1

ð�σ
σ
Eθ,σ− j ½tSðθ,σj,σ− jÞ�hðσjÞdσj =0:

ð19Þ

If constraint (19) is violated, the mechanism must potentially be

subsidized by external funds. Hence, to satisfy budget balance, this

constraint must be integrated into the expected social welfare. The
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expected social welfare is just the sum of all participants' expected

utilities given in (1) and (2):

XN
i=1

ð�θ
θ
UBðθiÞfðθiÞdθi +

XM
j = 1

ð�σ
σ
USðσjÞhðσjÞdσj

=
XN
i=1

ð�θ
θ
Eθ− i ,σ vðθiÞ

XM
j = 1

qjxijðθi ,θ− i ,σÞ−tBðθi,θ− i,σÞ
" #

fðθiÞdθi

+
XM
j = 1

ð�σ
σ
Eθ,σ− j tSðθ,σj,σ− jÞ−qjcðσjÞ

XN
i=1

xijðθ,σj ,σ− jÞ
" #

hðσjÞdσj

=E
XN
i=1

XM
j = 1

qjðvðθiÞ−cðσjÞÞxijðθ,σÞ
" #

:

ð20Þ

The overall objective of the mechanism is the maximization

of (20), subject to incentive compatibility and individual rationality.

Therefore, our optimization problem is given by

max
xij

E
XN
i=1

XM
j = 1

qjðvðθiÞ−cðσjÞÞxijðθ,σÞ
" #

ð21Þ

subject to

E
XN
i=1

XM
j = 1

qjðψBðθiÞ−ψSðσjÞÞxijðθ,σÞ
" #

≥0 ðincentive compatibilityÞ

0 ≤
P
j
xijðθ,σÞ≤1 8i2f1,…,Ng ðfeasibility for buyersÞ

0 ≤
P
i
xijðθ,σÞ≤1 8j2f1,…,Mg ðfeasibility for sellersÞ

xij 2f0,1g ðbinary solutions onlyÞ:
ð22Þ

Mechanism design theory corroborates that ex post efficiency is

unattainable when incentive compatibility and individual rationality

constraints are imposed (Myerson & Satterthwaite, 1983). Therefore,

we derive a second-best mechanism that maximizes the expected

social welfare, subject to incentive compatibility, individual rationality,

and budget balance.

To solve the optimization problem (21), we use the approach

presented by Gresik and Satterthwaite (1989) as well as Myerson and

Satterthwaite (1983). Based on the virtual valuation (5) and virtual

cost (6), we define the following functions. For any α2 [0, 1], let

ψBðθi,αÞ= vðθiÞ−α
1−FðθiÞ
fðθiÞ v0ðθiÞ ð23Þ

and

ψSðσj,αÞ= cðσjÞ+ α
HðσjÞ
hðσjÞ c

0ðσjÞ: ð24Þ

For varying values of α, these functions have the following inter-

pretation. If α=0, the mechanism would yield an ex post efficient out-

come in which buyers and sellers are matched on the basis of their

actual valuation and cost. Such ex post efficient mechanisms, how-

ever, do not exist. On the other hand, if α=1, the mechanism maxi-

mizes the integral in inequality (7), thus maximizing the expected

profits of a monopolist. Consequently, any second-best mechanism

must choose the appropriate α between the boundary values 0 and

1 such that the budget balance constraint (19) is satisfied.

The Lagrangian of the optimization problem (21) is

L =E
XN
i=1

XM
j = 1

qjðvðθiÞ−cðσjÞÞxijðθ,σÞ
" #

+ λE
XN
i=1

XM
j = 1

qjðψBðθiÞ−ψSðσjÞÞxijðθ,σÞ
" #

=E
XN
i=1

XM
j = 1

qjððvðθiÞ+ λψBðθiÞÞ−ðcðσjÞ+ λψSðσjÞÞÞxijðθ,σÞ
" #

= ð1 + λÞE
XN
i=1

XM
j = 1

qj ψB θi,
λ

1+ λ

� �
−ψS σj,

λ

1+ λ

� �� �
xijðθ,σÞ

" #
:

ð25Þ
Any function xij(θ, σ) that fulfills constraint (22) with equality

and maximizes the Lagrangian for some λ ≥ 0 must be a solution to

the optimization problem (21). But the Lagrangian is maximized by

xαij ðθ,σÞ , when α= λ=ð1+ λÞ . Here, xαij ðθ,σÞ is a matching function that

depends on α. By (7), constraint (22) is satisfied with equality ifPN
i=1UB θð Þ+PM

j = 1USð�σÞ=0.
Similar to other mechanism design research, we assume regular-

ity; that is, buyers' virtual valuations ψB(θi) and sellers' virtual costs

ψS(σj) are nondecreasing functions. Then an optimal α∗2 (0, 1) exists

for which the associated second-best mechanism maximizes the

expected social welfare subject to incentive compatibility, individual

rationality, and budget balance (Gresik & Satterthwaite, 1989). Let

GðαÞ=E
XN
i=1

XM
j = 1

qjðψBðθiÞ−ψSðσjÞÞxαij ðθ,σÞ
" #

: ð26Þ

Function G(α) is exactly the equality of constraint (7) in Lemma 1

for xijðθ,σÞ= xαij ðθ,σÞ. Therefore, to obtain
PN

i=1UB θð Þ+PM
j = 1USð�σÞ=0,

we must solve for α in the equation

GðαÞ=0: ð27Þ

The solution to (27) solves the optimization problem (21),

thus yielding the optimal α∗ for which the second-best mechanism is

welfare maximizing. Because finding analytic solutions to (27)

is infeasible given varying market sizes, we apply numerical methods

for solving the optimization problem. The following section presents

the heuristic algorithm used for finding the approximate solutions.

4.3 | Heuristic algorithm

For solving the optimization problem (21), we must calculate α∗ 2 (0, 1)

that solves GðαÞ= 0 . We apply a hill climbing approach (Russell &

Norvig, 2003) combined with a mixed-integer linear problem solver to

find α∗. For identifying the initial set of α1 used by the hill climbing

approach, we build on the results obtained by Gresik and

Satterthwaite (1989). Gresik and Satterthwaite determine the optimal

α∗ 2 (0, 1) for a second-best mechanism with uniformly distributed

values in [0, 1] devoid of quality differentiation. Table 1 presents the

optimal values of α∗ for their mechanism.

In summary, the steps of our algorithm are as follows:
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1. Construct the initial set α1 based on the optimal values of α∗ in

Table 1 rounded up and down to one digit (after the decimal),

respectively. For example, because Market Size 2 yields

α∗ =0:2256 in Table 1, we choose α1 = f0:2,0:3g as initial set for

the hill climbing approach.

2. For each α2 αd, generate the two-sided private information θi and

σj from the respective probability distribution k times.

3. For each generated θi and σj, solve the optimization problem stated

in (21) using a mixed-integer linear problem solver.

4. Calculate the average absolute budget over all k solutions obtained

in the previous step.

5. Choose the α∗d for which the average absolute budget is closest to

zero to satisfy the budget balance constraint in (19).

6. Once α∗d has four decimal places, from all values of α∗d obtained

thus far, return that α∗d for which the average budget is closest to

zero.

7. To further refine the value of α∗d , add one digit to construct the

new set αd + 1.

8. Use the newly constructed set αd + 1 as input and repeat beginning

in Step 1.

Algorithm 1 shows the high-level functionality of the hill climbing

approach to find α∗. The algorithm takes as input an initial set of α1

with only one digit. For each value of α2 αd, the optimization problem

must be solved repeatedly many times, and average values must be

calculated (for loop starting in Line 5). With each repetition, θi and σj

are freshly and independently drawn from the underlying probability

distribution (Line 6). Once the optimal allocations for each value of α2
αd have been found, the algorithm calculates the arithmetic mean of

the overall budget (Line 10). From among all values of αd, the algo-

rithm selects α∗d , for which the average budget is closest to zero

because the budget balance constraint (19) must be fulfilled (Line 12).

Using this α∗d , the algorithm refines the current best value by adding

further digits to α∗d to obtain α∗d+1 (Line 13). In Lines 17–19, a new set

is created by constructing an interval around the current best value of

α∗d . For example, if α∗d =0:1 , the algorithm calculates a bound of 5 �
10−2 = 0:05, thus yielding a new set αd+1 = f0:05,0:075,0:125,0:15g
surrounding the given value of α∗d =0:1. This newly created set of αd + 1

then serves as input for the next round of the algorithm (Line 4). The

previous steps are repeated until α∗d has four digits after the decimal

(Line 14). Then, the algorithm returns from all α∗d previously calculated

that α∗d for which the average budget is closest to zero.

4.4 | Illustrative example

To illustrate the optimization problem for matching buyers and sellers,

we provide a simple example for a market setting in the domain of

electric vehicle charging. Suppose two electric vehicles (buyers) seek

to be matched to two available charging stations (sellers) at the same

time. The Federal Network Agency of Germany reports that about

67% of all charging stations in Berlin offer a power output of 11 kW,

whereas about 24% offer 22 kW (Federal Network Agency

Germany, 2019). Hence, our example assumes that Station 1 offers a

quality of 11, whereas Station 2 offers a quality of 22. That is,

q= ð11,22Þ . Because higher power output implies faster charging

times, higher power output indicates higher quality (and vice versa).

For the sake of simplicity, we assume that both buyers' valuations

vðθiÞ= θi and both sellers' costs cðσjÞ= σj are uniformly distributed on

the interval [0, 1] for this example. In the subsequent evaluation sec-

tion, however, we will draw valuation and cost from real-world proba-

bility distributions.

In the next step, we determine functions ψB(θi, α) and ψP(σj, α) as

defined in (23) and (24), respectively. Because θi and σj are uniformly

TABLE 1 Efficiency of the second-best mechanism under the
uniform distribution without quality differentiation as reported by
Gresik and Satterthwaite (1989, p. 318)

Market size α∗ Welfare(α∗) Welfare(0) Efficiency (%)

2 0.2256 0.3775 0.3999 94.37

3 0.1603 0.6257 0.6429 97.33

4 0.1225 0.8753 0.8889 98.47

6 0.0827 1.3750 1.3846 99.31

8 0.0622 1.8750 1.8823 99.61

10 0.0499 2.3750 2.3810 99.75

12 0.0416 2.8750 2.8800 99.83
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distributed over [0, 1], these functions evaluate to ψBðθi,αÞ= ð1+ αÞθi
and ψPðσj,αÞ= ð1+ αÞσj−α.

Using these definitions, we can now state the Lagrangian (25) for

this specific example. First, we drop the constant (1 + λ). Then, we set

α= λ=ð1+ λÞ to obtain

L =E 11ðð1+ αÞðθ1−σ1Þ+ αÞx11 + 22ðð1+ αÞðθ1−σ2Þ+ αÞx12½
+11ðð1+ αÞðθ2−σ1Þ+ αÞx21 + 22ðð1+ αÞðθ2−σ2Þ+ αÞx22�:

ð28Þ

Because Table 1 reports an optimal α∗ =0:2256 for a mechanism

without quality differentiation, Algorithm 1 starts with an initial set

α1 = f0:2,0:3g. The algorithm then applies a mixed-integer linear prob-

lem solver to find matching function xαij that maximizes Lagrangian (28)

subject to feasibility

1 1 0 0

0 0 1 1

1 0 1 0

0 1 0 1

2
6664

3
7775

x11
x12
x21
x22

2
6664

3
7775≤

1

1

1

1

2
6664
3
7775: ð29Þ

Next, the solutions of the mixed-integer problem xαij are

substituted into constraint (22), which yields function G(α) defined

in (26):

GðαÞ =E 11ð2ðθ1−σ1Þ+1Þxα11 + 22ð2ðθ1−σ2Þ+ 1Þxα12
�
+11ð2ðθ2−σ1Þ+ 1Þxα21 + 22ð2ðθ2−σ2Þ+1Þxα22

�
:

ð30Þ

We use Algorithm 1 to approximate the solutions to GðαÞ=0 .

Once the algorithm calculated G(α) for all α2 αd, we apply cubic inter-

polation to approximate function G. The fact that G is continuous in

our setting is shown in Myerson and Satterthwaite (1983) as well as

Gresik and Satterthwaite (1989). Figure 1 depicts the resulting

approximation of G with its zero at α∗ =0:2413.

Apart from determining the expected social welfare for

α∗ =0:2413, we also calculate the expected social welfare for α=0. As

discussed in Section 4.2, α=0 characterizes the ex post efficient out-

come function that matches buyers and sellers based on their true val-

uations and costs. The ratio between the outcome for α∗ =0:2413 and

the ex post outcome for α=0 provides a measure for the efficiency of

the second-best mechanism. All steps are repeated k =105 times, and

average values are calculated. Table 2 presents the results obtained in

this example.

Our proposed second-best mechanism for this simple market with

two buyers and two sellers achieves an efficiency of 93.26%. The

mechanism distributes the full social surplus among all participants,

leaving a negligible absolute budget of 0.0011 on average. In a similar

market setting, Gresik and Satterthwaite (1989) find an efficiency of

94.37% at the optimal α∗ =0:2256 (seeTable 1). However, their model

does not integrate exogenous quality levels of sellers. Hence, the

presence of quality reduces market efficiency by about 1.1 percentage

points for this simple market.

5 | EXPERIMENTAL EVALUATION

For studying the efficiency achieved by our proposed mechanism, we

conduct a simulation study based on two real-world market settings.

We report on the design and results of the experiments in this

section.

5.1 | Experimental setup

Our simulation study considers two market settings that reflect the

different quality characteristics sellers can have in real markets. First,

F IGURE 1 Approximation of G(α) with its
zero at α∗ =0:2413 [Colour figure can be viewed
at wileyonlinelibrary.com]

TABLE 2 Example: Efficiency of the second-best mechanism
under uniformly distributed variables

α∗
Welfare

(α∗)

Welfare

(0)

Absolute

budget Efficiency

0.2413 6.5128 6.9832 0.0011 93.26%
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we study a market where electric vehicles are matched to charging

stations. Second, we consider matching drivers and riders on a rid-

esharing platform.

In the first market setting, our experiments for matching electric

vehicles to charging stations rely on a data set published by the Fed-

eral Network Agency Germany (2019). This data set contains detailed

information about a total of 424 public charging points for electric

vehicles in Berlin, Germany, brought into service between May

20, 2009, and November 30, 2018. For each charging point, the data

set provides the geographic location, the date of installation, the type

of connector, and the power output in kilowatts (kW). Table 3 depicts

the proportions for each differentiated power output of all 424 charg-

ing points in Berlin.

We assume that each charging station offers exactly one charging

point at a given power output. Because higher power output levels

result in faster charging times for electric vehicles, charging stations

compete with each other based on differentiated power outputs.

Hence, these power output levels correspond to the exogenous qual-

ity levels prescribed in our model.

For modeling the private information of electric vehicle users

(buyers) and charging stations (sellers), we use actual electricity prices

offered at the charging points of different operators in Germany

(Statista, 2018). Table 4 shows these prices by operator. We deter-

mine the associated normal probability distribution using maximum

likelihood estimation. This technique yields a normal distribution with

mean μ=0:3694 and standard deviation σ =0:1214. We assume that

buyers' valuations and sellers' costs are independently drawn from

this distribution. That is, our experiments for the electric vehicle

charging market assume fθi,σjg�Nð0:3694,0:0147Þ for all i, j.
In the second market setting, our experiments for matching

drivers to riders on a ridesharing platform use a unique data set con-

sisting of 307 car rides between two major German cities

(i.e., Stuttgart and Munich) offered on BlaBlaCar from October 28 to

November 3, 2018, and from February 14 to 21, 2019. We obtained

these data manually from BlaBlaCar (2020). These data contain the

price demanded for each ride and the driver reputation in the form of

numerical star ratings. Based on the 307 prices for the rides in our

data set ranging from €8.00 to €44.00, the associated normal probabil-

ity distribution has mean μ=12:26 and standard deviation σ =2:97 .

Hence, for the ridesharing market, we assume that private information

is distributed according to fθi ,σjg�Nð12:26,8:82Þ for all i, j.
In the ridesharing market setting, the exogenous quality levels

correspond to the numerical star ratings that drivers have accumu-

lated from previous riders. On BlaBlaCar, average ratings typically

range between 4.0 and 5.0 stars. Prior research implies that higher

average ratings on digital marketplaces can lead to improved probabil-

ity of sales and higher expected revenue for sellers (Ba &

Pavlou, 2002; Mudambi & Schuff, 2010).

The two market settings considered in our study represent two

different degrees of quality differentiation. On the one hand, quality

levels of different charging stations in the electric vehicle setting

exhibit much stronger quality differentiation than those in the rid-

esharing setting. For instance, whereas a midrange electric vehicle

takes 3 h for recharging to 80% at a station offering 11-kW power

output, the same vehicle only takes 1.5 h at 22 kW. Hence, a change

in quality from 11 to 22 kW results in substantial time savings for

electric vehicle users. On the other hand, the perceived impact of two

consecutive average star ratings (e.g., 4.5 and 4.6) on ridesharing plat-

forms may be difficult to discern in practice. Thus, the ridesharing set-

ting provides an example for markets of weak quality differentiation.

For studying the asymptotic efficiency achieved by the proposed

mechanism, we consider varying market sizes for both the electric

vehicle charging market and the ridesharing market. To compare the

efficiency of these two markets, we assume an equal number of

buyers and sellers for both settings. First, we determine the market

efficiency for N=M=2 , followed by an incremental increase of the

market size up to N=M=12. The reason for choosing these market

sizes is that we restrict attention to matching electric vehicles and

charging stations within bounded catchment areas in a city. Within

sufficiently small areas, it is unlikely that market sizes drastically

exceed 12 participants on each side. Similarly, we can also assume

small market sizes in the ridesharing setting because it is unlikely that

large numbers of drivers and riders simultaneously seek to trade rid-

esharing services for specific routes at particular departure times. On

the other hand, the results of our simulation study presented in the

subsequent sections imply that market sizes greater than 12 have vir-

tually no effect on efficiency whatsoever.

For both market settings, we use two simple linear functions to

model buyers' willingness to pay and sellers' costs. Buyer i's valuation

function is given by vðθiÞ= θi , and seller j's cost function is cðσjÞ= σj .
The associated virtual valuation and cost functions as defined in (23)

TABLE 3 Power outputs of charging points in Berlin (Federal Network Agency Germany, 2019)

Power output (kW) 3.7 11 22 43 50 350

Proportion (%) 7.08 66.75 23.58 0.94 1.18 0.47

TABLE 4 Electricity prices at charging points of different
operators in Germany (Statista, 2018)

Operator Price (cent/kWh)

EnBW 55.4

Public Utility Munich 46.7

Allego New Motion 44.3

EWE 39.9

Innogy 39.0

Public Utility Düsseldorf 38.0

Power Grid Hamburg 29.5

Public Utility Dresden 27.3

Mainova 13.3

WIDMER ET AL. 597



and (24) are ψCðθi ,αÞ= θi−α1−FðθiÞ
fðθiÞ and ψPðσj ,αÞ= σj + αHðσ jÞ

hðσjÞ , respec-

tively. Depending on the market setting, f(�) and h(�) are the probability

density functions of the normal distribution Nð0:3694,0:0147Þ for

electric vehicle charging and Nð12:26,8:82Þ for ridesharing. F(�) and H

(�) are the associated distribution functions.

5.2 | Results

In this section, we report the results of our numerical simulations

based on the exogenous quality levels of charging stations (i.e., power

output) and drivers on the ridesharing platform (i.e., reputation in the

form of numerical star ratings). Table 5 presents the results achieved

by the second-best mechanism for the electric vehicle charging market.

Table 6 depicts the efficiency in the ridesharing market. To compare

efficiencies, Table 7 contains the benchmark efficiency achieved by

the mechanism when no quality differentiation is present. Market size

is defined as the number of participants on each side of the market

(i.e., N=M). Column “α∗” is the value of α2 αd, for which the average

budget is closest to zero. Column “Welfare(α∗) ” depicts the social

welfare achieved by the mechanism when using this α∗. Column

“Welfare(0)” contains the social welfare the associated ex post effi-

cient mechanism would achieve if it were to exist (see Section 4.2).

Column “Absolute budget” depicts the absolute value of the budget

that is left or required because of the numerical approximation

determined by Algorithm 1 for the α∗. The last column presents

the efficiency of the second-best mechanism, which is calculated as

the ratio between Welfare(α∗) and Welfare(0).

For increasing market size, the values of α∗ decrease in all market

settings considered. Because of approximation inaccuracies, the abso-

lute budget varies between 0 and 0.1034. If analytic solutions were

feasible, the budget would exactly equate zero across all settings.

Moreover, the efficiency increases from 93.92% (ridesharing with

N=M= 2 ) to 99.98% (benchmark with N=M=9 ) as the market size

grows. The fact that efficiencies do not consistently increase in

ascending order also results from inaccuracies due to the numerical

approximation.

Comparing the efficiencies obtained in all three settings (electric

vehicle, ridesharing, and benchmark without quality differentiation), it

is apparent that lower degrees of quality differentiation yield higher

efficiencies throughout our study. In contrast, the presence of strong

quality differentiation in the market negatively affects efficiency. This

TABLE 5 Electric vehicle charging: Efficiency of the proposed second-best mechanism

Size α∗ Welfare(α∗) Welfare(0) Absolute budget Efficiency (%)

2 0.2335 1.69 1.78 0.0016 94.96

3 0.2000 3.93 4.07 0.0109 96.48

4 0.1535 5.16 5.29 0.0014 97.53

5 0.1256 7.47 7.59 0.0006 98.37

6 0.1250 7.14 7.23 0.1034 98.82

7 0.0930 9.96 10.05 0.0026 99.08

8 0.0795 10.85 10.91 0.0551 99.46

9 0.0690 12.06 12.11 0.0866 99.55

10 0.0655 13.21 13.26 0.0572 99.66

11 0.0600 15.67 15.72 0.0138 99.66

12 0.0555 16.90 16.91 0.0004 99.91

TABLE 6 Ridesharing: Efficiency of the proposed second-best mechanism

Size α∗ Welfare(α∗) Welfare(0) Absolute budget Efficiency (%)

2 0.2355 17.89 19.05 0.0015 93.92

3 0.1630 30.29 30.97 0.0010 97.81

4 0.1283 40.82 41.41 0.0126 98.56

5 0.1037 52.76 53.17 0.0212 99.23

6 0.0855 64.13 64.51 0.0634 99.41

7 0.0733 76.39 76.84 0.0040 99.41

8 0.0653 87.81 88.39 0.0120 99.34

9 0.0575 97.36 97.65 0.0334 99.70

10 0.0535 111.35 111.70 0.0831 99.69

11 0.0478 122.98 123.25 0.0863 99.78

12 0.0425 133.55 133.71 0.0363 99.88
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observation becomes more evident once we apply nonlinear curve

fitting to the individual data points determined by our algorithm

(cf. Figure 2). Hence, weaker quality differentiation particularly in

small markets entails higher efficiency.

Figure 2 presents the results contained in Tables 5–7 graphically.

It shows the asymptotic efficiency achieved by the second-best mech-

anism for the electric vehicle charging market (black ×) and the rid-

esharing market (blue ∗). The figure also shows the benchmark

efficiency achieved by the mechanism when sellers are not differenti-

ated by quality (red +). Whereas all individual data points are calcu-

lated by Algorithm 1, we use nonlinear curve fitting in the least

squares sense to determine the associated best fits. For the electric

vehicle charging market, the best fit is given by 1− 0:14
N1:36 (black dash-

dot line). For the ridesharing market, the best fit is 1− 0:26
N2:14 (blue

dashed line). Finally, the best fit for the benchmark is 1− 0:31
N2:41 (red dot-

ted line). All these efficiency lines increase toward the asymptote

(green solid line) from below. However, the efficiency for the electric

vehicle charging market is higher than that of the ridesharing market.

The benchmark efficiency yields the highest values.

Apart from market efficiency, we also study the probability of

sales and the expected revenues accruing to sellers in a fixed-sized

market with 12 buyers and 12 sellers. Considering the market size as

12 enables us to study the probability of sales and the expected reve-

nues as a function of varying quality levels. Hence, we assume that

each of the 12 sellers offers a distinct quality level, which is publicly

known. Table 8 shows the results obtained for the electric vehicle

charging market. Here, the first charging station offers a quality of 3.7

kW, the second charging station offers 4.6 kW, and so on. Table 9

shows the respective results for a synthetic ridesharing market, where

the quality levels of drivers range from 3.9 to 5.0 average star ratings.

Figure 3 depicts the contents of Table 8 graphically. The left axis

represents the expected revenues charging stations accrue for provid-

ing electricity at different power outputs. The right axis indicates the

probability of sales depending on the power output. For example, the

charging station offering power output 3.7 kW is likely to sell its ser-

vice with probability 38.62% and expect a revenue of 34.54

cent/kWh. Similarly, Figure 4 depicts the contents of Table 9 for the

ridesharing market setting. Here, a driver with average star rating 3.9

is likely to sell the service with probability 46.43%, expecting a reve-

nue of €12.17.

5.3 | Discussion and conclusion

The Internet has promoted the rise of exchange markets in many

domains. Low entry and exit barriers as well as low transaction costs

encourage sellers to launch businesses with a relatively short gesta-

tion period, thereby stimulating competition (Goel & Hsieh, 2002;

Goldfarb & Tucker, 2019). Reduced search costs, the presence of

quality-differentiated sellers, and remote accessibility attract an

increasing number of buyers. Therefore, Internet-based platforms call

for the design of marketplaces where buyers and sellers are matched

appropriately.

A key challenge in designing such marketplaces is the choice of

adequate market mechanisms. When two-sided private information is

present in the market, the efficiency of such mechanisms is crucial but

not well understood. Because inefficiencies might arise in such

TABLE 7 Benchmark: Efficiency of the proposed second-best mechanism without quality differentiation

Size α∗ Welfare(α∗) Welfare(0) Absolute budget Efficiency (%)

2 0.2333 3.73 3.96 0.0018 94.05

3 0.1545 6.15 6.27 0.0464 98.19

4 0.1248 8.51 8.62 0.0038 98.71

5 0.1000 10.88 10.98 0.0004 99.04

6 0.0830 13.28 13.34 0.0020 99.56

7 0.0730 15.63 15.70 0.0114 99.55

8 0.0628 18.03 18.06 0.0072 99.85

9 0.0544 20.41 20.42 0.0157 99.98

10 0.0500 22.81 22.82 0.0345 99.95

11 0.0453 25.14 25.15 0.0000 99.97

12 0.0416 27.50 27.59 0.0041 99.70

F IGURE 2 Efficiency of the second-best mechanism for three
markets: electric vehicle charging, ridesharing, and benchmark
(no quality) [Colour figure can be viewed at wileyonlinelibrary.com]
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environments, market designers and platform owners should carefully

assess these inefficiencies prior to making managerial decisions.

This research examines the effects of quality differentiation on

the efficiency of service markets with two-sided private information.

For this purpose, we develop a second-best mechanism that accounts

for sellers' differentiated quality levels. We study the efficiency

achieved by our mechanism as well as the probability of sales and the

expected revenue accruing to sellers. For assessing potential ineffi-

ciencies, we conduct a simulation study based on empirical data from

two real-world market settings. These two settings represent both

strong quality differentiation (electric vehicle charging) as well as

weak quality differentiation (ridesharing). Our research provides evi-

dence that even in the presence two-sided private information and

different degrees of quality differentiation on the seller side of the

market, full efficiency can be achieved as the market size increases.

5.3.1 | Contributions to theory

Our research makes three important contributions to the growing

body of literature studying the effects of quality differentiation on the

efficiency of two-sided service markets (Bapna et al., 2005;

Bockstedt & Goh, 2011; Widmer & Leukel, 2016).

The first contribution that we make is a theoretically sound model

of a matching mechanism that allows for exogenous quality informa-

tion from third-party platforms. This model helps to better understand

the reciprocal effects between exogenous quality levels and private

information about valuation and cost of service provisioning. By vali-

dating our proposed mechanism in a simulation study, we demon-

strate its usefulness for designing two-sided service markets. From a

theoretical perspective, our model can be seen as an extension of the

model proposed by Widmer and Leukel (2016). Although Widmer and

Leukel derive a second-best mechanism for studying market efficiency

properties, they do not integrate publicly known quality on the seller

side of the market. Moreover, Widmer and Leukel build their simula-

tion study on artificial data only. In contrast, we integrate exogenous

quality into the model to examine the effects of different degrees of

quality differentiation on the efficiency of the market. We also use

empirical data from two real-world market settings to validate our

mechanism. Unlike Widmer and Leukel, we analyze the correlation

between the probability of sales and the sellers' expected revenues.

We show that quality differentiation affects the efficiency of

two-sided service markets. Although these inefficiencies arise because

of the presence of private information, extending the model by exoge-

nous quality further exacerbates the market's inefficiencies. The rea-

son for these additional inefficiencies might be that buyers have

greater incentives to understate their true valuation whenever they

observe significant differentials between the sellers' quality levels.

Thus, buyers can increase their utility by receiving high-quality ser-

vices at lower prices. This increase in utility, however, negatively

affects the overall efficiency. On the other hand, we also show that

the impact of differentiated quality on market efficiency is at most

1.33 percentage points compared with the benchmark without quality

differentiation in all the market settings considered. Hence, the pro-

posed mechanism absorbs different degrees of quality differentiation

(weak and strong) by significantly mitigating efficiency losses. We also

demonstrate that the probability of sales is nearly proportional to the

sellers' expected revenues. The reason for this proportion is that

buyers prefer high-quality services for which they are willing to pay

higher prices. In contrast, whereas buyers compete for higher quality,

sellers are indifferent about which buyer receives their services as

long as they are matched to any buyer and receive their payments.

Second, we contribute a heuristic algorithm for determining the

approximate welfare-maximizing match outcomes generated by our

second-best mechanism subject to incentive compatibility constraints.

In two-sided markets with varying numbers of buyers and sellers in

cross-market relationships, it is infeasible to derive the analytic solu-

tions to the optimization problem. Hence, our algorithm uses a hill

climbing approach combined with a mixed-integer linear problem

solver to find the associated numerical solutions. The algorithm

TABLE 8 Electric vehicle charging: Probability of sales and
expected revenues in a market with 12 electric vehicle users and 12
charging stations

Power Expected Probability

output (kW) revenue (cent/kWh) of sales (%)

3.7 34.54 38.62

4.6 34.71 39.67

11 35.82 43.49

20 36.67 46.90

22 36.88 47.19

22.1 36.79 47.46

43 39.20 54.71

45 39.35 55.44

50 39.84 57.33

53 40.29 58.45

175 46.43 76.27

350 50.01 83.58

TABLE 9 Ridesharing: Probability of sales and expected revenues
in a market with 12 riders and 12 drivers

Average Expected Probability

star rating revenue (€) of sales (%)

3.9 12.17 46.43

4 12.18 46.65

4.1 12.20 46.83

4.2 12.19 47.25

4.3 12.23 47.64

4.4 12.25 47.99

4.5 12.30 48.98

4.6 12.35 49.06

4.7 12.39 49.77

4.8 12.45 50.62

4.9 12.53 51.86

5 12.62 53.08

600 WIDMER ET AL.



outlines all the steps necessary to assess the efficiency properties of

markets in which sellers offer quality-differentiated services, thus

facilitating the applicability to domains other than electric vehicle

charging and ridesharing.

Third, our simulation study suggests that the mechanism's ineffi-

ciency disappears as the market size increases. This finding is consis-

tent with related research in mechanism design theory, which

corroborates that double auctions achieve full efficiency in large mar-

kets (Cripps & Swinkels, 2006; Reny & Perry, 2006; Rustichini et al.,

1994; Yoon, 2001). Whereas these double auctions assume the pres-

ence of two-sided private information, they do not consider exoge-

nous quality on the seller side of the market. Thus, it is not clear a

priori whether the efficiency properties of double auctions continue

to hold when exogenous seller quality is integrated into the model.

We demonstrate that, although exogenous quality negatively affects

the mechanism's efficiency in small markets, these inefficiencies van-

ish once the market size becomes larger. Because several peer-to-

peer marketplaces have emerged that face the problem of matching

few buyers to few sellers, it is important to understand the effects of

quality differentiation on efficiency in small markets.

5.3.2 | Implications for practice

From a managerial perspective, our findings related to the efficiency

of quality-differentiated service matching have important implications.

First, our results help managers in designing two-sided service mar-

kets that allow for exogenous quality information from peer-to-peer

platformssuch as BlaBlaCar. As such, our proposal supports market

designers to align the incentives of buyers and sellers with the under-

lying information system. The fundamental question in designing

incentive-aligned information systems is whether the participants

make an effort to contribute correct information and whether they

can gain from distorting their true information (Ba, Stallaert, &

Whinston, 2001). For designing two-sided service markets, managers

must provide adequate incentives for buyers and sellers to ensure

participation and liquidity (Tham, Sojli, & Skjeltorp, 2017). Especially in

the presence of private information, our proposal can help managers

to obtain accurate estimates about the participants' strategies to dis-

tort their true information. Whereas prior research has offered various

measures for quantifying market efficiency (Belloni, Lopomo, &

Wang, 2016; Bichler, Shabalin, & Ziegler, 2013; Candogan &

Pekeč, 2018), our study advances these estimates by internalizing dif-

ferent degrees of quality differentiation on two-sided service markets.

Designing such markets without considering seller quality differentia-

tion bears the risk of neglecting the emerging network effects on mar-

ket efficiency and social welfare.

The rise of two-sided marketplaces in the sharing economy

requires market designers to carefully evaluate how direct and indi-

rect network effects might influence the strategic behavior of partici-

pants (Etzion & Pang, 2014) and the overall social welfare (Benjaafar,

F IGURE 4 Ridesharing: Expected
revenues and probability of sales for
sellers in a market with 12 sellers and
12 buyers [Colour figure can be viewed
at wileyonlinelibrary.com]

F IGURE 3 Electric vehicle charging:
Expected revenues and probability of
sales for sellers in a market with 12 sellers
and 12 buyers [Colour figure can be
viewed at wileyonlinelibrary.com]
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Kong, Li, & Courcoubetis, 2018; Jiang & Tian, 2016). For instance,

national government agencies have recently promoted financial incen-

tives for electric vehicle adoption and charging infrastructure develop-

ment in a wide range of government policies (Sierzchula, Bakker,

Maat, & Van Wee, 2014). Federal policy makers for electric vehicle

promotion face the problem of designing optimal policies that incor-

porate indirect network effects due to the interdependence between

electric vehicle adoption and charging station investment (Li, Tong,

Xing, & Zhou, 2017). Our research can support these policy makers in

assessing cross-market effects of quality-differentiated charging sta-

tions on the sharing economy.

When strong quality differentiation is present on the seller side,

market designers should be cognizant of the fact that more partici-

pants might be necessary to compensate for the emerging efficiency

losses. In such market settings, the short-term and long-term conse-

quences of quality-differentiated service provisioning should be care-

fully weighed. Our study sheds light on the magnitude of the potential

inefficiencies that arise when participants have private information

and sellers offer quality-differentiated services in different market

settings. Moreover, sellers can use our analysis to evaluate their

performance in the market. Especially in vertical service markets,

it is important to characterize pricing strategies and policy

implications emerging from different selling formats (Zhang, Joseph, &

Subramaniam,2014). Because the probability of sales is nearly propor-

tional to the expected revenues in our study, sellers can estimate their

return on investment as a function of service quality. Improving qual-

ity might improve sellers' capabilities to attract more buyers and real-

ize higher payoffs.

5.4 | Limitations

The results of our research should be interpreted in light of its limita-

tions.Although our simulation study is based on empirical data provid-

ing actual prices and quality levels in real market settings for electric

vehicle charging and ridesharing, we have assumed that two-sided pri-

vate information about valuation and cost is normally distributed. The

choice of normally distributed variables is commonly applied in

related research for providing benchmark results in different market

settings (Egri & Váncza, 2013; Overby & Forman, 2014; Prasad &

Rao, 2014). However, these distributions might not necessarily

reflect real-world valuation and cost structures on two-sided markets

such as peer-to-peer platforms. On the other hand, because our

analysis concerns studying ex ante efficiency, our theoretical model

does not provide full details on possible implementation formats

for quality-differentiated markets such as Vickrey mechanisms

(Widmer & Leukel, 2018) or position auctions (Johnson, 2013).

5.5 | Future research

Based on our findings, future research can be pursued in at least two

directions. First, our simulation study could be extended by including

more realistic valuation and cost structures of buyers and sellers. A

possible extension could focus on environments that do not

depend on publicly known probability distributions (Loertscher &

Marx, 2019). For assessing the emerging network effects under con-

sideration of quality differentiation, more quantitative studies are

needed that integrate the interdependence of two-sided private

information and exogenous quality levels. Second, our theoretical

model could be advanced by studying real-world matching rules and

pricing schemes. Addressing such indirect implementation issues

would yield additional insights in understanding the strategic bidding

behavior of quality-differentiated sellers in the presence of two-sided

private information.
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