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Abstract

This dissertation consists of three papers related to the economics of online plat-

forms: one on e-commerce shipping, one on sports event attendance, and another on

online concert ticket platforms.

In the first chapter, we estimate online customer preferences on product price and

promised delivery time using a transactional level data set from JD.com. We find that

promised delivery time has a significant impact on customers’ purchasing decisions. In

addition, we find that, on average, female shoppers are more price-sensitive while male

customers are more delivery time-sensitive. The gender difference in the delivery time

preference continues to exist even after controlling for shoppers’ purchasing power and

shopping behavior. The average willingness-to-pay (WTP) for one-day-faster shipping

is less than 7 Yuan for female customers but close to 11 Yuan for male customers.

In the second chapter, we apply a regression discontinuity design to estimate

the local average treatment effect of a win on the attendance of subsequent games

in professional basketball. Using National Basketball Association data from seasons

1980-81 to 2017-18, we find that home team fan bases react to recent outcomes,

with an increase in attendance of approximately 425 attendants (2.69% of average

attendance in close games) following a close win relative to a close loss. The increment

is one-eighth of a recent estimate of the superstar effect. We do not find an attendance

effect when the visiting team has a recent victory, which rules out externalities. The

positive fan base response to narrow home wins relative to narrow losses suggests that

recent luck is rewarded in sporting attendance. We discuss possible mechanisms and
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document a gradual decline in the attendance response that coincides with the rise

of alternative means for viewing games and secondary markets for tickets.

In the last chapter, we look into the online platform for concert ticket markets.

Ticketmaster began listing both primary event tickets and secondary tickets on its

marketplace in 2013. Ticketmaster charges a preset service fee for the primary market

and a fixed percentage of resale prices for both sellers and buyers. This paper develops

a theoretical model to demonstrate how this pricing structure functions as a two-

part tariff on ticket scalpers and improves revenue for the platform. Both platform

and consumers benefit from an active resale market in some cases, even though the

equilibrium may not be socially optimal.

Index words: Online Platform, E-commerce, Delivery. Speed, Sports
Economics, Attendance, Event Ticketing, Ticket Resale
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Chapter 1

Faster Shipping or Lower Prices? Gender Difference in Online

Shopping

1.1 Introduction

Online shopping is changing the way people buy goods in today’s economy. According

to a recent eMarketer projection (Cramer-Flood, 2020), 88.3% of Internet users in

China shop online in 2020, and online sales account for 41.2% of all retail sales.

In the U.S., the figures are 82.4% and 14.5%, respectively. Meanwhile, logistics has

become the key to the success of online retailers, as delivery speed is now one of

the key purchasing factors for online shoppers. According to a January 2019 survey,

the largest share of U.S. online shoppers (62%) said that fast shipping makes for

a positive retail experience—more so than an easy return policy, friendly customer

service representatives, or buy-online-pick-up-in-store options (Koch, 2019). A recent

study by R. Cui, Sun, Lu, and Golden (2020) further shows that a one-day-faster

promised delivery speed increases sales by 0.73% and profits by 2.0% of a retailer

that sells customized photo products.

The shipping war in the e-commerce world seems to have just begun. Online

retailers like Amazon or JD.com have invested heavily in their logistics network

This chapter is co-authored with Shiliang Cui.
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in recent years to ensure that they provide customers with the best product ship-

ping experience and maintain their market competitiveness. In the U.S., Walmart

and Target, Amazon’s biggest rivals, are committed to providing future customers

with free one-day or even same-day delivery, and both Walmart and Target have the

inherent advantage of thousands of pick-up locations in their store networks (Stam-

pler, 2019). In China, Alibaba and JD.com are pushing logistics to the next level.

Cainiao, the logistics company for Alibaba, announced a five-fold increase in chartered

export flights from 260 to 1,260, aiming to reduce its cross-border shipment delivery

times from 7-10 days to a mere 3-5 days, a step towards its ultimate goal of delivering

packages anywhere in China within 24 hours and throughout the world within 72

hours. JD Logistics, the logistics arm of JD.com, has pioneered a 5G-powered smart

logistics park in Beijing, a fully automated warehouse in Shanghai, and autonomous

delivery vehicles, pulling ahead in implementing smart supply chains (Cooke, 2020)

and set to raise $3.2 billion in an IPO to continue its heavy investment in technology

(Lee & Bray, 2021).

Logistic power not only distinguishes a firm from its competitors but also has the

potential to improve the firm’s profitability in the cut-throat e-commerce market—

the firm can strategically allocate its logistic capabilities to customers based on their

preferences to influence their purchasing decisions. In this paper, we first study to

what extent customers value fast product delivery while shopping online. Then, we

analyze what role customer heterogeneity plays in how they value product delivery

speed. Using transaction-level data from JD.com, we estimate customers’ price and

delivery time preferences towards a set of 24 most popular Stock-Keeping-Units (SKU)

choices under one product category. We find that the promised delivery time, just like

product price, significantly impacts customers’ purchase choices, even though most

packages from our data set were delivered within two days. Furthermore, we document
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a gender difference—while female customers are more price-sensitive, male consumers

are more delivery time-sensitive. The gender difference in delivery time sensitivity

continues to exist even after controlling for shoppers’ purchase power and shopping

behavior. Overall, these findings indicate that there could be missed opportunities for

online retailers who should consider offering shipping (speed) upgrades to one group

of targeted customers and coupons to another, based on customers’ genders.

1.2 Background

JD.com is a Chinese conglomerate that began as an e-commerce marketplace in

2004 under the domain jdlaser.com, following the founder and current CEO, Richard

Qiangdong Liu’s "need-driven" concept. Richard had a tiny store in Shanghai, and

the SARS pandemic caused him to consider alternative business models. JD.com is

now a multi-business group with a significant concentration on e-commerce and logis-

tics (Worner, 2021). A recent e-commerce revenue analytic report from ecommerceDB

indicates that 98.8% of JD’s revenue are from domestic Chinese market in 2020. The

top five product categories are electronic and media (29%), furniture and appliances

(22%), food and personal care (20%), fashion (15%), toys, hobby and diy (14%). 1

According to the official description of the company,2

JD.com sets the standard for online shopping through its commitment to

quality, authenticity, and its vast product offering covering everything from

fresh food and apparel to electronics and cosmetics. Its unrivaled nation-

wide fulfillment network provides standard same- and next-day delivery

covering a population of more than 1 billion—a level of service and speed

that is unmatched globally.
1Link: https://ecommercedb.com/en/store/jd.com
2Link: https://corporate.jd.com/aboutUs
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Is JD.com a wholesaler or a retailer? Retail involves the sale of goods or services

directly to the end-user. Retail sales can involve a variety of products and can occur

through numerous distribution channels. Wholesalers are those who sell products to

businesses or other outlets who are not the end-user. In the e-commerce language,

B2B and B2C are two relevant terms when discussing wholesalers and retailers. B2B

stands for "business to business" and B2C stands for “business to consumer." B2C

transactions are carried out by retailers. They buy a product from another company,

a wholesaler, and resell it to customers. B2B sales are done via wholesalers. They

buy items from manufacturers (or make them themselves) and sell them to other

businesses (Scott, 2019). JD.com is China’s largest retailer with a net revenue of

US$67.2 billion in 2018 and over 320 million annual active customers (Shen, Tang,

Wu, Yuan, & Zhou, 2020). In 2020, JD’s revenue rises to $114.3 billion and number

of annual active customers grow to over 417 million (McMorrow, 2020).

Chinese customers can purchase the best products from either JD.com’s B2C

online marketplace itself (also known as first-party sellers) or from other third party

vendors. The retail arm of the company generates the majority of its revenue by selling

proprietary goods: in 2019, net sales totaled $79 billion, with $10.24 billion coming

from marketplace and logistical services to third party merchants (Worner, 2021).

However, JD.com did act like a superstar wholesaler when it comes to inventory man-

agement and logistic network. Ganapati (2018) documents that largest 1% wholesalers

in the US increased the number of imported varieties by 56% and domestic distribu-

tion warehouses by 70%. With years of effort in developing its nationwide warehouses

and distribution centers, JD.com is well-known for its fast delivery speed and sophis-

ticated logistic network across China (Shen et al., 2020). Richard Liu, Chairman and
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CEO of JD.com, shared his vision for the importance of logistics to his e-commence

business in a recent talk at the University of Oxford’s Said Business School:3

The two key elements of retail are user experiences at front-end and cost

efficiency at back-end. I believe e-commerce dominates traditional retail on

both ends. In 2003, I found that our online stores cost 50% less than our

offline pipeline stores... In 2007, I decided to build my own logistic plat-

form because I found that 72% of online shopper complaints were related

to delivery issues... Today, 90% of our packages are delivered within 24

hours and 57% of packages are delivered within 6 hours including both

urban and rural areas.

Richard Liu’s emphasis on logistics not only generated a huge return for his com-

pany but also changed the entire ecosystem of e-commerce in China. Early in the

2000s, JD.com’s main competitor, Alibaba, charged listing fees and commissions for

third-party sellers, used third-party logistics services to fulfill orders and did not

take on any inventories. In contrast, JD.com directly takes on inventories, oper-

ates warehouses, and fulfills orders with its own logistics network, for the “first-party

owned” (1P) products. As a result, JD.com generated higher revenue than Alibaba

but operated at much lower margins. Jack Ma, Alibaba’s founder, once claimed that

JD.com’s low-margin approach would “end in tragedy," while Richard Liu declared

that Alibaba’s dependence on third-party (3P) sellers exposed its shoppers to coun-

terfeit goods. To be exact, there are third-party sellers on JD.com’s platform too

(JD.com’s business model is similar to Amazon’s). The 3P merchants set their prices

and can choose whether to use JD.com’s logistic network or third-party carriers.

JD.com collects commission fees from these third-party sellers by allowing them to
3Link to Richard Liu’s talk (Chinese content): https://www.bilibili.com/video/

BV1yE411L7Pt
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sell and advertise their products on JD.com. Interestingly, in recent years Alibaba

is becoming more and more like JD.com as it also started to deliver packages with

its own logistic company, Cainiao, a move that suggests its changed attitude towards

JD.com’s strategy (Sun, 2019).

1.3 Related Literature

Our paper falls in the growing literature on online platform design and e-commerce

(see, e.g., Brynjolfsson, Hu, & Smith, 2003; Cavallo, 2017; Dolfen et al., 2019; Eisen-

mann, Parker, & Van Alstyne, 2011; Ganapati, 2018; Parker & Van Alstyne, 2018;

Quan & Williams, 2018; Van Alstyne, Parker, & Choudary, 2016). Our focus of the

paper is on customers’ preferences for product price and delivery time while they shop

online. The importance of service quality in traditional service and retail industries

is well documented in the literature. It has been the subject of both theoretical (see,

e.g., Cohen & Whang, 1997; Gans, 2002; Ho & Zheng, 2004; Karmarkar & Pitbladdo,

1997; Lederer & Li, 1997; Li, 1992; Nerlove & Arrow, 1962; Tsay & Agrawal, 2000) and

empirical research (see, e.g., Allon, Federgruen, & Pierson, 2011; Buell, Campbell, &

Frei, 2016; Guajardo & Cohen, 2018; Guajardo, Cohen, & Netessine, 2016). In partic-

ular, Allon et al. (2011) estimated customers’ price and waiting time preferences for

fast-food drive-thru restaurants using the BLP structural framework (Berry, Levin-

sohn, & Pakes, 1995). The authors showed that fast-food chains can increase their

market shares substantially by moderately reducing the waiting time. Lu, Musalem,

Olivares, and Schilkrut (2013) demonstrated that supermarket shoppers’ waiting time

sensitivity is heterogeneous and negatively correlated with price sensitivity. Guajardo

et al. (2016) studied the impact of warranty length and after-sales service quality on

customer demand in the U.S. automotive industry. The authors found that the effect
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on shopper utility of a 1% price decrease is equivalent to an increase of product quality

by 2.2%, all else being equal. Guajardo and Cohen (2018) found that female customers

prefer better a service experience while male customers prefer higher product quality

from HDTV survey data. Lim, Gao, and Tan (2020) showed that a showroom channel

diminishes customers’ demand sensitivity to lead time in an omnichannel furniture

retailer.

Ganapati (2018) documented that the distribution of commodities by wholesalers

in the United States has increased considerably, expanding their local supplies and

obtaining more international goods by those largest wholesalers. Combining both

demand and supply data, Ganapati (2018) builds structural model to explain why

competition is dwindling and the implications for $6 trillion in downstream purchases.

Globalization and distribution networks are a wedge that may allow for (a) more

market power and (b) broader advantages. Benefits outweigh changes in market power

in the context of wholesaling in the US market. This paper also leads to an interesting

question: should a manufacturing firm expand domestic distribution networks, or

outsource to a wholesaler? In the context of e-commerce, we have witnessed the fast

logistic network development by JD.com and Amazon. Our demand estimation also

provides evidence that online shoppers do value shipping speed to a large extend.

More closely related to our work is the stream of literature on the value of delivery

time. Ho and Zheng (2004) modeled how service firms compete in delivery-time com-

mitment and delivery quality to maximize their market share. The authors proved

the existence of Nash equilibria in a duopolistic competition, and showed that said

delivery-time commitment game is analogous to a Prisoners’ Dilemma. In addition to

R. Cui, Sun, et al. (2020), which was already mentioned in the Introduction section,

a couple of other empirical papers documented the benefit of quick and high-quality

delivery to online retail platforms, using (quasi-) experimental design. Fisher, Gallino,
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and Xu (2019) found that on average online store sales increase by 1.45% when

delivery time decreases by one business day. The authors also documented a positive

spillover effect on the retailer’s offline stores. R. Cui, Li, and Li (2020) found that

during a 42-hour clash between SF express and Alibaba in 2017, sales on Alibaba’s

platform dropped by 14.56% due to the reduced accessibility of fast delivery alterna-

tives. Sales were restored to the original level after high-quality delivery option was

resumed by SF express. Nevertheless, all of the above papers adopted a difference-in-

difference approach based on aggregate sales data, while to the best of our knowledge

we are the first paper that estimates customers’ WTP for delivery speed using trans-

actional data at an individual level. Finally, our work is related to papers that utilize

discrete choice models to estimate WTP for certain product attributes in the Eco-

nomics literature (see, e.g., McFadden, 1973; McFadden & Train, 2000; Train, 2009)

and travel time in the Transportation literature (see, e.g., Athey, Blei, Donnelly, Ruiz,

& Schmidt, 2018; Daziano, Sarrias, & Leard, 2017; León & Miguel, 2017; Wan et al.,

2017).

1.4 Data

1.4.1 Data Source and Data Cleaning

We acquired the transactional data from the 2020 Manufacturing and Service Opera-

tions (MSOM) data-driven research challenge.4 The transactional data sets provided

by JD.com capture a “full customer experience cycle” that begins when a customer

browses through products available on the platform before placing her order and

ends at the moment when the customer receives products at her designated shipping

4See Shen et al. (2020) for the detailed data description. To ensure confidentiality, certain
key identification information such as user ID and Stock Keeping Unit (SKU) ID is fully
anonymized in the data set.
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address (Shen et al., 2020). The data sets provide information on 454,897 customers

making at least one purchase in one specific product category during March in 2018.5

In the database, each SKU can be identified either as “first-party owned” by

JD.com (1P) or “third-party owned” (3P), depending on the ownership of the inven-

tory of that SKU. For 1P SKUs, JD.com is acting like a wholesaler. In particular, all

1P SKUs are managed by JD.com, including product assortments, inventory replen-

ishments, product pricing, order deliveries, and after-sales customer services. By con-

trast, the 3P SKUs are managed by third-party merchants on the JD.com market-

place. Due to different ownerships, sellers of 1P and 3P SKUs compete on the JD.com

platform for sales through different pricing strategies and marketing activities. By

owning the 1P products, JD.com can fully control the entire customer experience to

provide guaranteed quality, fast delivery, and good customer service. 1P SKUs com-

prise most top sellers within the category. For a 3P SKU, the corresponding merchant

can decide whether to use the logistics services provided by JD Logistics or use other

logistics service providers. 3P SKUs are managed by third-party merchants who can

decide whether to use the logistics services provided by JD logistics or use other logis-

tics service providers. Those third-party merchants also set products prices and pays

JD.com listing fees. 1P SKUs comprise most top sellers within the category.

Out of the total 9,159 SKUs involved in sales activities in March 2018, 328 were 1P

SKUs and the rest were 3P SKUs. The data sets provided by JD.com include orders,

SKU, delivery, user, and clicks data. We generate the product ID variable from the

SKU table and collect individual variables from the user data table. In addition, we

transform the order data into long format that is suitable for discrete choice modeling.

More detailed discussion about sample selection and determination of the choice set

5Note that the data provided by JD.com represents only a small sample of users and
SKUs. Therefore, the database does not necessarily fully capture the business performance
or business trends of JD.com.
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will be provided in §1.4.4. The user data provides demographic information for JD.com

consumers, such as user’s gender, age, marital status, JD.com PLUS membership

status,6 and total purchase value in the past (JD.com uses a sophisticated data-driven

artificial intelligence system to estimate user demographics). In addition, the city level

variable, which takes on discrete values between 1 and 5, provides city information of

the users (based on their most frequently used shipping address). Level 1 includes the

five largest cities in China such as Beijing and Shanghai; level 2 cities correspond to

provincial capitals; level 3 to 5 cities are smaller cities. The SKU data, on the other

hand, includes brand ID, seller type (1P or 3P) and product attribute information

for each SKU. Each SKU has two product attributes: the first attribute takes on a

discrete value between 1 and 4, and the second attribute takes on a discrete value

between 30 and 100. For each attribute, a higher value indicates better performance

of certain functionality. It is important to note that according to the description in

Shen et al. (2020), SKUs are seller-specific. That is, the same product sold by different

sellers will have different SKUs.

Finally, the order data contains all purchases made within this particular product

category in March 2018 on the JD.com platform. The key variables we use for our

empirical analysis include order time, original unit price, final unit price, and promise

(which is the promised delivery time of the order). When promise equals 1, it corre-

sponds to the standard same- or next-day delivery promise: Orders placed before 11

am will be delivered on the same day, and orders placed before 11 pm will be deliv-

ered before 3 pm on the following day. When promise equals x (x > 1), it indicates

that delivery of the order will arrive on the day t + x, where t is the day the order

6JD.com’s PLUS membership is a subscription-based program that provides its mem-
bers certain benefits that range from free shipping to member-specific price discounts. For
details about JD.com’s PLUS membership, see https://plus.jd.com/index.html (Chinese
content).
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is placed. We note that the promise information is not available for a small fraction

of 1P-seller orders and for most of the 3P-seller orders. We use actual delivery time

information in the delivery table to impute missing values of the promised delivery

days. The original unit price records the original list price of each SKU and the final

unit price shows the actual price paid by the customer. The original list price of an

SKU at any given time instant is the same for all customers, but the final price can

vary among customers owing to various discounts/coupons or promotions.

1.4.2 Shipping Cost

Figure A.3 in the paper Appendix illustrates the box plot of the original unit price

of each product under different promised shipping times. The price stays constant

for most of the product IDs (except the ones that were consolidated from multiple

SKUs). Table A.3 in the paper Appendix shows that the final unit price also does not

depend on the promised delivery time. As such, we can conclude that the unit prices

in the provided data set do not contain shipping costs. We impute and add back the

shipping cost to each order based on JD.com’s shipping policy.7 For non-fresh and

non-book product orders, the shipping cost is waived if the order total is greater than

99 Yuan, and 6 Yuan if the order total is less than 99 Yuan (non-PLUS members need

to pay 2 Yuan more if the order total is less than 49 Yuan).

Unlike Amazon and some other online retailers where customers can choose from

several shipping options that vary in delivery speed and cost, JD.com only offers

one delivery option to customers for any given product and shipping location. The

promised delivery time information is displayed on the product main page. Hence, we

do not model the product choice and shipping speed choice in a two-step sequence.

Instead, we treat the promised delivery time variable as one given product feature for

7See https://help.jd.com/user/issue/109-188.html (Chinese content)
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our discrete choice model. We also note that JD.com has invested a huge amount of

money in building its own logistic network across China over the past decade. As a

result, more than 80% of the orders in the dataset were delivered within one or two

days. Even so, the variation of the promised delivery times, together with the variation

of prices, across different markets (destination city, order time) enable us to identify

customer preferences and heterogeneity in regards to price and promised delivery

time. Figure A.4 and figure A.5 in the paper Appendix visualize these variations in

grouped boxplots by each product ID.

1.4.3 Imputation of Missing Promised Delivery Time

Figure A.1 in the paper Appendix counts the total number of orders according to

different promised delivery time values (in days) where zero indicates orders that have

missing values. While only 0.6% of the 1P-seller orders miss the promised delivery

time information, 70.6% of 3P-seller orders do not have the same information. This is

understandable because if 3P merchants decided not to use JD.com’s logistics service

to ship a product, JD.com might not be able to retrieve the information. For the same

reason, only 30% of 3P-seller orders recorded the actual delivery information in the

delivery table, as opposed to 89% for 1P-seller orders. We impute these missing values

using the actual delivery time from the delivery table. The imputed promised delivery

time value was a weighted average of actual delivery time of the same product (ID)

purchased during the same week and shipped to the same region. We were able to

recover 19,329 delivery time values for 3P-seller orders (17% of all missing entries)

and 293 entries for 1P-seller orders.
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1.4.4 Sample Selection

The order data contains 549,989 orders made by 454,897 unique users.8 We exclude

the following orders from the sample for our demand analysis: orders with free gift

items (94,606), orders with repeated purchases of the same SKUs (71,892), and orders

that contain bundle sales of multiple SKUs (18,088). In other words, we only consider

orders with a single item purchased to qualify for the discrete choice model framework.

After dropping the lowest and highest 0.5% of orders regarding the original list price,

we are left with 357,715 orders (192,645 of which are 1P-seller orders). Among these,

we first notice that 118,766 orders have missing promised delivery time values, mostly

for 3P-seller orders (116,574). We impute the missing values based on actual delivery

time which will be discussed in §1.4.3. Second, including all SKUs in the consumer

choice set will be empirically infeasible. For example, 2,785 SKUs were only purchased

once during March 2018. Instead, we focus on SKUs that have more than 1,500 orders

during the month. This includes 38 SKUs and 117,672 total orders.

1.4.5 Descriptive Statistics

We summarize the key variables that will be used in our empirical models in Table

1.2 (Table 1.1 has already summarized these variables by product ID). Price is the

final unit price from the order data, and its average is 105.64 Yuan, approximately

$15.5. The promise variable is the promised delivery time, measured in days. The

minimum is 1 day and the maximum is 7 days, with an average of 1.5 days. Attribute

1, Attribute 2, and City level were discussed earlier. Seller type is a dummy variable,

1 for first-party merchant and 0 for third party merchant. Most orders in our sample

8All orders recorded in the data set were involved in at least one type of discount activity.
Sales for 1P SKUs were high during the first week of March, mainly due to promotional
discounts on JD.com’s platform.
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Table 1.1: Summary statistics by product ID

Product ID promise time final price brand ID seller type attribute1 attribute2
0 1.34 82.21 9 1 3 100
1 1.27 204.93 10 1 3 100
2 1.30 127.18 10 1 4 100
3 1.34 41.82 11 1 2 50
4 1.33 45.30 11 1 3 60
5 1.31 94.19 11 1 3 70
6 1.35 63.35 11 1 4 100
7 1.37 167.24 12 1 3 100
8 1.44 38.97 13 1 3 80
9 2.05 97.30 1 0 3 100
10 1.34 92.82 2 1 3 100
11 1.41 109.75 3 1 2 30
12 1.45 69.33 3 1 2 60
13 1.49 94.38 3 1 3 100
14 1.41 96.06 4 1 4 100
15 1.36 66.21 5 1 3 100
16 1.50 59.45 6 1 2 70
17 1.98 57.20 6 0 2 70
18 3.02 57.20 7 0 3 100
19 1.50 48.18 8 1 2 80
20 3.84 54.86 8 0 2 80
21 1.52 67.90 8 1 3 90
22 3.90 68.62 8 0 3 90
23 3.65 52.42 0 1 4 100

Note. Seller type equals 1 for 1P sellers and 0 for 3P sellers.
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(a)

(b)

Figure 1.1: Original and final unit price by product ID
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are delivered within two days (See Appendix A.1 for number of orders by promised

delivery days). Finally, purchase power is provided in the dataset by JD.com, ranging

from 1 to 5 with 1 (resp., 5) corresponding to the highest (lowest) purchase power.

Table A.1 in the paper Appendix shows the correlation matrix of these variables.

Table 1.3 summarizes the order price, discount level, and promised delivery time by

Table 1.2: Descriptive statistics

Count Mean Std Min Median Max
Price (Yuan) 72359 105.64 63.46 30.0 77.1 224.4
Promise (days) 72359 1.51 0.71 1.0 1.3 7.0
Attribute 1 72359 2.92 0.52 2.0 3.0 4.0
Attribute 2 72359 86.07 19.95 30.0 100.0 100.0
Seller type 72359 0.93 0.26 0.0 1.0 1.0
City level 72359 2.11 1.04 1.0 2.0 5.0
Purchase power 72359 2.27 0.53 1.0 2.0 4.0

gender. The average final unit price per order was 108.9 Yuan for male customers

and 104.3 Yuan for female customers. Purchase power for male customers was on

average higher than that for female customers (smaller value means higher), and male

customers are more likely to have PLUS membership compared to female customers

(39% vs. 21%). Finally, the average promised delivery time for orders placed by male

and female customers were 1.43 days and 1.55 days, respectively. Furthermore, Figure

1.2 shows the percentage of orders associated with different promised delivery times

by gender. The percentage of male customers placing orders with one-day or two-day

shipping was 1-2% higher than that of female customers. The differences here were

small again because most products in big cities were promised a delivery time within

two days.
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Table 1.3: Summary statistics by gender

Gender Male Female
Mean Std. Mean Std.

Price 108.87 67.35 104.27 65.07
Discount level 24.05 14.93 25.14 15.31
Promise 1.43 0.75 1.55 0.83
Purchase power 2.16 0.48 2.32 0.54
PLUS membership 0.39 0.49 0.21 0.41
Orders count 21562 50797

Figure 1.2: Percentage of orders within gender by promised delivery days
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1.4.6 Evidence for Gender Difference from the Full Sample

The user data covers 457,298 distinct users and 402,944 of them were involved with

at least one purchase of a SKU listed in the full sample data. 73.5% of the users are

female and 26.5% are male. In contrast, 35% of the male customers are JD.com PLUS

members whereas only 18% of the female customers are. In addition, male consumers

tend to have a higher income as the average estimated purchase power is 2.19 for male

consumers and 2.35 for female consumers. The purchase power variable is estimated

using JD.com data-driven algorithms as a measure of individual wealth based on past

purchasing activities. It ranges from 1 to 5 with 1 representing the wealthiest group.

Table 1.4: Summary statistics by gender and membership

Sample gender price discount promise delivery order count SKU count
Plus member F 87.12 29.67 1.70 1.69 105726 161
Plus member M 89.14 26.98 1.65 1.62 31174 161
Non-member F 95.51 33.78 1.63 1.66 29504 161
Non-member M 91.37 32.88 1.59 1.60 21478 161
Full sample F 88.95 30.57 1.69 1.69 135230 161
Full sample M 90.05 29.38 1.62 1.61 52652 161

Table 1.4 summarizes the full-sample order data by gender and membership. SKUs

with less than 200 total orders in March 2018 are excluded. Orders with missing values

of gender, city level, and purchase power are also excluded. The price variable is the

final unit price and discount level variable is the discount percentage calculated as 1

minus the ratio of the final unit price over the original unit price. Promise represents

the average promised delivery days and delivery days is the average actual delivery

days. The order count variable counts the total number of orders made by each

group and the SKU count variable counts the total number of unique SKUs. We

observe a small but statistically significant gender gap in discount percentage and

promised delivery time with the full sample. On average, female customers’ orders
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are associated with one percent lower in average price and four percent longer in

average delivery time. Based on this observation, we speculate that female customers

are more price-sensitive while male customers are more time-sensitive.

Table 1.5: Summary statistics by gender and purchase power

PP gender price discount promise delivery order count SKU count
1 F 95.52 30.94 1.79 1.77 1864 154
1 M 102.39 28.12 1.65 1.63 1599 141
2 F 93.23 30.71 1.66 1.67 92061 161
2 M 91.60 29.86 1.60 1.60 41490 161
3 F 78.81 30.69 1.73 1.72 38188 161
3 M 79.94 28.40 1.70 1.67 9009 161
4 F 77.93 28.56 1.86 1.82 3294 160
4 M 85.58 25.22 1.75 1.70 663 119
5 F 74.13 27.46 1.74 1.63 43 26
5 M 78.15 41.99 1.57 1.64 14 10

Table 1.5 summarizes the full-sample order data by gender and purchase power

group. Within each purchase power group, orders purchased by female customers have

both longer promised delivery days and actual delivery days on average. However, we

do not observe a gender difference in terms of average price and average discount

level within the same city level and purchase power group. We will formalize and

state our hypotheses and estimate the parameters in a discrete choice model setting

in the upcoming sections.9

9Users with a purchase power value of 5 excluded from further demand analysis due to
insufficient sample size.
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1.5 Empirical Method

We first describe conditional logit models without and with the gender heterogeneity.

They are presented in §1.5.1 and §1.5.2, respectively. Then we describe a mixed logit

model in §1.5.3.

1.5.1 Baseline Conditional Logit Model

Utility for consumer i with product j in market t, defined as the tuple (order time,

destination city), is given as follows.

Uijt = ⇠b + ↵0pjt + �0djt + �
T
Xj + �

T

j
Zi + ✏ijt (1.1)

where ⇠b is product j’s brand dummy variable, Xj is the product-specific vector

(including product attributes and seller type) associated with a generic coefficient

vector �, Zi is the individual-specific vector (including PLUS membership status, city

level, purchase power, etc.) associated with a product-specific coefficient vector �j, pjt

is total price including shipping cost with constant price sensitivity parameter ↵0, djt

is the promised delivery time for product j for market t associated with promised

delivery time sensitivity parameter �0. We are interested in customers’ sensitivity to

price and promised delivery time, that is, ↵0 and �0 are the parameters of our interest.

Finally, we assume that the error term, ✏ijt, is i.i.d type I extreme value utility shock.

Let dummy variable yijt be equal to 1 if individual i chose product j in market t

and 0 otherwise. Under conditional multinomial logit assumption (McFadden, 1973),

the choice probability is

Pr(yijt = 1) = Pijt =
exp(⇠b + ↵0pjt + �0djt + �

T
Xj + �

T

j
Zi)

P
J

l=1 exp(⇠b + ↵0plt + �0dlt + �TXl + �
T

l
Zi)

(1.2)

Suppose ✓ = (↵0, �0, ⇠b, �, �j). The log-likelihood function is therefore

LL(✓) =
X

t

X

i

X

j

yijt lnPijt
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The standard conditional logit model has closed form expression and can be esti-

mated using maximum likelihood method. In the mixed logit model (McFadden &

Train, 2000) or generalized logit models (Fiebig, Keane, Louviere, & Wasi, 2010),

when preference parameters become random variables, the model can be estimated

by the simulated maximum likelihood method. Instead of estimating demand model

at aggregate market level in a classical BLP framework (Berry et al., 1995), we esti-

mate individual customers’ choice probability at transactional level with a rich set of

individual characteristics that controls for customer heterogeneity other than gender

differences.

1.5.2 Conditional Logit with Gender Heterogeneity

For each demographic group, namely female vs. male customers, the utility of con-

sumer i for product j in market t is given as follows.

Uijt = ⇠b + ↵
⇤
pjt + �

⇤
djt + �

T
Xj + �

T

j
Zi + ✏ijt (1.3)

where

↵
⇤ = ↵0 + ↵1 ⇤ female dummy

�
⇤ = �0 + �1 ⇤ female dummy.

We shall expect a downward slope demand curve: ↵0 < 0. The existing literature

has shown that customers value a shorter delivery time (R. Cui, Li, & Li, 2020; R. Cui,

Sun, et al., 2020; Fisher et al., 2019). Therefore, we have the following hypothesis:

Hypothesis I Customers prefer a shorter promised delivery time, that is, �0 < 0.

The literature also shows a gender difference in how customers value product and

service (Guajardo & Cohen, 2018). From Table 1.3 in Section 1.4.5, we have observed

that on average product price for female customers was approximately 4.5% lower

compared to that for male customers. In addition, male customers tend to be more

21



affluent than female customers in our data, judging by the purchase power and per-

centage of the population who have the PLUS membership. Hence, we expect female

customers to be more price sensitive than male customers, all else being equal. On

the other hand, orders placed by male customers on average have a shorter promised

delivery time compared to those placed by female customers. We expect male cus-

tomers to value promised delivery speed more than female customers as the male

customers are wealthier (judging by the purchase power). Formally, we have

Hypothesis II Female customers are more sensitive to price and male consumers

are more sensitive to promised delivery time, that is, ↵1 < 0 and �1 > 0.

1.5.3 Mixed Logit Model

The conditional logit model assumes that female and male customers have the same

price and delivery time sensitivity within each gender group. That is, all female

customers are either more or less price sensitive than all male customers (if ↵1 is

significant). Similarly, all female customers are either more or less delivery time sen-

sitive than all male customers (if �1 is significant). In practice, however, the price

and delivery time sensitivity coefficients among customers of the same gender can be

random and follow certain distributions (such as normal, log-normal or zero bounded

triangular distributions). We use the mixed logit model to address the issue. In par-

ticular, the random coefficient specification adds flexibility to our demand model and

allows us to check whether the random preference parameters depend on observables

such as gender, city, and purchase power.

Given any particular market t, let ✓1i = (↵i, �i) and ✓2 = (⇠j, �, �j), where ✓1

is a vector for random coefficients and ✓2 is a vector for fixed coefficients. Let � be

parameters of random coefficient ↵i and �i. Let Vij(✓1i, ✓2,�) = ⇠j + ↵ipjt + �idjt +

�
T
Xj + �

T

j
Zi and
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Pij = E[Pr(yij = 1|✓1i)] =
Z

✓1

(Pij|✓1, ✓2)f(✓1,�)d✓1 =
Z

↵

Z

�

e
Vij

P
j
eVij

f(↵, �,�)d↵d�.

(1.4)

Hence, the log-likelihood function is

LL(✓1, ✓2;�) =
X

i

X

j

yij lnPij

Since we have two random coefficients in our model, the two-dimensional integral

can be estimated using simulation method. For each parameter � from a specified

distribution, N draws of the parameters are taken from the distribution of ✓1. The

probability is computed for every draw as well as the unconditional probability, which

is the expected value of the conditional probabilities. Estimation of the conditional

logit and mixed logit models can be carried out using R package “mlogit" developed

by Yves Croissant (Croissant, 2020).

1.5.4 Price Elasticity and Willingness to Pay for Delivery Speed

In the case of conditional logit model, where both ↵ and � are assumed to be fixed

parameters, we can calculate the price elasticity using the following expressions under

the MNL framework.

⌘jl =
@sj

@pl

pl

sj
= �↵plsl 8j 6= l

⌘jl =
@sj

@pl

pl

sj
= ↵pj(1� sj) if j = l

WTP for promised delivery time (treated as an attribute) of choice j is, by def-

inition, the ratio of the marginal utility of the attribute to the marginal utility of

its cost, which in the case of linear-in-parameters utility is the ratio of the attribute

coefficient to the cost coefficient, i.e.,
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WTP = �@U/@pj

@U/@dj
= ��

↵
.

Furthermore, the confidence interval of the WTP estimator can be calculated using

the delta method. In the case of the mixed logit model, when ↵ and � are assumed

to be random coefficients following certain distributions, the ratio of the conditional

mean is not the mean of the conditional distribution because E(�/↵) 6= E(�)/E(↵).

The distribution of the ratio of two coefficients may not be well-defined. Daly, Hess,

and Train (2012) identified a criterion to determine whether the distribution of WTP

has finite moments and they show that some popular distributions used for the cost

coefficient in random coefficient models, including normal, truncated normal, uniform,

and triangular, have infinite moments for the distribution of WTP. Following Daly et

al. (2012) as well as recent empirical research (Kremer, Leino, Miguel, & Zwane, 2011;

León & Miguel, 2017), we adopt the zero-bounded triangular distribution for both

of our random coefficients for WTP estimation (under the mixed logit model). Said

distribution is continuous and symmetric and does not have the “thick tails” that

characterize some other distributions (such as the normal and log-normal). It also

implies that we only need to estimate one single parameter for each random variable,

making our estimation more tractable.

1.6 Empirical Results

Before presenting the main results, we first elaborate on the construction of the price

and promised delivery time variables used in the regressions. For the product (ID)

that a customer actually ended up buying, the price used in the regressions is the

recorded final unit price plus shipping cost and the promised delivery time is the one

recorded for that order subject to imputation described in §1.4.3. For the products
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that the customer did not buy, the price of each of those products is approximated

using the weighted average of the final unit price from customers who actually bought

that product during the corresponding day in March 2018 plus the shipping cost if

the tagged customer would have bought it at this price. The promised delivery time

is approximated using the weighted average from customers who actually bought

that product, shipped to the same destination city, during the same day in March

2018. Here, we only control the time effect (day) for product price but both time and

location (destination city) for promised delivery time. This is because customers face

the same (original unit) price for one particular SKU at any given time regardless

of their location, but the promised delivery time varies as shipping location varies.

Tables A.3 and A.2 in the paper appendix provide supportive evidence for this impu-

tation method—customers’ final unit price does not depend on location once time is

controlled, but the promised delivery time is jointly determined by time and location.

1.6.1 Conditional Logit Model

Columns (1)-(3) in Table 1.6 report the estimated coefficients from the baseline condi-

tional logit model. All regression specifications are controlled for product attributes,

seller type, and brand fixed effect. In addition, column (1) controls for JD.com Plus

membership dummy variable, column (2) adds city level variable, and column (3)

adds purchase power variable as control variables for consumer wealth. We find a

statistically significant negative coefficient for both price and promised delivery time

sensitivity parameters.

Columns (4)-(6) in Table 1.6 report the estimated coefficients of the conditional

logit model with gender effect. More specifically, gender interaction terms with price

and delivery time variables are added compared to columns (1)-(3). We continue to

see a statistically significant negative coefficient for both price and promised delivery
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Table 1.6: Conditional logit model

(1) (2) (3) (4) (5) (6)
Price (↵0) -0.0206⇤⇤⇤ -0.0248⇤⇤⇤ -0.0305⇤⇤⇤ -0.0201⇤⇤⇤ -0.0246⇤⇤⇤ -0.0304⇤⇤⇤

(-62.82) (-61.62) (-66.91) (-58.53) (-59.63) (-65.61)

Promise (�0) -0.143⇤⇤⇤ -0.133⇤⇤⇤ -0.133⇤⇤⇤ -0.242⇤⇤⇤ -0.219⇤⇤⇤ -0.211⇤⇤⇤

(-14.86) (-13.05) (-12.95) (-16.94) (-14.68) (-14.07)

Female#Price (↵1) -0.000897⇤⇤⇤ -0.000285⇤ -0.0000795
(-6.47) (-2.06) (-0.57)

Female#Promise (�1) 0.135⇤⇤⇤ 0.117⇤⇤⇤ 0.106⇤⇤⇤

(9.85) (8.31) (7.46)
Product Attributes X X X X X X
Brand Effect X X X X X X
Seller Type X X X X X X
PLUS Member Dummy X X X X X X
City level effect X X X X
User purchase power X X
N 1736616 1736616 1736616 1736616 1736616 1736616
N_case 72359 72359 72359 72359 72359 72359
log-likelihood -196915.7 -192965.2 -191612.4 -196826.8 -192922.4 -191581.5

t statistics in parentheses
+ p < 0.10, ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001
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time-sensitivity parameters. Therefore, Hypothesis I is supported, that is, customers

prefer lower product prices and faster delivery speed. Furthermore, columns (4)-(6)

reveal that female customers are more price sensitive compared to male customers,

but less sensitive to delivery time. This shows that Hypothesis II is also supported.

We note that both gender preference difference variables remain highly significant (p-

value< 0.001) when we include city level and PLUS membership variables (column

(5)). However, when the purchase power variable is included (column (6)), the gender

difference in price sensitivity (↵1) is no longer statistically significant, while the gender

difference in delivery time (�1) continues to be significant at 0.1% level. This suggests

that purchase power variable can mediate the gender difference in price sensitivity,

which will be discussed further in the following §1.6.2. We can use columns (3) and

(6) to calculate the own-price elasticity for female customers, male customers and the

full sample. The mean own-price elasticity is -1.15 for the full sample, -1.18 for female

consumers, and -1.13 for male customers. Table A.5 in the paper Appendix further

lists own-price elasticity by product ID. Furthermore, Table 1.8 calculates WTP for

promised delivery time using specification from column (6) in Table 1.6. In particular,

female customers on average are willing to pay 6.61 Yuan for one-day-faster shipping,

whereas the figure for male customers is 10.75 Yuan which is 63% higher.

1.6.2 Gender Difference or Wealth Effect?

One question to our empirical findings in Table 1.6 is whether the observed gender

difference in price and delivery time may be purely a wealth effect. As we can see

from Figure 1.3, a higher fraction of male customers have higher purchase power

ratings (purchase power equals 1 or 2) compared to female customers, but the rela-

tionship is reversed for lower purchase power ratings (purchase power equals 3 or

4). As we have already observed in column (6) from Table 1.6, the gender difference
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Figure 1.3: Percentage of users within gender by purchase power levels

in price sensitivity can be explained by the gender wealth difference. Also, we note

that both PLUS membership and city level variables are correlated with the pur-

chase power variable (p-value < 0.001, see the correlation matrix in Table A.1 in the

paper Appendix). Indeed, when we include the PLUS membership dummy variable

and city level fixed effect in column (5) from Table 1.6, the magnitude of the female-

price interaction term decreases by 68% compared to column (4). The magnitude

of gender difference in promised delivery time sensitivity (�1) also decreases as we

control for individual wealth using purchase power variable. This is consistent with

our intuition that wealthier shoppers tend to be more time-sensitive. Nevertheless,
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the gender difference in promised delivery time-sensitivity remains highly significant

(p-value <0.001) in all specifications, so that cannot be explained by the wealth gap.

1.6.3 Mixed Logit

In the conditional logit model, we have assumed that female and male customers

have the same price and delivery time sensitivity within each gender group. We found

that magnitude of the price sensitivity (↵) for women is higher than that for men,

and the magnitude of the delivery time sensitivity (�) for men is higher than that

for women. However, in practice, it is unlikely that all female customers are more

price-sensitive than all male customers, or all male customers are more delivery time-

sensitive than all female customers. To address this, we fit two random coefficients

mixed logit models in Table 1.7. Column (2) in Table 1.7 assumes zero bounded

triangular distribution for both ↵ and � and column (3) normal distribution. Note

that the magnitudes of the mean of the price and promise time random coefficients

are both very close to those in the conditional logit model (column (1)).

Table 1.7: Demand estimation with random coefficients

(1) (2) (3)
Conditional logit Mixed logit(triangular) Mixed logit(normal)

Price �0.021 (0.000)⇤⇤⇤ �0.023 (0.000)⇤⇤⇤ �0.021 (0.000)⇤⇤⇤

Promise_time �0.143 (0.010)⇤⇤⇤ �0.149 (0.011)⇤⇤⇤ �0.146 (0.014)⇤⇤⇤

sd.price 0.062 (0.001)⇤⇤⇤

sd.promise_time 0.128 (0.043)⇤⇤

AIC 396006.894 394333.488 387114.488
Num. parameters 19 19 21
Log Likelihood �197984.447 �197147.744 �193536.244
Num. obs. 72359 72359 72359
K 24 24 24
⇤⇤⇤

p < 0.001; ⇤⇤
p < 0.01; ⇤

p < 0.05
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Furthermore, the normal random coefficient model has the highest log likelihood

and lowest AIC as it captures more variations in the price and delivery time preference

space. The downside is that random coefficients with normal distribution have an

ambiguous interpretation of the WTP estimator, as discussed in §1.5.4. Hence, we

use the specification in column (2) to calculate customers’ WTP for one-day-faster

shipping in Table 1.8. In particular, female customers, on average, are willing to pay

6.72 Yuan for one-day-faster shipping, and male customers, 10.97 Yuan, which is 63%

higher.

Table 1.8: Willingness to pay for promised delivery days

WTP (in Yuan) 95% CI
Row Estimation Sample Mean Lower Upper
(1) Conditional logit Full sample 7.57 6.52 8.61
(2) Female 6.61 5.47 7.75
(3) Male 10.75 8.38 13.12

(8) Mixed logit Full sample 7.98 7.58 8.38
(9) Female 6.72 6.46 6.98
(10) Male 10.97 10.57 11.37

1.7 Robustness Checks

We conduct two robustness checks in this section. In §1.7.1, we investigate customers’

price and delivery time sensitivities by controlling for their shopping behavior. In

§1.7.2, we replicate our analysis on certain subsamples.

1.7.1 Control Shoppers’ Browsing History

In §1.6, we identified gender differences in price and delivery time sensitivities. While

the gender difference in price sensitivity disappears after we control for customers’

purchase power, that in delivery time continues to exist. It is plausible that the gender
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difference in delivery time is driven by shopping behavior differences between male

and female customers. For example, male customers could be more last-minute (start

shopping late) and hence tend to pick products that offer faster shipping options. We

address this issue in this section by considering customers’ browsing history.

We create several variables from users’ browsing history (clicks data) to control

customers’ shopping behavior. First, we merge the click data set with our sample data.

Second, we include a user’s shopping history up to 5 days. In particular, for each order

placed from March 5th to March 31st, we construct a new browsing-time variable as

the time difference between the moment the user first clicked on any SKU (in the

past 5 days or 120 hours) and the moment the order was placed (max=5 days, min=0

days). For example, if a user first looked at some product(s) at 10:05AM on March

9th and bought the product at 11:30AM on March 11st, then his or her browsing

time would be equal to 49 hours and 25 minutes. We also construct Click-count and

SKU-clicked variables that count the number of total clicks and the total number

of distinct SKUs browsed for each user during the browsing period. Unsurprisingly,

these two variables are highly correlated (⇢ = 0.83). However, click data may only

convey partial browsing history for some users, as they may view products listed

on the JD.com website as a guest and sign in to their account only at check-out.

This may cause measurement error for the shopping behavior variables that we are

constructing. The click table from the data set also records users’ browsing history in

four different categories based on their browsing channels: PC, mobile, Wechat and

App. PC and mobile are associated with clicks through web browsers on personal

computers and mobile devices. Wechat refers to the mini-program that runs on the

popular social media app Wechat. Finally, App refers to JD.com’s mobile app. To

minimize measurement error, we focus on customers whose click data was recorded

through the Wechat or the App channel, both of which require customers to sign in
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before browsing. We also exclude users with less than 3 clicks before purchasing. In

total, we end up with 49,909 orders. Figure 1.4 shows that 74.5% of male customers

and 68.4% of female customers in the sample made their purchase within 24 hours

from the first click. Table 1.9 reports estimation results when we include the shopping

behavior variables into the conditional MNL model.

Figure 1.4: Percentage of orders within gender by browsing time

In Table 1.9, there is also a new “Before 11am dummy" variable, which is equal

to one if the purchase is made before 11:00AM of the day. We include this variable

as a robustness check because as mentioned in §1.4.1 when the promised delivery

time is one day (x = 1), it can refer to both standard same- and next-day delivery

promise. In particular, JD.com customers are all made aware that orders placed before

11:00AM will be delivered on the same day, while orders placed before 11:00PM will
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Table 1.9: Conditional multinomial logit model: control for shopping
behavior

(1) (2) (3) (4)
Price (↵0) -0.0317⇤⇤⇤ -0.0317⇤⇤⇤ -0.0318⇤⇤⇤ -0.0330⇤⇤⇤

(-54.59) (-54.66) (-54.65) (-47.10)

Promise (�0) -0.218⇤⇤⇤ -0.218⇤⇤⇤ -0.218⇤⇤⇤ -0.221⇤⇤⇤
(-12.23) (-12.20) (-12.23) (-10.93)

Female#Price (↵1) -0.000119 -0.000117 -0.0000468 -0.000132
(-0.71) (-0.69) (-0.28) (-0.64)

Female#Promise (�1) 0.112⇤⇤⇤ 0.111⇤⇤⇤ 0.112⇤⇤⇤ 0.115⇤⇤⇤
(6.62) (6.56) (6.61) (5.97)

Product Attributes+Brand Effect X X X X
Seller Type X X X X
Before 11am Dummy X X X X
PLUS Member Dummy X X X X
City level + Purchase power X X X X
Browsing time X X X X
Click count X
SKU clicked X X
N 1197816 1197816 1197816 828624
N_case 49909 49909 49909 34526
log-likelihood -132479.9 -132131.5 -131796.8 -92150.2
t statistics in parentheses
+ p < 0.10, ⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001
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be delivered before 3:00PM on the following day. Table A.6 in the paper Appendix

summarizes the actual delivery time for orders purchased within one-hour windows

before and after 11:00AM, and a significant gap in actual delivery time is apparent

between orders that were placed from 10:00-10:59AM and from 11:00-11:59AM (14.5

vs. 24.1 hours)—the average delivery times differed by almost 10 hours although the

product purchase times were only a couple of hours apart. Table A.4 in the paper

Appendix further provides summary statistics for the “Before-11am dummy" variable

and others used in Table 1.9.

Columns (1)-(3) in Table 1.9 use all of the 49,909 orders selected and column (4)

restricts sample to orders within city level greater than or equal to 2. The reason for

having column (4) is that most orders are shipped within one day for customers with

city level equal to 1 regardless of their browsing history (see Figure A.8 in the paper

Appendix), and by excluding these customers we can more effectively check the impact

of customers’ browsing history on their preferences. All four specifications in Table 1.9

confirm our findings from §1.6. In particular, we continue to observe that the gender

difference in price sensitivity parameter (↵1) is insignificant when purchase power is

controlled. However, the gender difference in delivery time sensitivity parameter (�1)

remains highly significant (p-value < .001) when purchase power is controlled even

after we take into consideration customers’ browsing behavior. The magnitude of �1

even increased from 0.106 (column 6 in Table 1.6) to 0.112 (column 4 in Table 1.9). To

conclude, even though male consumers on average spend less time browsing products

before making their final purchase decision compared to female customers (see Table

A.4), our estimation results from Table 1.9 suggest that the gender difference in

delivery time sensitivity is not driven by this behavioral difference. We speculate that

the gender difference in delivery time preference is more likely driven by the intrinsic
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differences in their preferences between female and male customers, rather than the

gender wealth gap or differences in online shopping habits.

1.7.2 Sub-sample Analysis

In this section, we conduct sensitivity analysis on different sub-samples based on

membership and demographic information provided by JD.com in the data set. In

particular, we estimate preference parameters for PLUS members and non-members

in columns (1) and (2) of Table 1.10, respectively. We also estimate preference param-

eters for married and single customers in columns (3) and (4), respectively. All of the

four columns are controlling for product attributes, brand fixed effect, city level, pur-

chasing power, before-11am indicator, and browsing time.

From Table 1.10, we observe that for JD.com PLUS members, the gender differ-

ences delivery time sensitivity is still significant but the significance level is reduced

from 0.1% to 5% and the magnitude is reduced from 0.106 (see column 6 in Table 1.6)

to 0.069 (column 1 in Table 1.10). One possible explanation is that users may have

motivations to share their account with family members or friends to reduce their

shipping cost if they have a PLUS membership, causing measurement error to the

gender variable. In contrast, for non-members, the results are more consistent with

our previous findings in Table 1.6. On the other hand, gender gap in price sensitivity

remains insignificant after controlling purchase power except for the single group.

Single customers are typically younger, and we speculate that younger women spend

significantly more time and money in online shopping compared to their male coun-

terparts, and they may be more price sensitive and/or better at utilizing coupons.

Overall, we can conclude from the evidence provided in Table 1.10 that the results

from the sub-sample analysis are consistent with our main findings in §1.6 (Table

1.6).
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Table 1.10: Robustness check: Sensitivity analysis

(1) (2) (3) (4)
Plus Member Non Member Married Single

Price (↵0) -0.0370⇤⇤⇤ -0.0299⇤⇤⇤ -0.0339⇤⇤⇤ -0.0288⇤⇤⇤
(-31.74) (-44.45) (-40.22) (-36.24)

Promise (�0) -0.213⇤⇤⇤ -0.222⇤⇤⇤ -0.229⇤⇤⇤ -0.225⇤⇤⇤
(-6.26) (-10.51) (-8.57) (-9.38)

Female#Price (↵1) 0.000528 -0.000400 0.000339 -0.000989⇤⇤⇤
(1.83) (-1.92) (1.36) (-4.43)

Female#Promise (�1) 0.0688⇤ 0.122⇤⇤⇤ 0.122⇤⇤⇤ 0.130⇤⇤⇤
(1.99) (6.18) (4.76) (5.78)

Product Attributes+Brand Effect X X X X
Seller Type X X X X
Before 11am Dummy X X X X
City level + Purchase power X X X X
Browsing time X X X X
SKU clicked X X X X
N 306192 891624 575808 621624
N_case 12758 37151 23992 25901
log-likelihood -31206.3 -100507.1 -63773.9 -67925.6
t statistics in parentheses
⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001
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Table 1.11: Robustness check: order purchased before and after 11AM

(1) (2) (3) (4)
Before 11AM After 11AM Before 11AM After 11AM

Price (↵0) -0.0313⇤⇤⇤ -0.0319⇤⇤⇤ -0.0312⇤⇤⇤ -0.0319⇤⇤⇤
(-27.12) (-48.65) (-26.60) (-47.72)

Promise (�0) -0.176⇤⇤⇤ -0.122⇤⇤⇤ -0.244⇤⇤⇤ -0.210⇤⇤⇤
(-7.09) (-8.77) (-6.42) (-10.38)

Female#Price (↵1) -0.000116 -0.0000226
(-0.35) (-0.11)

Female#Promise (�1) 0.0895⇤ 0.119⇤⇤⇤
(2.49) (6.20)

Product Attributes+Brand Effect X X X X
Seller Type X X X X
Plus Membership X X X X
City level + Purchase power X X X X
Browsing time X X X X
SKU clicked X X X X
N 311856 885960 311856 885960
N_case 12994 36915 12994 36915
log-likelihood -33804.6 -97948.0 -33801.0 -97927.4
t statistics in parentheses
⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001
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In Table 1.11, we perform another important robustness check by splitting our

sample based on the time of the order made during each day of March 2018. As

shown in Table A.6, orders with promised delivery time equals one and purchased

before 11am of the day, then it’s same day shipping, otherwise it’s shipped the next

day. The average actual delivery time for the same day shipping n our sample is 14.5

hours. For the next-day shipping the mean actual delivery time is 24.1. Hence, we

expect that consumers will be more time-sensitive in the previous case since actual

delivery time gap between orders with promise = 1 and promise = 2 are larger.

Column (1) and (2) In Table 1.11 provide evidence for this hypothesis. Interestingly,

although the gender difference in delivery time preference still exists, it becomes larger

after 11am. Intuitively, before 11AM both female and male consumers value the same

day shipping a lot hence the gender gap in delivery time is smaller. Hence, The results

from Table 1.10 and Table 1.11 are consistent with our main finding that is female

consumers are more price sensitive and male consumers tend to be more delivery time

sensitive from our sample data. In addition, the gender difference in price sensitivity

is mostly due to the gender income gap whereas the delivery time preference gap is

more like behavioral difference.

1.8 Conclusions

Online shoppers prefer products with lower prices and faster shipping options.

Existing literature (R. Cui, Li, & Li, 2020; R. Cui, Sun, et al., 2020; Fisher et al.,

2019) has evaluated the impact of delivery speed on companies’ sales and profit

using (quasi-)experimental design. In this paper, we find that expected delivery

speed has a significant impact on online shoppers’ purchasing decisions. The effect

is also economically large as the average WTP for one-day-faster shipping is about

38



8 Yuan which is about 7.5% of the average product price (or 11% of the median

product price). It is worth noting that most first-party (1P) orders documented

in the data set from JD.com were delivered within two days, thanks to JD.com’s

logistic prowess. For any third-party retailer who cannot provide routine same-day

or next-day delivery services like JD.com, variation of its promised delivery time will

be larger and customers’ WTP for fast delivery time can be potentially even higher.

In addition, our findings reveal those female e-commerce consumers are more sen-

sitive to price while male customers are more sensitive to promised delivery time. The

gender gap in price is driven by the differences in purchasing power between male and

female customers. The gender gap in delivery time preference, however, cannot be

accounted for by customers’ purchase power or shopping behavior. We speculate that

it is more likely driven by the intrinsic differences in their preferences between female

and male customers. In particular, the average WTP for one-day-faster shipping is

less than 7 Yuan for female customers, while that figure is close to 11 Yuan for male

customers. R. Cui, Sun, et al. (2020) showed that online retailers can significantly

benefit from managing the disclosure of delivery speed information. If the wealth

effect had mediated the gender difference in promised delivery time preference the

same way it mediated that in price preference, then providing free shipping upgrades

and offering price coupons would essentially achieve the same effect—extract surplus

from wealthier online consumer groups. Our findings further suggest that there may

be opportunities for retailers to consider personalized strategies when handing out

coupons or shipping upgrades. This gives the retailers additional instruments to seg-

ment their customers and increase profit. However, while coupons should be offered

to subsidize customers with lower purchasing power, shipping upgrades should be

saved for customers who are more sensitive to shipping speed and in our case, it is

the male customers. As for another managerial implication for our findings, retailers
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like Amazon routinely compensate customers (with a store credit or gift card) for

the late product delivery (beyond the guaranteed delivery date). The goal is to keep

customers satisfied with the smallest compensation. In our case, more credit should

be given to male customers who complain about a late delivery in general compared

to female customers (subject to fairness concerns) because of male customers’ higher

sensitivity to shipping speed.

Finally, our research is certainly not without limitations. First of all, one of the

challenges to estimate a discrete choice demand model with revealed preference (sales)

data is to recover customers’ choice options. In our context, we construct price and

promised delivery time for non-purchase alternative products. In particular, online

shoppers at JD.com who live in different cities observe the same price for a product but

not the same promised delivery time, and the price and promised delivery time infor-

mation also change with time. As we discussed earlier, our price (promised delivery

time) variable for non-purchase alternatives are weighted averages of each product at

given time (and destination city). This creates a potential data censoring problem,

also known as the endogenous sampling issue, that only purchased price (same for

promised delivery) are recorded in the transaction. The constructed alternative price

may be under valued and we may over-estimate the price sensitivity. However, we may

not over estimate the delivery time sensitivity parameter since we don’t observe ship-

ping upgrades within products and indeed most orders are already shipped within two

days. In addition, since expected shipping speed for a lot of 3P orders are missing,

we speculate that we may under-estimate our delivery time sensitivity parameter.

Because majority of 3P orders have longer delivery days than 1P orders. Hence,

combing two effects together, we conclude that our average willingness to pay for fast

shipping is under-estimated.
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Secondly, we only observe brand, seller type, and two key product features from

the SKU table. The gender difference we found could be caused by some unobserved

products factors or gender differences in the outside options which we don’t have infor-

mation on. These factors could bias our conclusion on gender differences in delivery

speed. However, the results in table 1.11 suggest that the gender gap in delivery pref-

erence increases for orders after 11:00 AM in the same day. If those unobserved factors

are the driving forces of this effect, then we should expect the estimated gender gap

stays the same before and after 11:00 AM. This is just because product features or

outside options do not change over 11:00 AM cutoff point. Moreover, since gender

variable is an estimated variable from JD.com data, the measurement error in gender

dummy variable will cause downward bias to our gender gap in price and delivery time

sensitivity parameters. Nevertheless, any measurement error in the gender dummy

variable should cause downward bias to the gender effect we identified—if there were

actually no gender effect, measurement error in the gender dummy variable would

not result in any difference in the gender effect. If there is actually a gender effect

(like in our case with price and deliver time), then measurement error in the gender

dummy variable (swapping male with female, or female with male) reduces it.

Lastly, our estimated gender difference in promised delivery time may or may

not generalize to other cases as we only have sales data of SKUs from one product

category. Indeed, our approach assume that buying online the customer has already

decided not to buy the item physically at a local store (e.g. go to a local grocery store,

etc). Also, the JD.com data sample cant not represent of all Chinese e-commerce con-

sumers. However, future researchers can use our paper as a stepping stone to further

investigate the importance of online shipping to e-commerce eco-system. Interesting

research questions could be: what are the optimal pricing and shipping strategy for

1P merchant on JD.com facing consumers from different city levels or what are the
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optimal logistics and distribution system that generates lowest environmental cost.

Future analysis based on generalized logit models (Fiebig et al., 2010) or the state-

of-art Travel-Time Factorization Model (TTFM) (Athey et al., 2018) could improve

our model prediction, and incorporating structural estimation methods in (Hall &

Rust, 2021) with longer time period data can solve the endogenous sampling issue

arises from transaction level data. To summarize, our approach suggests that there

may be significant values for online platforms like JD.com to study customers’ (het-

erogeneous) promised delivery time preference for other product categories. Our work

shows that there exist opportunities in regards to analytical modeling for the rev-

enue management problem where an online retailer can offer either faster shipping or

cheaper price to targeted customers.
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Chapter 2

Jumping on and off the Bandwagon? Attendance Response to Recent

Victories in the NBA

2.1 Introduction

Research on the determinants of sporting event attendance is surveyed in Feehan

(2006) and Villar and Guerrero (2009). Within the framework of demand theory, the

literature explores the role of ticket prices, team quality, superstars, weather condi-

tions, local market size, outcome uncertainty (Rottenberg, 1956), and novelty effects

of new facilities, among others, typically using multivariate regression as the empirical

strategy (see for example, Coates & Humphreys, 2005, 2012; Humphreys & Johnson,

2020; Humphreys & Miceli, 2020). Is it true that winning a close game increases

game attendance? It’s tempting to imagine that a recent victory will undoubtedly

result in increased game attendance because people tend to regard a winning streak

as proof that the team is better than they previously thought. Fans can also see it

as a sign of a momentum effect. In any event, teams who have had more success in

the past few games have a better chance of winning the upcoming game than teams

that have had a lower chance of winning in the previous few games. People, on the

other hand, would not have expected the team to be more likely to win the following

This chapter is co-authored with Ercio Munoz and Milan Thomas
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game if they interpret luck or randomness as a recent good performance. Hence, we

have two competing hypotheses that forecast the attendance effect from a recent close

win, assuming that local fans care about the home team’s chances of winning before

purchasing their tickets. To answer this question, it requires further data analysis to

test these hypotheses. Also, if winning is affected by (or correlated with) some of

those explanatory variables of interest for attendance (notably team quality, super-

stars), it is important for multivariate regression analyses of attendance to control

for these confounding factors. But due to those confounding factors, it is empirically

challenging to identify the causal effect of winning, as shown by the literature on

between-game momentum in sports (see for example, Arkes & Martinez, 2011; Gau-

riot & Page, 2018; Kniffin & Mihalek, 2014; Vergin, 2000). Our paper tackles this

empirical challenge and contributes to the previous literature by providing a causal

estimate of the effect of a narrow preceding victory on attendance in the National

Basketball Association.

The National Basketball Association (commonly known as the NBA) makes

the majority of its money from television, merchandise, sponsorships, and ticket

sales. Total income throughout the company hit $8.76 billion in the 2018-19 season,

according to Forbes, which analyzes values of the NBA’s 30 teams on a regular basis.

Each franchise is worth at least $1 billion, and a team is worth an average of $2.12

billion, which is nearly 14% more than the 2017–18 season. Despite behind other

revenue streams such as TV money and product partnerships, ticketing revenue is

still vital to the league. The overall revenue from tickets is anticipated to be around

1.55 billion in the 2018-19 season, with tickets costing close to $74 on average. Com-

bined with concessions and other sales like jerseys, ticket sales constitute more than

18% of league revenue in the 2018-19 season (Mcfarlane, 2020). To the best of our
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knowledge, this is the first paper using a regression discontinuity design to see the

effect of a recent win on attendance in sports games.

2.2 Literature Review

Winning games can be a consequence of some of these factors but also can be inter-

preted as a signal of quality and likelihood of continue winning by fans. This per-

ception could be rational, as there is some evidence of performance momentum in

professional sports (Arkes & Martinez, 2011). It may be irrational, with fans being

“fooled by randomness” (Gauriot & Page, 2019b). Arkes and Martinez (2011) find

evidence of momentum (proxied by win percentage over the past five games adjusted

for opponent difficulty) in the NBA by estimating a logit model that controls for

factors like home-court advantage, difference in team strength, and rest time. Leard

and Doyle (2011) find evidence of a positive momentum effect using data from the

National Hockey League. Page and Coates (2017) find a positive momentum effect

between tennis match sets which may have a biological basis. Conversely, Fry and

Shukairy (2012) use a pairwise matching comparison where they control for the game

situations of home/away team, field position, time of game and score differential and

find little evidence for the existence of momentum during NFL games in season 2002-

2007. Gauriot and Page (2018) search for evidence of momentum within professional

soccer matches. Their identification strategy is based on similar shots that go in versus

out (those that hit the cross-bar). They compare second-half outcomes on the basis of

first-half shots, and do not find evidence of a momentum effect. Kniffin and Mihalek

(2014) analyzes repeated games between opponents (a feature in NBA competition

that we also exploit), finding no evidence of positive momentum in college hockey.

Gauriot and Page (2019a) use fuzzy regression discontinuity design to estimate the
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momentum effect in tennis by focusing on situations in which the ball falls very close

to a court line. They find a significant momentum effect for male players: players are

five to ten percentage points more likely to win the next point after winning a barely

won point. Berger and Pope (2011) apply an RDD approach to basketball halftime

scores, and finds that the win percentage of NBA teams that were trailing by a small

amount at halftime is six percentage points higher than expected. We contribute novel

evidence on the question of momentum using a regression discontinuity design and

data from the NBA regular season and playoffs.

This paper adds to existing literature by providing an estimate of the causal effect

from a narrow preceding victory on attendance in the National Basketball Association

regular season games. We apply a sharp regression discontinuity design and use point

difference at the end of the previous game as the running variable. We approximate

an infeasible experiment (in which winning would be randomly assigned) using a

regression discontinuity design with data from close games. To get as close to that

experimental ideal as possible, we would use play-by-play data and identify those

games whose outcome was determined by the final play. Instead we use final score

difference to determine whether the game is a close (and therefore likely to have been

decided by one possession with a random outcome). We discuss the potential bias

from this approximation of random assignment of winning in the last section. We

find an increase of approximately 425 tickets (or about 2.69% of average attendance

in those close games) sold following a narrow victory. The magnitude of this effect

is one-quarter of the attendance premium for weekend games, and one-eighth of the

superstar premium (games featuring Michael Jordan, Larry Bird, LeBron James, Tim

Duncan, or Magic Johnson) documented by Humphreys and Miceli (2020). As in

many economic organizations (Gauriot & Page, 2019b), recent luck is rewarded in

determining attendance to sporting events. We also observe a steady decrease in the
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attendance impact over time, which we believe is attributable in part to the growth of

secondary ticket markets and dynamic ticket pricing. The rest of paper is organized

as follows. In Section II we describe the data set. Section III discusses the empirical

strategy and Section IV presents the results. In Section V we conclude with final

remarks.

2.3 Data and Methodology

2.3.1 Data

We use game-level data from www.basketball-reference.com. We collect information

on 61,999 games, including home team, visiting team, date, attendance, number of

overtimes, and number of points scored by each team. We only keep games from the

regular season because those have information on attendance (note that this is distinct

from ticket sales). That reduces the number of games to 42,256.1 Figure 2.1 displays

the number of games by season. There has been an increase over time in the total

number of games per season as the league has expanded, with dips in the lockout-

shortened seasons of 1998-1999 and 2011-2012. Figure 2.1 also shows the number of

close games by season, which are defined as games with a point difference of three or

fewer at the end of the game. That difference is small enough to allow the trailing

team to tie the game in one possession. There is a total of 6,728 such games played in

regular season over the period analyzed. Figure 2.2 breaks down our sample of close

games by point difference. Figure 2.3 shows the distribution of game attendance in our

sample, which is our main outcome variable. The distribution has a noticeable right

tail of games with large attendance that includes one-off games in football stadiums

and some home games in large facilities (Humphreys & Johnson, 2020).

1Games before 1981 do not have the information on attendance and there are 180 games
with missing data after 1980.
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Table 2.1: OLS regression attendance effect from recent victories

(1) (2) (3) (4) (5) (6)
win_lag 702.2⇤⇤⇤ 659.9⇤⇤⇤ 663.7⇤⇤⇤ 653.5⇤⇤⇤ 188.1⇤⇤⇤ 186.3⇤⇤⇤

(124.2) (87.34) (88.24) (88.22) (32.06) (31.83)

weekend_d 913.2⇤⇤⇤ 987.4⇤⇤⇤ 994.3⇤⇤⇤ 1009.1⇤⇤⇤ 1018.9⇤⇤⇤ 1024.2⇤⇤⇤
(148.9) (133.7) (134.4) (132.8) (133.6) (133.5)

strength_home 56.07⇤⇤⇤ 57.20⇤⇤⇤
(6.784) (6.828)

strength_away 32.71⇤⇤⇤
(3.623)

constant 15233.2⇤⇤⇤ 15219.6⇤⇤⇤ 15214.4⇤⇤⇤ 15212.6⇤⇤⇤ 12011.4⇤⇤⇤ 10671.9⇤⇤⇤
(96.34) (89.41) (89.90) (89.69) (450.3) (539.7)

Fixed effects:
Home team X X X X X X
Season X X X X X
Month X X X X
Visitor team X X X
N 42256 42256 42256 42256 42256 42256
adj. R2 0.214 0.476 0.482 0.504 0.547 0.560
Standard errors in parentheses
⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001

We first report OLS regression results with fixed effects in Table 2.1. Column (1) in

Table 2.1 regress home team game attendance on home team previous game-winning

dummy variable (win_lag equals one if the home team won the previous game, else

it equals zero), weekend dummy variable (weekend_d equals one if the game day is

on Friday, Saturday or Sunday, otherwise it equals zero), and home team fixed effect.

Column (2) control for both home team and season fixed effect. Column (3) adds

month fixed effect, and column (4) adds visitor team fixed effect. All columns use

robust standard errors clustered at the home team level. However, all fixed effects

combined in column (4) may not be sufficient to capture both team strengths during

one season. In columns (5) and (6) we calculate home team and away team winning
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percentage in each season as two control variables for home team strength and away

team strength for each season.

From column (4), we find that, on average, winning a previous game increases

the home team’s game attendance by about 654 tickets. From column (5), the effect

reduces to 188 tickets when adding home team strength. The attendance effect changes

to 186 tickets when controlling for both home team and away team strength in column

(6). Hence, the estimated effect from a recent victory in column (6) is biased due to

missing unobserved factors such as team strength, player injuries, or trade between

teams. The estimated coefficient decreased from 654 to 186 tickets when controlling

for team strengths in column (6). Two team strength variables we created can not

capture variations of team performance dynamics during each season. Moreover, we

don’t have information on the teams’ relative ranking within their conference and

division. For example, player injuries, team trade, or head coach adjustments can

affect team performance. Hence, without valid instrument variables, we conclude that

the results from OLS regression in Table 2.1 cannot represent the causal influence of

recent victory on game attendance. In the next section, we describe the regression

discontinuity design strategy we use to tackle this problem.

2.3.2 Empirical Strategy

Our approach to estimating the causal effect of a narrow victory on attendance in the

next game is a sharp regression discontinuity design, with point difference at the end

of the game as the running variable. The outcome of interest is denoted by yi,j,t, which

corresponds to attendance in a game between home team i against a visitor team j

at game t. The treatment variable is denoted by di,t 2 {0, 1}, and takes value 1 if the

team i playing against team k. (usually different than team j) at game number t� 1

won and 0 if it did not. The treatment variable depends on the difference in points
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at the end of the game, such that:

di,t = 1[pH
i,k,t�1 > p

V

i,k,t�1] (2.1)

where 1[.] is an indicator function and home team points in the last game is denoted

by p
H

i,k,t�1 and visiting team points denoted by p
V

i,k,t�1. Note that for simplicity we

denote team i as the home team in game t � 1, however it could have been visitor,

consequently the visiting team in t� 1 denotes the rival of team i regardless of where

the game was played, and it is rarely equal to team j. We estimate this local average

treatment effect using a local randomization approach and perform inference using

the general Fisherian inference framework as described by Cattaneo, Titiunik, and

Vazquez-Bare (2016). To do this, we assume that there is a small window around

the zero cutoff, such that for all the games whose scores fall in that window, the end

result (win or lose) is assigned as if by a randomized experiment. We consider three

different windows, from the smallest possible difference of one point to a three-point

window (which would have allowed the losing team to tie or win the game in one

possession). However, we based our conclusions in the smallest one defined by games

that end with a difference of only one point.

Before presenting our results, we show a set of three standard validity checks

for our regression discontinuity design. First, given the discrete nature of our running

variable and that we are using a local randomization approach, we perform a binomial

test on the three smallest feasible windows (final score difference of one, two, or three

points). Table 2.2 reports the results, in which we fail to reject the null hypothesis

that observations in these windows were generated by a binomial distribution with

probability of success equal to 1/2. It is important to note that the nature of the data

set helps to balance the number of observations on each side of the cutoff because for

each close game we have a winner by a small margin and a loser by the same margin.
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However, this fact does not generate perfect balance because these teams need to play

as home team in their next game to be included in our estimation (i.e., our estimation

uses game attendance of teams whose result was close in the previous game).

Table 2.2: Binomial test

Window Binomial test p-value Obs<c Obs�c
+/-1 0.944 896 900
+/-2 0.456 2182 2132
+/-3 0.116 3429 3299

Notes: The table reports the results of a test with the null
hypothesis that the observations in a given small window (e.g.,
games that ended with the home team winning or losing by one
point) were generated by a binomial distribution with proba-
bility of success equal to 1/2 (i.e., the final result looks as if it
was generated randomly).

Second, we conduct a falsification test that assesses whether there are significant

effects at fake or placebo cutoff values. We run our estimation using eight alternative

cutoffs with windows of one point on each side of it (e.g., cutoff 4.5 means that we

compare teams with a final point difference of 4 and 5 points). Table 2.3 reports the

results. We reassuringly do not find evidence of jumps in attendance of the next game

where there should be no effect. Additionally, this provides evidence that teams with

close margins that do not differ in the end result (both winners or losers) do not differ

systematically in the level of attendance in the next game (i.e., if teams with close

margins were still strongly sorted by quality and higher quality teams have greater

attendance, then, for example, we should observe greater attendance in the next game

for teams that win by 5 points relative to those that win by 4 points). Hence, the fact

that we will only find an increase for those teams with close margin that differ in the

end result of the game supports the validity of the research design and winning as

the treatment.
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Table 2.3: Placebo cutoffs

Dependent variable: Game attendance
(1) (2) (3) (4) (5) (6) (7) (8)

Coefficient -306.692 179.714 -96.759 110.464 150.300 -279.545 251.314 11.564
P-value 0.066 0.282 0.579 0.533 0.403 0.084 0.145 0.938
Cutoff -4.5 -3.5 -2.5 -1.5 1.5 2.5 3.5 4.5

Notes: The dependent variable in all the specifications is game attendance. The coefficient is
the difference in average attendance of home teams that ended their previous game with a point
difference just below the placebo cutoff and those that ended their previous game with a point
difference just above the cutoff (e.g., when “Cutoff” is -3.5 (as in column (2)), we compute the
difference in attendance of those that lost the previous game by 4 points and those that lost by
3 points). P-values are computed using randomization inference methods (see Cattaneo et al.,
2016).

Third, we run a key falsification exercise that assesses whether there are sys-

tematic differences between treated and control units. For this purpose, we run a

regression discontinuity design using two pre-determined covariates as outcomes: sta-

dium capacity (estimated as maximum attendance by team-season) and cumulative

winning percentage (without taking into consideration current and previous game).

2.4 Empirical Results

2.4.1 Main Results

Figure 2.4 displays visual evidence of the effect of winning a game on attendance in

the next game. We find a clear discontinuity around the home team’s win threshold,

which suggests that a team that barely won its last game has on average higher

attendance than a team that barely lost its last game.

Table 2.5 reports the results of the estimation using the local randomization

approach with games ending in a one-, two-, or three-point difference. We find a

54



Table 2.4: The effect of winning on pre-determined covariates (covariate
balance)

Dependent variable:
Stadium capacity Winning percentage

Coefficient 241.65 1.79
P-value 0.29 0.09
N 1796 1725
N left 896 857
N right 900 868

Notes: The dependent variables are stadium capacity computed as the maximum
attendance by team-season, and cumulative winning percentage in the season
excluding current and previous game. “Coefficient” is the difference in the average
of the dependent variable between home teams that won their previous game by 1
point and those that lost their previous game by 1 point. “N” indicates the sample
size, “N left” and “N right” respectively indicate the sample size for losers and win-
ners. P-values are computed using randomization inference methods (see Cattaneo
et al., 2016).

statistically significant increase of approximately 425 tickets sold for the next game

when we use the smallest possible window.2 To put this effect in perspective, the

increase in attendance is equivalent to 25% of the attendance increase generated by

holding a game on the weekend, and 10% of the attendance increase generated by

Michael Jordan (Humphreys & Miceli, 2020). This effect represents a lower bound of

the impact of winning on attendance because some games are sold out in advance,

which prevents a winning effect on sales.3

2To put this in perspective, consider Berri and Schmidt (2006)’s finding that each regular
season win is associated with a 25 person per game increase in road attendance for NBA
teams. They use a linear regression approach with season-level rather than game-level data
that does not separate team quality from the causal effect of wins.

3Given the long right tail observed in Figure 2.3, we also compute the main regressions
excluding games with attendance outside the percentiles 1 and 99 (see Table B.2 of the
Appendix). We find qualitatively similar results although smaller effects.
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Figure 2.4: The effect of winning on next game attendance
Notes: The figure provides visual evidence to assess the existence of a potential
discontinuity on game attendance by plotting conditional means of game atten-
dance for different bins of point difference in last game. It also plots an estimated
quadratic polynomial on each side of the cutoff at 0, and its associated 95% confi-
dence interval.

2.4.2 Externalities

Figure 2.5 provides visual evidence to assess the existence of a potential disconti-

nuity on game attendance in visitor games by plotting conditional means of game

attendance in these games for different bins of point difference in last game. It also

plots an estimated quadratic polynomial on each side of the cutoff at 0, and its asso-

ciated 95% confidence interval. The point estimate reported in the subtitle of the
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Table 2.5: The effect of winning on atten-
dance in the next game

Dependent variable: Game attendance
(1) (2) (3)

Coefficient 425.31 577.26 482.13
P-value 0.03 0.00 0.00
N 1796 4314 6728
N left 896 2182 3429
N right 900 2132 3299
Window 1 2 3

Notes: The dependent variable in all the specifi-
cations is game attendance. The coefficient is the
difference in attendance between home teams that
won their previous game and those that lost their
previous game by a small number of points (the
greatest margin of points considered is indicated
in the last row named “Window”). “N” indicates
the sample size, “N left” and “N right” respectively
indicate the sample size at each side of the run-
ning variable defined as home team points minus
opponent points in the previous game (i.e., pre-
vious losers and winners). P-values are computed
using randomization inference methods (see Cat-
taneo et al., 2016).

figure was estimated using a local randomization approach to regression discontinuity

design including only games that ended with a difference of 1 point (winners by 1

versus losers by 1). The associated p-value is computed using randomization inference

methods (see Cattaneo et al., 2016).

The previous estimate considers only the impact of winning last game on atten-

dance at the winners’ home games and as a consequence affects only their own revenue

derived from ticket sales. However, it may be the case that fans also pay attention to

recent performance of their rivals and therefore current performance of a team may
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affect attendance in games as visitor too. We test this hypothesis by estimating the

same regression discontinuity design for the case of games as the visiting team and

do not find any effect (see Figure 2.5), which implies that there are no externalities

from winning (i.e. the last win of a team does not increase or decrease attendance

when they play the next game as visitors). This contrasts with the case of super-

star externalities, which increase game attendance when the visiting team has certain

popular, high-performing players (see Berri & Schmidt, 2006; Hausman & Leonard,

1997; Humphreys & Miceli, 2020). This suggests that fans do take into account the

overall quality of the visiting team (which includes whether or not they have a super-

star) when deciding whether to attend a game, but are not responsive to very recent

performance of the visiting team.
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Figure 2.5: The effect of winning on next game attendance in visitor games
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2.4.3 Interpretation and Evolution over Time

Figure 2.6 shows the evolution over time of the estimated effect of winning on next

game attendance (y-axis). We use a 15-year rolling period. The effect is estimated as

the difference in attendance between home teams that won their previous game by a

small number of points and those that lost their previous game by a small number

of points. We consider three windows: games that end with at most a difference of 1

point, 2 points, and 3 points. The estimated effect can be interpreted as a demand

increase if the supply does not respond in terms of quantity (which is likely because

of the short term capacity constraints of stadiums) or price to the same event. This

would be plausible if ticket prices are set at the beginning of the season and there is no

secondary market. However, teams in the NBA have been using dynamic ticket pricing

since early 2010s, in part due to the increasing importance of the secondary market

for tickets that began even before this decade. We explore whether the estimated

effect varies over time running our regression discontinuity design using a 15-year

rolling window, where the supply is arguably unresponsive in early windows and

potentially more responsive in latter windows. We find a clear downward trend (see

Figure 2.6), which using the smallest possible window for the regression discontinuity

design with games ending with a one point difference approaches zero at the end of

our sample. This suggests that our estimate is a demand increase due to its magnitude

at the beginning of the sample where dynamic pricing was not in place and secondary

markets were not available. In addition, the downward trend is consistent with a

supply response to recent victories that can attenuate the attendance response by fans.

However, we are not able to rule out that this decrease is due to an increasing share

of games reaching maximum capacity, which would bias our estimates downward.

Figure 2.7 shows how the average game attendance by season has evolved in our
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sample period, showing a pronounced increase in the 80s and a stabilization in the

last two decades.
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Figure 2.6: The effect of winning on next game attendance over time

Nonetheless, an inspection of the share games sold out by season (defined as

games with attendance equal to the maximum by team-season) does not indicate a

clear increasing trend for all the games or for the sample of close games used in our

estimation (see Figure 2.8), which suggests that the falling response is not due to a

downward bias due to sell-outs being more important over time.
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Figure 2.7: Average game attendance by season
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Figure 2.8: Percentage of sold out games by season
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2.5 Conclusion

In this paper, we use a sharp regression discontinuity design to estimate the local

average treatment effect of a win on the attendance of a subsequent game in the

National Basketball Association with data spanning seasons from 1980-81 to 2017-18.

Our findings indicate that the fan base reacts to the most recent game outcome, with

an increase in attendance after close wins of approximately 425 additional attendants

(approximately 2.69% of the average attendance in regular season close games). This

result is one-eighth of the superstar effect and one-quarter of the weekend effect

reported by Humphreys and Miceli (2020), and provides evidence of the potential

influence of recent team performance on revenue through ticket sales. In contrast,

fans do not react to a recent victory of the visiting team, ruling out the existence of

externalities.

Our findings may represent an under estimation of the true local average treat-

ment effect of a win on attendance because of at least two factors. First, stadium

capacity limits the attendance response to recent victories, which implies that our

outcome variable is censored at different values depending on where the team plays

(i.e., attendance cannot increase over the maximum stadium capacity). Second, supply

responses through price increases after recent victories may attenuate the observed

responses (i.e., ticket sellers may increase the price of each ticket in response to an

increase in demand). Unfortunately, we do not have game-level data on the evolution

of ticket prices over time to check this conjecture. Moreover, platforms that allow

individuals re-sell their tickets make this task even more difficult.

This result is consistent with fans having a preference for victories (and distaste for

losses) and revising the probability of winning upward due to momentum or winner

effects. Although the evidence remains mixed, several quasi-experimental studies over
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the past decade confirm the existence of positive performance momentum in profes-

sional sports (see for example, Arkes, 2011; Arkes & Martinez, 2011). In addition,

Arkes (2011) finds that gamblers incorporate momentum into predictions. An alter-

native explanation is that close wins are given more media coverage (for a study on

the relationship between team performance and TV viewership Mondello, Mills, &

Tainsky, 2017), which increases short term demand for attending games. Regardless

of the underlying mechanism, the finding suggests yet another setting in which lucky

successes are rewarded, an apparent violation of the informativeness principle (Gau-

riot & Page, 2019b). Interestingly, Arkes (2011) finds strong evidence for the exis-

tence of a momentum effect and gamblers incorporate momentum into predictions

on the game outcomes. However, betting odds significantly overstate the importance

of momentum. We used local randomization methods to check the effect of winning

a close game on betting markets. As shown in Table B.3, teams winning a previous

close game are 7 percent more likely to be the favored team. Table B.4 and Table

B.5 shows that close game winners are projected to lead 1.19 and 1.13 points more

in open points spread and close points spreads, respectively. 4

Finally, we also document that the attendance response to recent victories has

declined over time, which is consistent with three non-mutually exclusive hypotheses.

First, it could be that the attendance response was attenuated by the rise of sec-

ondary markets and dynamic ticket pricing by NBA teams in the early 2010s (Jessop,

2012). Second, the attendance response may have declined as the share of sell-out

games increased, capping the attendance effect on sales. However, our evidence sug-

gest that the latter explanation is not supported by the data. Third, the large growth

in television broadcasting and live streaming since the mid-nineties could have pro-

4We acquired NBA betting odds data from season 2008-2018 from Historical NBA Scores
and Odds Archives
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vided a viewing alternative that attenuated the attendance response to recent game

outcomes.

64



Chapter 3

Online Ticket Platform: A Tale of Two Markets

3.1 Introduction

In 2015, live music industry revenue in the United States reached 7.2 billion and it is

projected to grow to 9.1 billion in 20211. The online tickets vendor, Ticketmaster, is

the dominant primary platform for concert tickets with over 80% of the U.S. market

share (Roberts, 2013). It operates like a venue box office of bygone days that con-

stitutes the "primary market" where new tickets are sold. In recent years, fans have

complained not about the non-availability of tickets in the primary market and the

service fees charged by online ticket platforms. Meanwhile platforms like TicketsNow,

and Stubhub also allow fans to purchase tickets from scalpers and other fans who can

no longer attend the concert and decide to resell their tickets. TicketsNow has a few

major competitors. These competitors include Stubhub, TicketNetwork, Seatgeek,

Vivid Seats. In February 2008, TicketsNow was acquired by Ticketmaster for $265

million and currently operates as a wholly-owned, independently operated subsidiary.

In recent years, fans complained not only about the non-availability of tickets in the

primary market but also the service fees charged from online ticket platforms. During

Bruce Springsteen’s “Working on a Dream tour in 2009”, there was controversy con-

cerning TicketsNow. Fans reported that Ticketmaster had sent them to TicketsNow,

1See https://www.statista.com/statistics/491896/live-music-industry-revenue-in-the-us-
by-source/
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where tickets were sold at a higher price, but face-value tickets were still available on

Ticketmaster’s main site (Nakashima, 2009).

Ticketmaster and Live Nation proposed a merger in early 2009. Live Nation is the

largest concert producer in the world, while Ticketmaster is the largest major ticket

seller. Live Nation Entertainment controlled over 80% of the US primary ticket sales

market. The combination of two companies would be “both a horizontal and vertical

merger," according to antitrust regulators (Buskirk, 2009). On January 25th, 2010,

the merger was approved by the US Department of Justice. The new corporation

would be in charge of concert promotion, marketing, ticketing, and merchandising.

In 2013, Ticketmaster introduced a new ticketing resale platform (known as TM+).

Musicians can sign up for Ticketmaster resale, which allows both fans and ticket

brokers to resell their tickets to other fans on the Ticketmaster platform (Lin, 2014).

Ticketmaster charges fixed service costs in the primary market and sets resale fees as

a predetermined percentage of resale pricing. Ticketmaster use this setup to prohibit

tickets from being sold for less than their face value. Furthermore, for these resale

transactions, the firm will be allowed to receive a ten percent charge from both the

buyer and the seller (Knopper, 2013). Stubhub, on the other hand, charges a 10% fee

to the buyer and a 15% fee to the seller. TM+ can assist customers by providing a

convenient one-stop-shop for purchasing tickets. When a ticket seller participates in

both the primary and secondary markets, however, conflicts of interest may arise. For

example, Ticketmaster may reduce the supply of face-value tickets by giving promoters

greater incentive to sell them directly on the secondary market for a higher price. As a

result, the TM+ system’s effective implementation could have a significant impact on

the ticket reselling market (Lin, 2014). This paper builds a theoretical model to show

that this pricing policy acts like a two-part tariff on tickets scalpers and increases
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revenue for the platform. The welfare effect under different policy regimes is also

discussed.

3.2 Background

A concert ticket is both an experience good and perishable good. 2 It has some unique

features that distinguish itself from a common economy good. First of all, bands and

musicians have a monopoly power on the market, especially when it comes to their

devoted fans. Secondly, concerts generally have a high fixed cost but a low marginal

cost from a production standpoint. Concerts markets also differ from sports event

markets since sports fans usually can substitute between different games whereas

avid concert fans can only have one or two chances to see their favorite musician in a

designated city. Also, musicians sell merchandise and CDs in addition to their music.

Indeed, most revenue comes from record sales. Lastly, the existence of a resale market.

This is a critical element for the concert market since it essentially states that any

sub-optimal pricing in the primary market signifies a scalping possibility. There is ex

ante uncertainty how popular a given event will be and whether it will sell out or

not. Dynamic pricing can help, but the scalping pricing might be akin to the capital

gains that are seen due to "underpricing" of shares of companies that do IPOs when

the demand for the shares are better than expected. Notice that this is also similar

to IPO market, see (Gupta & Rust, 2007).

It’s also a unique feature in the concert market since resales are banned for other

perishable goods like hotel rooms or airline tickets. For hotel room booking, the

common practice is free-cancellation within 24 hours of reservation, whereas for flight

2Experience goods: those that can be accurately evaluated only after the product has
been purchased and experienced. Many personal services fall into this category (e.g. restau-
rant, hairdresser, beauty salon, theme park, travel, holiday ). https://en.wikipedia.org/
wiki/SEC_classification_of_goods_and_services
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tickets, the cancellation policy is usually replaced by a rescheduling option with a

fixed fee.

Artist

Manager

Promoter

TickermasterVenue Stubhub, Ticketmaster, etc.

Scalper

Concert Fan

Figure 3.1: Organization of live event ticket market

Figure 3.1 displays the current economic structure of the concert ticket business.

We can see that online marketplaces play an important role in both primary and

secondary markets. Today, a concert event typically starts with an artist planning

her tour with her manager. The manager, who takes about 15 percent of the artist’s
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gross take from a concert, negotiates with the promoter. The promoter figures out

how many seats are available, what the production costs are, what the guarantee they

might have offered the artist is, and arrives at pricing for the show, arrives at a total

gross they need to achieve for the show. The promoter goes to find a ticket distributor

and negotiates with the venue to hold the concert at the venue. The promoter will hire

a company to distribute the tickets. Ticketmaster is the major player in today’s event

ticket market. The revenue breakdown among the different parties will vary depending

on a given deal. In most cases, between 30 and 50 percent of the ticket price is used

to cover costs, with the 85% of the remaining revenue going to the performers and 15

percent to the promoter. In addition to the face amount of the ticket, there are the

dreaded "service fees" that vendors like Ticketmaster put on. The service fees cost

an average of 21% of the ticket price in New York, but they can cost up to 100%

of the face value.3. Both StubHub and TicketMaster charge fees for their services.

Listing and searching for tickets are free of charge though. For instance, if you want

to buy a ticket worth $100, you will pay $110, while the seller will get $85. All fees

are explained on both websites though. Reselling tickets on any of these websites can

result in losing money, but there are no other options if you can no longer attend an

event. 4 According to Ticketmaster’s official description of its service fee and order

processing fee:

In almost all cases, Ticketmaster adds a service fee (also known as a

convenience charge) to the face value price, or in the case of a resale

ticket to the listing price, of each ticket. The service fee varies by event

based on our agreement with each individual client...

3https://freakonomics.com/podcast/live-event-ticket-market-screwed/
4https://sites.google.com/site/legitticketsites/ticketmaster-vs-stubhub
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Indeed, Ticketmaster, the primary market ticket vendor, can use high resale fees

to deter professional ticket brokers in the secondary market. However, the existence

of rent-seeking resale activity boosts the revenue Ticketmaster collected from resale

fees. Given the resale fee in proportion to resale ticket prices, the platform may

benefit from setting a lower face value for the primary market tickets and hence

encourage scalpers to enter the market and sell those tickets with a higher profit

margin. It’s also worth noting that, in an effort to combat scalpers, Ticketmaster

adopted dynamic pricing in 2011, which sets variable rates based on demand.(Pham,

2011). This is similar to the airline’s pricing system. According to Ticketmaster,

more than half of NBA and MLB teams use this system; nevertheless, the strategy

never caught on in the music industry. According to one recent survey, dynamic

pricing is unpopular with music fans (Brustein, 2012). Despite the system’s lack of

broad use, the introduction of this option highlighted Ticketmaster’s intention of

claiming a share of the secondary market business. Alternatively, the auction can also

be a good instrument to eliminate the secondary market speculators and increase

revenue for platforms. In 2003, Ticketmaster introduced auction as a primary-market

pricing method for some concerts, alongside the fixed pricing policy. Bhave and Budish

(2017) show theoretically that Ticketmaster’s auction design has attractive efficiency,

revenue, and no-arbitrage properties. Then, by combining primary-market auction

data with secondary-market resale-value data from eBay, they showed that the auction

nearly eliminated the arbitrage profits from brokers. Nevertheless, the auction failed

to take off (2003-2011). Bhave and Budish (2017) speculated that the reason for

this is the inconvenience and costs of implementing auctions compared to posted

prices, consistent with the finding of Einav, Farronato, Levin, and Sundaresan (2018).

Moreover, for some events, Ticketmaster also implemented the "Paperless Ticket"

system, which requires customers to show the credit card used to purchase the ticket as
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well as a photo ID to enter the venue, making reselling through other resale platforms

extremely difficult5.

3.3 Literature Review

Connolly and Krueger (2006) documented two puzzles in concert ticket pricing in

recent decades. The first well-known puzzle is face-value underpricing documented

in (Becker, 1991; Connolly & Krueger, 2006; Kahneman, Knetsch, & Thaler, 1986;

Rosen & Rosenfield, 1997) and the second puzzle is the lack of price discrimination

in ticket pricing. (Leslie & Sorensen, 2013). Economists offered several explanations

for the underpricing puzzle in concert markets. Kahneman et al. (1986) argued that

customers value being treated fairly, and the market-clearing price may be considered

unfair. If attending a concert is viewed as a social event rather than an economic

transaction, fairness is likely to be a more important consideration. Excess demand

may create an endowment effect among fans, causing them to refuse to sell their

tickets even if the resale price skyrockets. Another explanation is social influences

on pricing proposed in Becker (1991). Ticket underpricing leads to excess demand

and fans may enjoy the concert better in a full house. Another possible reason for

low pricing is to maximize merchandise revenue and records revenue. The price of a

concert ticket is set lower than it would be in the absence of complementary goods

because a larger audience increases sales of complements and raises revenue (Rosen

& Rosenfield, 1997). Bands or musicians may also want to keep the price low for their

younger fans who has a tighter budget and that news about tickets sold out in minutes

increases popularity. However, excess demand induces scalping and this may overturn

the goodwill of artists. As Connolly and Krueger (2006) pointed out, the lack of

sufficient price discrimination includes both inter-temporal price discrimination and
5See https://www.ticketmaster.com/mileycyrus/faq.html
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price variation with respect to seat qualities. Courty and Pagliero (2012) analyzed the

impact of price discrimination with respect to seating categories on concert tickets sale

revenue. Price discrimination increases revenue by about 5% as compared to uniform

pricing. The return to an increase from three to four concert seat categories is roughly

half that of an increase from one to two. Leslie and Sorensen (2013) acquired data

from 56 rock concert in 2004 summer from Ticketmaster. They discovered that among

seats with similar face values, those with better seat quality are more likely to be sold

on the secondary market. The resale price is 40% above the face value of the ticket on

average and resale profit is about 1 million. Leslie and Sorensen (2013) showed that

observed levels of resale increase allocative efficiency by 5% on average, but a third

of this increase is offset by costly rent-seeking in the primary market and transaction

costs in the resale market.

Should promoters ban resale activities? While it’s almost clear that price discrim-

ination increases revenue for the monopolist seller, it remains unclear the relationship

between promoters’ profit and ticket brokers’ arbitrage activity. This question relates

to the literature on secondary markets for used goods. Rust (1986) illustrates that if

consumers determine when to resale their durable products endogenously, the monop-

olist may lower the product’s durability on purpose. Anderson and Ginsburgh (1994)

find that a used-goods market can benefit a monopoly seller by allowing it to price

discriminate customers when customers have diverse tastes for new and used items.

Hendel and Lizzeri (1999) demonstrates that a monopolist can gain from the sec-

ondary market, although the used-goods market will compete with the new-goods

market. Gillingham, Iskhakov, Munk-Nielsen, Rust, and Schjerning (2019) also finds

that existence of a secondary market will increase new car sellers’ profit.

Recent papers on concert ticket resales suggest that under certain assumptions,

concert ticket promoters and distributors can indeed benefit from ticket brokers’
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resale activity. Courty (2003) offers a two-period model on ticket pricing with demand

uncertainty. The monopolist can sell to early arrival consumers who are uninformed

about their valuations or/and late informed arrivals. His model predicts that it is

never optimal to use rationing or inter-temporal sales. In addition, the monopolist

cannot do strictly better by allowing resale. Karp and Perloff (2005)’s work implies

that promoters can benefit from the entry of the scalpers in a threshold equilibrium

where buyers’ payoff function is not common knowledge. One of the key assumptions

in their model is that scalpers can perfectly price discriminate and the monopolist

can use scalpers as their agents to sell tickets to high-type consumers in a later

period. Geng, Wu, and Whinston (2007) suggest that partial resale (spot resale only)

may outperform no resale when the seller has limited capacity, the number of high-

valuation consumers is small enough and the number of early arrivals is not too

large. Su (2010) demonstrated that the presence of scalpers increases an event orga-

nizer’s profit by allowing the event organizer to sell tickets to scalpers ahead of time

and transfer inventory risk to the scalpers. Y. Cui, Duenyas, and Şahin (2014) dis-

covered that event organizers can benefit from decreased resale transaction costs

as well as offering customers the option of purchasing tickets later. According to

(Cusumano, Kahl, & Suarez, 2015), Craigslist’s entry into the concert-ticket resale

market enhances primary-ticket prices for prominent bands while lowering them for

less popular bands. Lewis, Wang, and Wu (2019) showed that the presence of a sec-

ondary market for Major League Baseball season tickets enhances demand in the

primary market. Secondary-market regulations, such as minimum-list-price restric-

tions, on the other hand, will lower season-ticket demand.

This paper is also related to recent literature in applying dynamic pricing for per-

ishable goods. Gale and Holmes (1993) showed that monopolist airline ticket seller can

benefit from allowing advance purchase of discounted tickets for low demand flights
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while limiting discount tickets on peak demand flights. Dynamic pricing models pro-

posed by Gallego and Van Ryzin (1994) and McAfee and Te Velde (2006) assume a

single seller faces stochastically arriving buyers, with valuations drawn from a time-

invariant distribution, who have to buy at once or exit the market forever. These

assumptions imply that each seller’s demand is time-invariant and that sellers should

lower prices over time. On the other hand, if consumers can act strategically as

assumed in Levin, McGill, and Nediak (2009) and Board and Skrzypacz (2016), then

a higher price today implies higher demand in the future. But demand in earlier

periods tends to be more elastic, so sellers’ optimal price maybe rising over time.

Meanwhile, a decreasing pricing pattern is found in airline tickets sales (McAfee &

Te Velde, 2006). Shapiro and Drayer (2012) explored the pricing of tickets to the

New York Giants football games during the 2010 season and foiund that a dynamic

pricing strategy allows the team to sell more tickets at higher total revenue than

committing to a time-invariant pricing strategy. Sweeting (2012) examines dynamic

pricing strategy used in the secondary market for Major League Baseball tickets in

2007 and claimed that dynamic pricing strategy increases seller’s expected revenue

by 16%. More closely related to paper regarding recent concert ticket markets are

Su (2010) and Zou and Jiang (2020). Su (2010) shows that the presence of scalpers

will increase an event organizer’s profit because the event organizer can sell tickets to

scalpers early and transfer the inventory risk to them. Zou and Jiang (2020) shows

that integration of primary and secondary ticket platforms can lower the service fees

in both markets, alleviating double marginalization in the primary market and bene-

fiting the musician and consumers. Zou and Jiang (2020) assumes that there always

exist a small number of scalpers who indeed reduce the concert ticket price and ben-

efit the musicians and consumers. In my model, I endogenize the entry decisions of

scalpers in the secondary model and a high resale service fee will reduce the number
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of scalpers in the market. However, the presence of scalpers increases resale prices

but increases consumer welfare and platform revenue in some cases.

3.4 Model

3.4.1 Timeline

T=1

.Seller with K tickets sets p1 and p2

S scalpers enter Fans make purchases

T=2
Fans-primary market Fans-secondary market

Figure 3.2: Timeline of ticket market

Figure 3.2 describes the timeline of my model. The two-period model starts with

a risk-neutral seller with K tickets in period 0. The platform sets the primary market

ticket price for period 1 and period 2. At period 0, scalpers observe the primary market

prices and decide whether to enter the market. I assume that scalpers have access to

the tickets earlier than fans because they use ticket bots. The model captures the

one key element of the current concert market structure by allowing the platform to

generate its revenue from two sources: direct primary market tickets sale and resale

fees collected from an open secondary market.
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3.4.2 Consumers

Each fan demands exactly one unit ticket but may have different valuations for the

unit. Fan valuations are either vH (avid fans) or vL (casual fans) (vH > v
L
> 0), and

sizes of each fan group are H and L. Assume demand is deterministic for now and the

fans arrive in two periods. In the first period, fans and speculative brokers purchase

tickets from the online ticket vendor. In the second period, the secondary market opens

and the rest of the fans arrive and make purchase decisions. When t = 1, fraction ✓ of

the consumers arrive and make a purchase or leave decision based on the current price

in the primary market. ✓ 2 (0, 1). At t = 2, the rest 1� ✓ consumers arrive and buy

the ticket from either the primary online market or secondary platforms or leave. At

period 1, a deterministic portion of fans arrive at the market and make decisions to

either make a purchase or leave. At period 2, rest of fans arrive and make a purchase

from either platform or scalpers.

Table 3.1: Consumer arrival

Consumer Arrival v
H

v
L Total

t=1 ✓H ✓L ✓(H + L)
t=2 (1� ✓)H (1� ✓)L (1� ✓)(H + L)
Total H L H+L

3.4.3 Platform

The platform assigns the concert to one venue in the designated city. The venue has

a fixed capacity of K seats. For the following analysis, K is exogenously determined.

Musicians or managers set fixed face value for tickets and platforms set fixed per

ticket fees for primary market tickets. Hence, the primary market ticket price equals

face value plus a fixed service fee. Without loss of generosity, I assume that face value

equals zero and the platform operates as the single ticket seller and sets primary
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market ticket price over time. The platform operates over two time periods and lets

pt denote the unit event ticket price in period t, t=1,2. I first analyze the case when

the platform uses the fixed primary market prices, i.e., p = p1 = p2. Then I explore

the case when the seller applies a dynamic pricing strategy to maximize the expected

revenue. The platform also sets a resale fee � as a percentage of resale prices for the

scalpers. The platform’s goal is to maximize its total expected revenue. Here, the

platform has two sources of revenues: one from primary market ticket sales and one

from tickets resale fees in the secondary market. The resale fee is charged based on a

fixed percentage of resale price makes it an interesting case. If the resale fee is set as

a fixed amount per ticket just like the primary market ticketing fee, then this model

can degenerate to the case when there is no transaction fee in the secondary market

by setting consumer valuation to (vH�resale_fee v
L�resale_fee). In the following

analysis, I start with analyzing the toy model with an exogenously determined resale

fee. Then I consider the case when the platform jointly considers the optimal price

and resale fee to maximize its revenue.

3.4.4 Scalpers

Ticket brokers or scalpers are speculative traders who arrive early and purchase the

ticket purely to resell the ticket at a higher price later. Scalpers have zero valuation

for the ticket. Suppose a continuum of S̃ scalpers from [0, 1] decide whether to enter

the market at t = 1 and sell their tickets at t = 2. For simplicity, I assume that each

scalper buys one ticket immediately after the primary market opens. In reality, a ticket

broker who trades multiple units can be treated as multiple scalpers in this model as

long as the trade size is small relative to the entire group of ticket resellers. Also, the

wide application of ticket bots makes it possible for ticket brokers to purchase a large

number of tickets once it goes online ahead of most fans. I assume all scalpers incur a
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transaction cost cs drawn from uniform distribution F (c) with support [0, c]. Hence,

potential scalpers may purchase in period one as long as they find it profitable to do

so. For simplicity, I assume that scalpers queue in increasing order of their transaction

cost and enter the market sequentially. Hence, the marginal scalper’s transaction cost

equals his profit from reselling the ticket (only consider the case when transaction

cost is binding).

3.4.5 Assumptions

Three assumptions are made to make the equilibrium results more close to the real

world scenario.

A1. vLK > v
H
H

A2. max{H, ✓(H + L)} < K < min{✓L+H, (1� ✓)L+H}

A3. vH(1� �)� v
L
< c <

2L
H
(vH � v

L)

3.5 Equilibrium Analysis

3.5.1 Market without Scalpers

The first case is when there is no resale market and hence the platform’s revenue is

purely from the primary market ticket sales.

Lemma 1 p
⇤ = v

L is a dominant strategy for the platform under uniform pricing

regime.

Proof. This is a direct result from Assumption A1. A1 implies that it is more profitable

for the platform to sell all tickets at lower prices than selling only to those high

valuations fans at a higher price.
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Lemma 2 Optimal pricing strategy for the platform under dynamic pricing depends

on the value of ✓.

p
⇤
1, p

⇤
2 =

8
>><

>>:

v
H
, v

L if ✓ � K

2H+L

v
L
, v

H if ✓ <
K

2H+L

See Appendix for a proof of Lemma 2. Table 3.2 compares optimal pricing policies

under uniform pricing and dynamic pricing. As we can see, when there is no resale

activity, dynamic pricing generates a strictly higher revenue for the platform regard-

less of the value of ✓. For high values of ✓, the platform should start with a high price,

and decrease price over time. For low values of ✓, the platform should increase price

over time. Allocation of tickets are presented in Table 3.2. Dynamic pricing strategy

allocates more tickets to high valuation consumers regardless the value of ✓.

Table 3.2: Ticket market with no resales

Case Uniform Pricing Dynamic Pricing Dynamic Pricing
✓ ✓ ✓ � K

2H+L
✓ <

K

2H+L

Optimal Price p
⇤ = v

L
p
⇤
1 = v

H
p
⇤
2 = v

L
p
⇤
1 = v

L
p
⇤
2 = v

H

Revenue v
L
K v

L
K + (vH � v

L)✓H. v
L
K + (vH � v

L)✓(K � ✓(H + L))

Allocation(H) HK

H+L

H(K+✓L)
H+L

K � ✓L

Allocation(L) LK

H+L

L(K�✓H)
H+L

✓L

3.5.2 Market with Scalpers: Uniform Pricing in Primary Market

The equilibrium results can be solved using backward induction method. Suppose

the platform sets primary market tickets price p1 = p2 = p
⇤ and after first period, S

tickets are purchased by scalpers whereas F1 tickets are sold to fans.

F1 = min(✓(H + L), K � S)
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Hence, the number of remaining high-type fans when the secondary market opens

is:

H̃ = (1� ✓)H � (K � S � F1)
H

H + L

Lemma 3 Suppose the platform at t=2 has K � F1 tickets remaining, and there are

S scalpers in the market. Then the equilibrium resale price including service fees is

p
s =

8
>><

>>:

v
L if S > H̃

v
H if S  H̃

Also, the number of scalpers in equilibrium equals the number of high valuation cus-

tomers in second period if the transaction cost constraint is not binding for the

marginal scalper.

Proof. The broker will make a purchase in period one as long as his expected

payoff from selling the ticket to consumers in a later period is greater than or equal

to zero. Demand in the secondary market is H̃ and supply is S. If S > H̃, ps = v
L and

if S  H̃ , ps = v
H . If F1 = ✓(H + L), then S = (H + L�K)H

L
. F1 + S < K implies

that ✓L+H  K, this violates Assumption 2. Hence, F1 = K�S and S = (1�✓)H.

Proposition 1 Let the transaction cost of each scalper cs be distributed as F (c).

Then, the number of scalpers, S
⇤, who enter the market in equilibrium is solved by

the following equation:

E(cMax

s
) =

Z
c

0

sf(c)F s�1(c)xdx = v
H(1� �)� v

L (3.1)

Proof. The probability density function of the 1st order statistic of s draws of

cs is f
Max

s
= sf(c)F s�1(c). Hence, E(cMax

s
) =

R
c

0 sf(c)F s�1(c)xdx. From Lemma

4 we know that when there is no cost of entry for scalpers, the total number of
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scalpers entering the market equals the number of high valuation fans in the second

period. From Assumption 3, we know that the entry cost constraint is binding if

S
⇤ = (1 � ✓)H. Hence, the number of scalpers S

⇤ in equilibrium would be less than

S and the marginal scalper with the highest transaction cost would be making zero

profit such that Equation (1) satisfies.

Lemma 4 It’s optimal for the platform to set primary ticket prices equal to v
L for

both periods if � >
(vH�v

L)✓H
vHs⇤ Otherwise, platform’s optimal pricing strategy would be

p1 = v
H and p2 = v

L.

See a complete proof of lemma 4 in Appendix B.

3.5.3 Welfare Analysis

For simplicity, I only compare the welfare in the case when S
⇤ = (1 � ✓)H. Notice

that the optimal pricing for platform and scalpers remain unchanged for all S⇤. When

there is a resale market, the optimal price policy for the platform depends on the value

of consumer arrival rate and the exogenously determined resale service fee. Indeed we

find that for sufficiently small ✓ and large �, the platform will set ticket price low for

both periods and max her revenue collected from an active resale market whereas for

large ✓ and � the platform would be better off to kill off the resale market. Although

there is no demand uncertainty in this model, the value of ✓ is a relative measure

of the arrival rate of consumers, especially for the high valuation fans. As shown in

Table 3.3, uniform pricing with p
⇤ = v

L is preferred if ✓ <
�v

H

(1+�)vH�vL
. Otherwise a

decreasing pricing strategy generates more revenue for the platform. In particular, if

✓ is greater than 1
2 , consumer welfare is higher in the uniform pricing case since more

tickets are allocated to high valuation fans. Otherwise, consumer welfare would be

higher if more tickets are allocated to high valuation consumers in this scenario. Here

81



I define consumer welfare as the price they pay for the tickets plus consumer surplus.

In the case of no resale, social surplus equals consumer welfare but in the presence

of a resale market, the social surplus is consumer welfare minus total transaction

cost from scalpers. Hence, uniform pricing will generates a higher social surplus if
(1�✓)2

1�2✓ <
2(vH�v

L)L
(H+L)Hc

.

Table 3.3: Ticket market with resales

Case Uniform Pricing Dynamic Pricing
Optimal Price p

⇤
1 = p

⇤
2 = v

L
p
⇤
1 = v

H
p
⇤
2 = v

L

Revenue v
L
K + �v

H(1� ✓)H v
L
K + (vH � v

L)✓H

Allocation(H) HK+(1�✓)HL

H+L

H(K+✓L)
H+L

Allocation(L) LK�(1�✓)HL

H+L

L(K�✓H)
H+L

Consumer Welfare HK+(1�✓)HL

H+L
v
H + LK�(1�✓)HL

H+L
v
L H(K+✓L)

H+L
v
H + L(K�✓H)

H+L
v
L

Transaction Cost (1�✓)2H2
c

2 0
Social Surplus HK+(1�✓)HL

H+L
v
H + LK�(1�✓)HL

H+L
v
L � (1�✓)2H2

c

2
H(K+✓L)

H+L
v
H + L(K�✓H)

H+L
v
L

Proposition 2 The threshold of ✓ for p1 = p2 = v
L to be socially optimal is lower

than the threshold for the uniform pricing to optimal strategy for the platform.

Proof. See Appendix B

3.5.4 Endogenize Resale Fee

Previously, we assumed that the concert resale fee is exogenous. Online ticket vendors

can charge different fees for different artists, venues, or even seat sections. In this sec-

tion, I derive the analytical form for an optimal resale fee (as a percentage of reselling

price) assuming that all scalpers have the same uniformly distributed transaction

cost distribution cs ⇠ F (c). Suppose F(c) follows a uniform distribution on [0, c]. The

expectation of the maximum of S draws of cs is simply S

S+1c
⇤. From Lemma 4, we can

solve for S such that,
S

S + 1
c = v

H(1� �)� v
L (3.2)
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S =
v
H(1� �)� v

L

c+ vL � vH(1� �)
(3.3)

Platform’s problem:

max vLK + �v
H
S = v

L
K + �

v
H(1� �)� v

L

c+ vL � vH(1� �)
v
H (3.4)

Let d = v
H � v

L, platfrom’s revenue = v
H
�(vH�+d)

c�d+vH�

F.O.C with respect to �

� =
c� d±

p
(c� d)2 � d(c� d)

vH
(3.5)

We need c � 2d to be a positive number to have solutions from the polynomial

root equation above and the larger root is ruled out because it generates a negative

value of S from equation (3). Hence, we have

�
⇤ =

c� d�
p

(c� d)2 � d(c� d)

vH
=

c+ v
L � v

H �
p
(c+ 2vL � 2vH)(c+ vL � vH)

vH

(3.6)

Proposition 3 Optimal service fee is increasing in upper bound of scalpers’ trans-

action cost and valuation of causal fans, but decreasing in the valuation of avid fans.

Also, it’s decreasing in the valuation gap between the two fan groups.

Proof. We examine the effect of change in c, d, vH and v
L in �

⇤. We found that
d�

dc
> 0, d�

dvL
> 0, d�

dvH
< 0, d�

dd
< 0.

3.6 Final Remarks

Previous theoretical studies on concert ticket markets show that monopolist sellers

can use ticket brokers as their agents to maximize ticket sale revenue when there

is demand uncertainty or a fraction of consumers are forward-looking. My model
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shows that, even if there is no demand uncertainty and consumers are myopic, online

platforms can still benefit from an active resale market when they foresee demand

is higher than fixed venue capacity. In particular, the service fee generates sizable

revenue for the platform, especially when more high valuation fans arrive at a later

period.

Although the optimal resale price (including service fee) for the scalpers in my

model remains unchanged when service fee � changes, the number of scalpers entering

the market does change, altering the gain from resale for the platform. The model

also gives insight into the puzzle of the low face value of concert tickets in the primary

market. A lower face value encourages more scalpers to enter the market when the

transaction cost is binding for the marginal scalper. A lower face value combined with

a resale fee mimics the two-part tariff mechanism and maximizes the revenue for the

platform. In some cases, this policy dominates the alternative dynamic pricing policy.

This model also sheds light on consumer welfare and social surplus under dif-

ferent policy regimes and market structures. For low values of consumer arrival in

the first period, it’s more profitable for the platform to operate with the presence of

rent-seeking ticket brokers and more tickets sold to high-valuation fans in this case.

However, the transaction cost evolved in the resale activity may offset the gain in

consumer welfare. Hence, an even lower consumer arrival rate ✓ is required to make

concert market with an active ticket resale market socially optimal.

84



Appendix A

Appendix to Chapter 1

Table A.1: Correlation matrix

Price Promise Attribute1 Attribute2 Seller type Plus Member City level
Promise -0.18⇤⇤⇤ 1
Attribute1 0.17⇤⇤⇤ 0.030⇤⇤⇤ 1
Attribute2 0.49⇤⇤⇤ 0.046⇤⇤⇤ 0.59⇤⇤⇤ 1
Seller type 0.14⇤⇤⇤ -0.47⇤⇤⇤ 0.13⇤⇤⇤ -0.06⇤⇤⇤ 1
Plus member 0.066⇤⇤⇤ -0.081⇤⇤⇤ 0.060⇤⇤⇤ 0.057⇤⇤⇤ 0.0868⇤⇤⇤ 1
City level -0.058⇤⇤⇤ 0.336⇤⇤⇤ -0.044⇤⇤⇤ -0.014⇤⇤⇤ -0.063⇤⇤⇤ -0.096⇤⇤⇤ 1
Purchase power -0.115⇤⇤⇤ 0.092⇤⇤⇤ -0.060⇤⇤⇤ -0.063⇤⇤⇤ -0.088⇤⇤⇤ -0.243⇤⇤⇤ 0.085⇤⇤⇤
⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001

Note. Price is the final unit price and promise is the promised delivery days.
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Table A.2: Regression: Promised delivery time

(1) (2) (3) (4)
Dependent variable promise_time promise_time promise_time promise_time
week_number=1 0.305⇤⇤⇤ 0.306⇤⇤⇤ 0.125⇤⇤⇤ 0.125⇤⇤⇤

(0.00730) (0.00704) (0.00735) (0.00701)
week_number=2 0.215⇤⇤⇤ 0.234⇤⇤⇤ 0.0305⇤⇤⇤ 0.0489⇤⇤⇤

(0.00785) (0.00756) (0.00782) (0.00745)
week_number=3 0.266⇤⇤⇤ 0.263⇤⇤⇤ 0.0829⇤⇤⇤ 0.0782⇤⇤⇤

(0.00747) (0.00719) (0.00754) (0.00718)
week_number=4 0.255⇤⇤⇤ 0.254⇤⇤⇤ 0.0638⇤⇤⇤ 0.0618⇤⇤⇤

(0.00694) (0.00671) (0.00717) (0.00684)
Seller type -2.004⇤⇤⇤ . -1.972⇤⇤⇤ .

(0.0164) . (0.0164) .
City_level=2 0.158⇤⇤⇤ 0.160⇤⇤⇤

(0.00444) (0.00425)
City_level=3 0.485⇤⇤⇤ 0.486⇤⇤⇤

(0.00659) (0.00633)
City_level=4 0.610⇤⇤⇤ 0.612⇤⇤⇤

(0.00726) (0.00700)
City_level=5 0.902⇤⇤⇤ 0.919⇤⇤⇤

(0.0304) (0.0298)
Cons 3.105⇤⇤⇤ 1.254⇤⇤⇤ 3.027⇤⇤⇤ 1.204⇤⇤⇤

(0.0165) (0.00566) (0.0166) (0.00567)
Brand FE Yes No Yes No
Product ID FE No Yes No Yes
N 72359 72359 72359 72359
adj. R2 0.475 0.509 0.550 0.584
Standard errors in parentheses
⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001
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Table A.3: Regression: Final unit price

(1) (2)
Dependent variable price price
Promise_time 0.00116 -0.133

(0.01) (-0.99)

week_number=1 0.653 0.562
(1.42) (1.20)

week_number=2 11.42⇤⇤⇤ 11.31⇤⇤⇤
(23.28) (22.64)

week_number=3 8.766⇤⇤⇤ 8.671⇤⇤⇤
(18.48) (17.92)

week_number=4 10.34⇤⇤⇤ 10.25⇤⇤⇤
(22.43) (21.73)

Seller type -0.634 -0.886⇤
(-1.65) (-2.28)

Attribute1 -17.26⇤⇤⇤ -17.25⇤⇤⇤
(-35.46) (-35.44)

Attribute2 0.500⇤⇤⇤ 0.500⇤⇤⇤
(31.78) (31.77)

City_level=2 0.0695
(0.33)

City_level=3 0.215
(0.81)

City_level=4 0.510
(1.77)

City_level=5 2.348⇤⇤
(2.91)

Cons 105.6⇤⇤⇤ 106.0⇤⇤⇤
(108.06) (108.07)

N 72359 72359
t statistics in parentheses
⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001
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Table A.4: Summary statistics by gender

Gender Male Female
Mean Std. Mean Std.

shop_days 0.82 1.33 1.00 1.43
sameday_dummy 0.76 0.44 0.68 0.47
last_minute_dummy 0.33 0.47 0.28 0.45
click_count 12.97 12.85 14.25 13.86
click_sku 4.5 4.30 5.18 4.81
before11_dummy 0.26 0.44 0.26 0.44

Note. Sample data from March 5th - March 31st. First
time users and enterprise users are excluded.
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Table A.5: Own price elasticity

Product ID full sample male female
0 -1.191 -1.153 -1.217
1 -2.289 -2.173 -2.554
2 -1.841 -1.822 -1.869
3 -0.592 -0.584 -0.605
4 -0.584 -0.571 -0.616
5 -1.382 -1.362 -1.397
6 -0.921 -0.905 -0.936
7 -2.444 -2.426 -2.472
8 -0.572 -0.566 -0.579
9 -1.417 -1.401 -1.437
10 -1.287 -1.274 -1.323
11 -1.587 -1.561 -1.614
12 -1.007 -0.989 -1.023
13 -1.377 -1.356 -1.399
14 -1.398 -1.386 -1.416
15 -0.911 -0.908 -0.937
16 -0.869 -0.859 -0.880
17 -0.842 -0.832 -0.851
18 -0.838 -0.828 -0.849
19 -0.692 -0.688 -0.703
20 -0.804 -0.800 -0.812
21 -0.971 -0.967 -0.988
22 -1.008 -1.000 -1.018
23 -0.764 -0.756 -0.774
Mean own price elasticity -1.149 -1.132 -1.178
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Table A.6: Delivery time for orders purchased from 10:00 to 11:59 AM

promise delivery days purchase time delivery time (hours)
1.0 10:00-10:59 am 14.5
1.0 11:00-11:59 am 24.1
2.0 10:00-10:59 am 30.1
2.0 11:00-11:59 am 30.0
3.0 10:00-10:59 am 52.1
3.0 11:00-11:59 am 51.4
4.0 10:00-10:59 am 68.0
4.0 11:00-11:59 am 64.6
5.0 10:00-10:59 am 78.2
5.0 11:00-11:59 am 71.7
6.0 10:00-10:59 am 109.3
6.0 11:00-11:59 am 117.5
7.0 10:00-10:59 am 141.4
7.0 11:00-11:59 am 128.0
8.0 10:00-10:59 am 191.2
8.0 11:00-11:59 am 217.8

90



Figure A.1: Count orders by promise delivery days
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Figure A.2: Original unit price by shipping days
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Figure A.3: Promised delivery time
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Figure A.4: Final unit price by city level
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Figure A.5: Promise delivery time by city level
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Figure A.6: Percentage of orders within gender, city level equals one
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Figure A.7: Willingness-to-pay for female shoppers
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Figure A.8: Willingness-to-pay for male shoppers
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Appendix to Chapter 2
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Table B.1: Summary by season

Season Home points Visitor points Difference Games Close games Close games (%)

1981 110.03 106.18 10.22 943 206 21.85
1982 110.40 106.69 9.78 937 188 20.06
1983 110.22 106.57 10.44 923 158 17.12
1984 112.55 107.76 9.91 928 182 19.61
1985 112.68 109.02 10.49 938 166 17.70
1986 112.49 107.95 10.79 943 148 15.69
1987 112.53 107.34 11.30 942 154 16.35
1988 111.05 105.17 11.09 929 163 17.55
1989 111.95 106.22 11.92 918 150 16.34
1990 109.50 104.49 11.23 1106 167 15.10
1991 108.67 103.95 11.45 1107 168 15.18
1992 107.56 103.09 11.15 1106 184 16.64
1993 107.29 103.25 11.37 1106 171 15.46
1994 103.52 99.50 11.45 1107 175 15.81
1995 102.99 99.82 11.07 1107 187 16.89
1996 101.12 97.89 10.93 1189 192 16.15
1997 98.18 95.62 10.98 1189 176 14.80
1998 97.04 94.10 11.11 1189 178 14.97
1999 93.30 89.86 10.48 725 107 14.76
2000 99.24 95.70 10.89 1189 203 17.07
2001 96.27 93.35 10.60 1189 178 14.97
2002 97.18 93.78 10.83 1189 198 16.65
2003 97.02 93.14 10.71 1189 202 16.99
2004 95.20 91.60 10.35 1189 187 15.73
2005 98.76 95.64 10.32 1230 224 18.21
2006 98.69 95.32 10.37 1230 211 17.15
2007 100.23 97.25 10.62 1230 219 17.80
2008 101.63 98.22 11.50 1230 172 13.98
2009 101.58 98.33 10.94 1230 171 13.90
2010 101.81 99.08 11.07 1230 172 13.98
2011 101.13 97.97 10.59 1230 183 14.88
2012 97.67 94.85 11.13 990 162 16.36
2013 99.75 96.52 10.99 1229 190 15.46
2014 102.31 99.71 10.93 1230 186 15.12
2015 101.22 98.81 11.11 1230 175 14.23
2016 104.01 101.33 11.09 1230 178 14.47
2017 107.17 104.02 11.32 1230 184 14.96
2018 107.39 105.28 11.13 1230 185 15.04

First three columns report the average home team points, average visitor team points, average
point difference (absolute value) for regular season games from 1981-2018. Next columns report
total number of regular season games and number of close games (point difference less than 4).
Last column reports the percentage of close games per season.
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Table B.2: The effect of winning on atten-
dance in the next game

Dependent variable: Game attendance
(1) (2) (3)

Coefficient 352.38 418.96 383.83
P-value 0.048 0.000 0.000
N 1758 4218 6583
N left 882 2131 3355
N right 876 2087 3228
Window 1 2 3

The dependent variable in all the specifications is
game attendance. The coefficient is the difference
in attendance between home teams that won their
previous game and those that lost their previous
game by a small number of points (the greatest
margin of points considered is indicated in the last
row named “Window”). “N” indicates the sample
size, “N left” and “N right” respectively indicate
the sample size at each side of the running vari-
able defined as home team points minus opponent
points in the previous game (i.e., previous losers
and winners). P-values are computed using ran-
domization inference methods (see Cattaneo et al.,
2016).
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Table B.3: The effect of winning on betting odds in the next game

(1) (2) (3)
Coef. 0.07 0.09 0.09
Prob. 0.00 0.00 0.00
N 505 1177 1916
N left 249 581 896
N right 256 596 1020
Window 1.00 2.00 3.00

Table B.4: The effect of winning on open points spread in the next game

(1) (2) (3)
Coef. 1.19 1.36 1.38
Prob. 0.00 0.00 0.00
N 505 1177 1916
N left 249 581 896
N right 256 596 1020
Window 1.00 2.00 3.00

Table B.5: The effect of winning on close points spread in the next game

(1) (2) (3)
Coef. 1.13 1.42 1.43
Prob. 0.00 0.00 0.00
N 505 1177 1916
N left 249 581 896
N right 256 596 1020
Window 1.00 2.00 3.00
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Figure B.1: The effect of winning on next game being favored in the betting
market
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Figure B.2: The effect of winning on next game open points spread
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Appendix C

Appendix to Chapter 3

Technical Proof

Proof of Lemma 2

When there are no scalpers, the only source of revenue for the platform is primary

market sales. With deterministic arrival of avid fans and casual fans, three are three

possible price polices for the platform:

Case 1: p⇤1 = v
H
, p2 = v

L, in this case platform sells to high valuation fans in period

one and low valuation fans in period two. From Assumption 2, K < min(✓L+H, (1�

✓)L + H), hence ✓H tickets will be sold to high valuation fans in period one and

the rest of fans in the second period will get the ticket by random rationing. Total

revenue is v
H
✓H + v

L(K � ✓H) = v
L
K + (vH � v

L)✓H.

Case 2: p⇤1 = v
L
, p2 = v

H , in this case platform sells to low valuation fans in period

one and high valuation fans in period two. The revenue generated is v
L
K + (vH �

v
L)(1� ✓)H. Similar to the argument in Case 1.

Case 3: p⇤1 = v
H
, p2 = v

H , in this case platform sells to high valuation fans in period

one and period two. The revenue generated is vHH We can see that Case 3 is strictly

dominated by both Case 1 and Case 2 for all possible value of ✓. For example, revenue

difference between case 1 and 3 is

v
L
K + (vH � v

L)✓H � v
H
H = (vLK � v

H
H) + (vH � v

L)✓H > (vH � v
L)✓H > 0
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The first inequality is a direct result from Assumption 1. Similarly we can show that

case 3 is also strictly dominated by case 2. Finally, the value of ✓ determines that

whether it’s optimal for the platform to adopt an decreasing or increasing pricing

strategy overtime. For ✓ >
1
2 , increasing ticket price overtime generates more revenue

since more high valuation fans are arriving at later period whereas an increasing price

overtime is preferred if ✓ >
1
2 .

Proof of Lemma 4

Consumer Arrival v
H

v
L Scalpers

t=1 ✓H ✓L S
⇤

t=2 (1� ✓)H (1� ✓)L p
s � cs

Total H L H + L

When tickets resale are allowed, the platform has two sources of revenues. The

first is from primary market ticket sales either from fans or scalpers and the second

source is the resale fees collected from scalpers’ resale activity. Hence, platform can

either choose to kill off the secondary market by setting the price high in period one

or max out the resale fees collected from scalpers.

Case 1: p
⇤
1 = v

H
, p2 = v

L, in this case platform’s revenue is only from pri-

mary market sales. From Assumption 2, K < min(✓L + H, (1 � ✓)L + H), hence

✓H tickets will be sold to high valuation fans in period one and the rest of fans

in the second period will get the ticket by random rationing. Total revenue is

v
H
✓H + v

L(K � ✓H) = v
L
K + (vH � v

L)✓H.

Case 2: p
⇤
1 = p

⇤
2 = v

L, in this case platform’s revenue is v
L
K + �v

H
S
⇤. S

⇤ is

solved in Equation 1 in Proposition 1 and it’s bounded below (1� ✓)H. The sequen-
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tial entering of scalpers assumption ensures that there is no alternative equilibrium

where we could have excess entry of scalpers.

We can see the platform has sellouts in both cases and the difference is whether is

it more profitable to sell to high valuation consumers in period one by themselves or

use scalpers as their ticket agents to sell in next period. Hence, It is optimal for the

platform to set primary ticket prices equal to v
L for both periods if ✓ <

�v
H

(1+�)vH�vL
.

Otherwise, platform’s optimal pricing strategy would be p1 = v
H and p2 = v

L.

Proof of Proposition 2

�✓ = SWuniform � SWdynamic

�✓ =
HK + (1� ✓)HL

H + L
v
H +

LK � (1� ✓)HL

H + L
v
L � (1� ✓)2H2

c

2

� H(K + ✓L)

H + L
v
H � L(K � ✓H)

H + L
v
L

�✓ =
(1� 2✓)(vH � v

L)HL

H + L
� (1� ✓)2H2

c

2

�✓ =
H

2

2(H + L)
((vH � v

L)
L

H
(1� 2✓)� c(1� ✓)2) =

H
2

2(H + L)
f(✓)

df(✓)

d✓
< 0 (C.1)
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From Lemma 4, we know that at revenue break-even point, �vH = (vH�v
L)✓H

(1�✓)H

�✓ =
H

2(1� ✓)2

2(H + L)
((vH � v

L)
L

H

1� 2✓

(1� ✓)2

� (1� ✓)H

(1� ✓)H + 1
(vH(1� �)� v

L))

>
H

2(1� ✓)2

2(H + L)
((vH � v

L)
L

H

1� 2✓

(1� ✓)2
� (vH(1� �)� v

L))

=
H

2(1� ✓)2

2(H + L)
((vH � v

L)
L

H

✓
2

(1� ✓)2
+ v

H
�)

=
H

2(1� ✓)2

2(H + L)
((vH � v

L)
L

H

✓
2

(1� ✓)2
+

(vH � v
L)✓H

(1� ✓)H
)

=
H

2(1� ✓)2(vH � v
L)

2(H + L)
(
L

H

✓
2

(1� ✓)2
+

✓

(1� ✓)
)

> 0

Hence, social welfare break even point suggests a lower value of ✓.
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