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Abstract

This paper studies the effectiveness of e-commerce platforms’ contracts in achieving
two goals—first, to stimulate low prices and promote transaction volume and, second,
to benefit the sellers with higher demand and lower costs. Motivated by this, I focus
on a rebate contract employed on a dominant e-commerce marketplace in China. The
contract has a lump-sum rebate for sellers beyond a year-end revenue threshold. De-
scriptive evidence suggests that sellers dynamically set prices to accumulate revenue
above the threshold. I construct a model of heterogeneous sellers’ dynamic pricing de-
cisions under rebate incentives and estimate sellers’ demand and costs. I use the model
to compare the rebate contract with alternative contracts. Counterfactual results show
that a lower commission rate is more cost-effective in promoting transaction volume
than a rebate; but, the lower commission rate hurts small and medium sellers with
higher demand and lower costs.
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1 Introduction

An e-commerce platform, such as Amazon marketplace and Ebay, is a type of two-sided

market connecting buyers and sellers to trade. One key feature of the platform is that,

instead of directly providing products to final-goods consumers, the platform contracts with

independent sellers (Hagiu and Wright (2015)). This causes agency problems, and thus the

contracting becomes crucial to the performance of a marketplace. This paper empirically

studies e-commerce platforms’ contracting with independent sellers. In particular, I focus on

two incentive problems. First, as the economic value of platforms comes from transactions

between buyers and sellers, platforms want to induce sellers to provide lower prices and

promote transaction volume; but individual sellers want to maximize their profits (Rochet

and Tirole (2003)). Second, platforms want to benefit sellers with higher demand and lower

costs because they are more valuable to consumers and thus to platforms; but it is hard for

platforms to observe sellers’ demand and costs information.

To answer my research question, I focus on a dominant e-commerce marketplace, Al-

ibaba’s Tmall, and its rebate contract. Tmall is a business-to-consumer (B2C) marketplace,

similar to Amazon’s marketplace. It accounted for 56% of China’s B2C market in 2016. On

the platform, sellers are charged a commission rate on each dollar of a transaction. Addi-

tionally, sellers have opportunities to receive a lump-sum rebate if their year-end revenue

exceeds a pre-determined threshold. The rebate contract has similar structures to Amazon’s

seller rewards plan, eBay’s rewards for top-rated sellers, and Uber’s “Uber Pro” rewards

plan.1

The marketplace is ideal to study platforms’ contracts. It is because the rebate contract

generates dynamic incentives, which allows me to study contracts’ effects without exogenous

variation in the contract. In response to rebates, sellers may set lower prices when they get

closer to rebate thresholds if lower prices lead to higher revenue; this incentive is stronger

when the rebate deadline approaches.2 The price pattern in response to rebate threshold

cannot be explained by time trend, demand shocks, and cost shocks.3 Also, rebate incentives

1These contracts all have nonlinear rewards or discounts above certain thresholds. Amazon’s seller rewards
plan gives sellers money or discounts on the platform’s services if sellers have participated in promotion
activities several times. Ebay defines top-rated sellers as sellers who have satisfied certain thresholds on
rating scores and sales volume, and eBay rewards these sellers by displaying their listings on front pages.
Uber directly gives money or coupons for drivers who have passed certain thresholds on transaction volume.

2It is because the opportunity cost of not responding varies according to cumulative revenue distance
to rebates thresholds and time remaining, similar to the dynamic pricing for perishable goods in Sweeting
(2012).

3Time trend, demand and cost shocks can affect price levels but cannot generate the price pattern in
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only exist before thresholds but disappear after that. This gives the exclusion restriction

that sellers beyond thresholds are not affected by rebates when demand shocks are not

serially correlated.4 To study the effect of a rebate and compare it with other contracts, I

collected a panel of price and quantity data for all sellers in the tablet category for 2015. The

tablet category has a 2% commission rate on each dollar of transactions, and two revenue

thresholds, $60k and $200k, and two levels of lump-sum rebates, $2.5k and $5k.

I begin with verifying sellers’ pricing responses to rebates with a reduced-form analysis.

I regress sellers’ prices on their accumulated revenue from January to the previous month

while controlling for sellers’ heterogeneity and seasonality. The results show that, relative

to sellers beyond rebate thresholds, sellers set significantly lower prices as they get closer

to rebate thresholds. This effect becomes stronger when the year-end deadline approaches.

Together, this suggests that sellers dynamically set prices looking forward to future rebates.

With the descriptive evidence, I formulate a structural model of demand and hetero-

geneous sellers’ dynamic prices under rebate incentives. In the model, consumers make a

static, discrete choice for a product or choose the outside option. Sellers dynamically set

prices while facing a trade-off between earning profits in the current period and accumulat-

ing revenue in anticipation of rebates. I assume that each seller has a persistent demand

component and a persistent cost component that follows a normal distribution. The demand

and cost components affect sellers’ benefit and cost of responding to rebates. Also, to control

for sellers’ interactions in the same market, I assume sellers respond to an aggregated state.

I estimate the model in two steps. Key parameters are demand components and the

distribution of cost components. First, I estimate the demand using standard methods from

the industrial organization literature on differentiated products. Next, I estimate the dis-

tribution of cost components from sellers’ dynamic pricing decisions. Given the equilibrium

aggregated state in the data, I solve each seller’s dynamic pricing problem as a single agent.

I then match the ex-ante optimal price computed from the model with the average price

in the data. As the cost component is an unobserved state, I also numerically integrate

the ex-ante optimal prices over the distribution of the cost component using the Gaussian

Quadrature rule. I solve each seller’s dynamic pricing problem using the finite-state method

(Judd (1998)).

response to rebate incentives. But time trend, demand and cost shocks may affect the magnitude of the
price reduction close to rebate thresholds.

4Serially correlated shocks can affect the price levels but cannot generate a price pattern in response to
rebate thresholds and rebate deadlines. I will discuss how the assumption affects results in detail in Section
3.
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Estimation results indicate significant heterogeneity in sellers’ demand and cost compo-

nents. But the cost heterogeneity is over-estimated in a model ignoring sellers’ dynamic pric-

ing responses because it neglects the price variation due to rebate incentives and attributes

all of the price variation to costs. Also, the model predicts the price pattern consistent

with the reduced-form results. It predicts a U-shape of optimal pricing along the cumula-

tive revenue before rebate thresholds conditional on other states. For the median seller, in

August, the price decreases sharply when a seller is above $12k and $40k (20% of rebate

thresholds), declines up to -4%, and recovers to the original price when the seller is above

$42k and $140k (70% of rebate thresholds). As the deadline approaches, the price starts to

decline when a seller is above a higher revenue level (30% of rebate thresholds), declines to

a larger magnitude (-12%), and recovers to the original price when a seller is above 80% of

thresholds.

I use the model estimates to compare the rebate contract with alternative contracts. I

start by eliminating rebates and measuring the effects of the removal on the platform and

heterogeneous sellers. In this case, sellers set static prices, as they no longer look forward

to rebates. The removal of rebates increases the average price and decreases the platform’s

joint transaction volume by 3%, or $1552 in transaction volume per seller, and $729k in

transaction volume for the tablet category. The removal of rebates affects 76% of sellers but

not the large ones far beyond the higher of the two thresholds. Among the affected sellers,

sellers whose yearly revenue is close to the two thresholds respond most aggressively. These

sellers increase their average price by 1.08% to 2.3% and decrease their year-end revenue

by 9% to 31% after the removal. A small change in price leads to a substantial change in

revenue because consumers are elastic in this market, with the average price elasticity of -15.

After the removal, sellers become worse off, and the platform extracts more rents.

To better see how the removal affects sellers with different private information in demand

and costs, I group sellers according to the quantiles of the seller-specific unobserved demand

and cost components constructed in the model and compute heterogeneous effects. In this

exercise, I only focus on sellers who are impacted by the removal, namely small and medium

sellers below the higher of the two thresholds. Results show that the price increase is more

pronounced for sellers with higher demand components and lower cost components after the

removal. This leads to a more subtantial loss in market share and revenue for sellers with

higher demand components and lower cost components, and a more subtantial loss in net-

profits for sellers with lower cost components. These results suggest that a rebate is effective

in generating incentives according to sellers’ demand and costs, or, a rebate is effective in
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inducing sellers to reveal their private information in demand and costs.

I then compare nonlinear rebates relative to a linear incentive scheme, namely a lower

commission rate. Counterfactual results show that a lower commission rate is more cost-

effective to promote the transaction volume. This is because a lower commission rate gen-

erates more incentives to large sellers who dominate the transaction volume in this mar-

ketplace. But the lower commission rate generates weaker incentives on small and medium

sellers, leading to a demand redistribution from small and medium sellers to large sellers.

Moreover, among small and medium sellers, the loss in market share, revenue, net-profits

is more pronounced for those with higher demand components and lower cost components.

In the long-run, a lower commission rate may facilitate the expansion of giant sellers and

drive out efficient (high-demand and low-cost) small and medium sellers who may be able

to compete with large ones.

I also measure the effect of dynamics on rebate incentives by shortening the contract

period from a year to a quarter. I find that a quarterly rebate produces a higher transaction

volume in the marketplace than a yearly rebate. It is because a quarterly rebate generates

incentives to a larger range of sellers. Large sellers produce more revenue because they have

to re-accumulate revenue over a quarter. Small sellers also produce more revenue because

they face higher probabilities to reach the quarterly rebate threshold. Based on the result, the

current contract period is sub-optimal, probably because implementing the optimal contract

period is costly.

My study is related to empirical literature studying agents’ dynamic responses to nonlin-

ear programs with similar structures as rebates. Oyer (1998), Copeland and Monnet (2009),

and Chung et al. (2014) study the bonus for workers/managers and their dynamic responses

during or over fiscal cycles. Einav et al. (2015), Bajari et al. (2017), and Dalton et al.

(2019) study the “donut hole” in Medicare Part D that has a reimbursement jump at cer-

tain drug spendings. They both find that patients dynamically adjust their drug purchases

according to the distance of their spendings to the donut hole. Blundell et al. (2018) in-

vestigate a dynamic regulation system in which the level of punishment increases for repeat

violators than one-time violators, and firms’ compliance investment decision. Conlon and

Mortimer (2016) empirically investigate the all-units discount that gives retailers discounts

for all purchases at an ordering threshold and retailers’ re-stock decisions. They find that

the all-units discount from manufacturers to retailers induces retailers to re-stock products

more frequently. I differ with the above literature in that I consider firms’ pricing responses

to rebates in a market, but most of the above literature considers consumers’ responses.
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Blundell et al. (2018) consider firms’ pollution abating investment decision rather a decision

in a product market. Conlon and Mortimer (2016) focus on a single retailer rather than

many heterogeneous retailers.

Moreover, my paper adds to platforms’ market design. Dinerstein et al. (2018) study e-

commerce marketplaces’ search design, and my paper focuses on the contract design. While

theoretical papers of two-sided markets have analyzed platforms’ pricing, they mainly inves-

tigate how the optimal fixed fee or two-part tariff affects users’ extensive margin, that is, to

attract what types of users onboard.5 But there is little knowledge about how platforms’

pricing affects users’ interactions. To my knowledge, my paper is the first to empirically

study platforms’ contracts and the effects on the interactions or transactions between buyers

and sellers.

Further, the empirical finite-horizon dynamic pricing model in my paper is similar to

Sweeting (2012) and Williams (2013). The difference is that I estimate a model of dynamic

pricing for heterogeneous sellers, while the first paper uses a reduced-form analysis, and the

second one focuses on a monopolist’s dynamic pricing. My paper is also similar to Roberts

et al. (2018) in modeling sellers’ heterogeneity, but I focus on online retailers, while they

focus on manufacturing firms.

This paper is structured as follows. Section 2 describes the background and the data.

Section 3 displays the reduced form evidence of sellers’ dynamic pricing behavior. Section

4 presents the model, section 5 describes the estimation procedure; sections 6 and 7 display

estimates and counterfactual results; and section 8 concludes.

2 Background and Data

The e-commerce platform is a two-sided marketplace that link buyers and sellers to trade.

According to Rochet and Tirole (2003), the economic value of online markets is created from

transactions. Then, a platform, who cares about the economic value, has the objective of

promoting transaction volume. As the cost of forgoing a platform or multi-homing is much

lower for buyers relative to sellers, attracting buyers can be the key challenge (Dinerstein

et al. (2018)).6 Thus, platforms want to induce sellers to provide low prices to buyers. Also,

as sellers with higher demand and lower costs generate more surplus to consumers, platforms

may want to benefit these sellers. I study how effective different contracts are, first, inducing

5Levin (2013) provided a review for the theoretical paper in two-sided markets.
6For example, to enter an e-commerce platform, sellers have the cost of listing products and advertising

in the marketplace, but buyers only need to open an account.
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low prices and promoting transaction volume, and second, benefiting sellers with higher

demand and lower cost. To do this, I focus on a dominant e-commerce marketplace in

China, Alibaba’s Tmall, and its rebate contract.

Alibaba is a Chinese Internet company that provides consumer-to-consumer, business-to-

consumer, and business-to-business sales services. In September 2014, Alibaba went public

as the largest IPO in history at $25 billion, and its expansion continues. In fiscal year

2016, Alibaba achieved $455.6 billion gross transaction volume (GMV), with an increase

of 39% from the previous year.7 As a comparison, in 2015, eBay announced $78.1 billion

GMV, and Amazon Marketplace reached over $100 billion in sales.8 Tmall is the open

B2C marketplace of the Alibaba group, which does not sell products by itself. Similar to

Amazon Marketplace, it is launched for professional merchants who are either brand owners

or authorized distributors. Sellers include some e-commerce platforms (e.g., Amazon and

Dangdang) and well-known brands (e.g., Costco and Adidas). Many different products are

sold on Tmall, including clothing, shoes, cosmetics, electronics, home appliance, cars and so

on.

Tmall’s contract is a combination of an upfront payment, a commission rate on each

dollar of transactions, and a rebate on the upfront payment. The contract requirements

vary by the types of products a seller offers. In this paper, I only focus on one product

category, tablets, because products are uniformly defined across different sellers. The fixed

upfront payment under tablets is $5k, and the commission rate is 2%. The contract terms

do not differ with the timing of sellers’ entry or the number of listings. Sellers are returned

50% (100%) of the upfront payment at the end of the year if their year-end revenue exceeds

$60k ($200k) and their average rating score is higher than 4.6. The average rating score is

the mean of consumers-provided reviews for all of the seller’s listings. Similar to Amazon

Marketplace, the rating score is scaled from 0 to 5. Sellers are able to sell several products

under one primary category, for example, “electronics”, which includes computers, cameras,

tablets, cellphones, laptop, electronics accessories, e-dictionary/e-book and so on.9 Sellers

whose products cover several product categories have to pay the highest fixed fee across

these categories. However, the rebate’s revenue threshold is based on the product category

with the highest sales volume.10 A detailed fee schedule can be found at Alibaba’s official

7Fiscal year 2016 starts from April 2015 and ends in March 2016.
8Data are from the companies’ financial reports.
9The contract parameters are the same for all product categories in the “electronics”.

10As an example, hats/scarves and women’s clothing are two subcategories with the upfront payment as
$10k (RMB 60k) and $5k (RMB 30k), respectively, and with the revenue threshold for 50% rebates as $30k
(RMB 180k) and $60k (RMB 360k), respectively. If one seller wants to sell both hats and women’s jeans, she
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website11.

The contract has similar structures as Amazon’s seller rewards plan, eBay’s rewards

for top-rated sellers, and Uber’s “Uber Pro”. There can be various reasons that platforms

have such rewards plans. One is to build up sellers’ or drivers’ loyalty in the marketplace,

similar to loyalty plans. But, according to the marketplaces, one is to help users have better

performances.12 This paper focuses on the effect of contracts on sellers’ performance in a

marketplace rather than the effect on sellers’ choices across multiple platforms because I do

not have data for multiple platforms.

The data used in this study include all the listings of tablets on Tmall from January

2015 to December 2015. To collect the data, I scraped the Tmall website every two weeks

from September 2014 to May 2015 and every week from June 2015 until February 2016.

Importantly, I observed each listing’s price and quantity every 30 days. I use the per-30-day

quantity data and create an average monthly price from the per-week scraped prices.13 Each

listing includes product characteristics, such as screen size (inches), memory (GB), storage

(GB), and operating system, Internet access, and the number of years the tablet has been

on the market. The data also contains seller characteristics, including average rating score

and the number of ratings.

In total, there are 34,864 tablets listed from 686 sellers over the 12 month sample period.

To construct my sample, I drop the 14,705 observations with zero sales and the 38 observa-

tions with prices lower than $15.8 (RMB100). Additionally, I drop the 46 sellers who only

appear on “singles’ day”, China’s large online shopping festival that occurs on November

11th. As I only have information about the sales of tablets, I want to restrict my sample to

sellers who are likely to react to the rebate threshold for this category. Therefore, I restrict

the sample to “electronics retailers”.14 However, electronics retailers may also sell comput-

ers, laptops, cameras, MP3s/MP4s, and electronics accessories. Because I do not have any

information about which product category has the highest revenue for the retailers, I assume

has to pay $10k (RMB 60k) of women’s clothing instead of $5k (RMB 30k) of hats/scarves. If the annual
revenue of hats is higher than the revenue of women’s jeans, she has to sell more than $30k (RMB 180k)
hats in order to have $5k refunded.

11Available at http://about.tmall.com/tmall/fee_schedule.
12Amazon argues that the Amazon seller rewards can help sellers grow their business. Tmall announces

that their rebates are stimulating sellers to improve service quality and expand the scale of operation. From
Uber’s offical website, “Uber Pro is a new rewards program that recognizes your commitment and effort, so
you can reach your goals on and off the road”, which is available at https://www.uber.com/us/en/drive/
uber-pro/.

13The average and median number of days between price changes is 23 and 9 days, respectively, based on
the information of daily listing price from a price-tracking website.

14Some examples of non-electronics sellers’ categories in the data are cellphones, cars, and video games.
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that all electronic retailers react to the threshold for tablets.

Table 1 shows the product characteristics of the electronics sellers on Tmall. Tablets are

heterogeneous in this marketplace. The average tablet has an 8.56-inch screen, 2.61 GB of

memory, 34.05 GB of storage and has been on the market for 10.5 months. Additionally,

24% of tablets have Internet access through a cellular network. The average price is $234,

and the standard deviation is $222. Sales are concentrated in a few brands, such as Apple,

Samsung, and some local Chinese brands. The most popular four brands account for over

50% market share, among which Apple is ranked as 3rd with 13.73% of the market share,

Samsung is ranked as 9th with 2.94% of the market share, and one Chinese brand, Huawei,

is ranked as 5th with 6.63% of the market share.

Most sellers on Tmall are multi-product sellers, with the average number of different

tablets listed per month being six, and the percentage of sellers selling more than one product

being 71%. However, the revenue threshold is the summation of all the revenue from the

sale of tablets, meaning that multi-product sellers have the same incentive from the rebate

contract as single product sellers do. Thus, for simplification, I aggregate the seller-tablet-

month level data into seller-month level data. In particular, I create a composite product

and price for each seller-month by calculating the weighted average of tablet characteristics,

where the weights are based on the proportion of sales that month from each tablet. I

create a seller-month level quantity by adding up the monthly sales across all tablets for an

individual seller. Overall, there are 3,055 seller-month level observations from 470 sellers in

12 months.

Table 2 displays statistics of the data after the aggregation. Sellers are heterogeneous in

sales. The average seller sells 301 tablets with $62k revenue in one month, and this varies

substantially across sellers. The median seller sells much less tablets in quantities (26 tablets)

and revenue ($4k) in one month than the average seller, meaning that the distribution of

sellers’ sales is very skewed. Sellers are also heterogeneous in the listing price, the number

of tablets listed online, the rating score, and the characteristics of tablets that listed online.

Also, 12.55% of sellers are above the first revenue threshold but below the second, and

19.79% of sellers are above the second revenue threshold by the end of 2015. But in Table

2, the average rating score, 4.78, is higher than the rebate’s requirement of 4.6, and 99.33%

of sellers are above this mark each month, meaning that the rebate rating score threshold is

not binding. Thus, the empirics only focus on sellers’ responses to revenue thresholds but

not to the rating score threshold.
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3 Descriptive Evidence of Dynamic Pricing

Assessing agents’ responses to contracts is usually difficult because it requires exogenous

changes of contracts. But due to the rebate contract structures, I can study the contract’s

effects without the exogenous variation. The rebate generates dynamic incentives that vary

in different cumulative revenue levels and time remaining to the rebate deadline, which

cannot be explained by demand shocks, cost shocks, and seasonality. This section provides

descriptive evidence for sellers’ dynamic responses to rebates.

To begin with, I investigate whether sellers are bunching around the two rebate thresh-

olds. If sellers respond to rebates and the cost of responding is positive, sellers have incentives

just to reach the threshold. This will generate bunching around thresholds. To see this, I

present the distribution of sellers’ year-end revenue for all tablet sellers in Figure 1. The

two straight lines indicate two rebate thresholds. The figure shows high densities around the

two thresholds, but it does not show a significant bunching around two thresholds probably

because sellers are heterogeneous.

To better show the bunching, I focus on marginal sellers who are close to thresholds

and, thus, are more likely to bunch around rebate thresholds. To define marginal sellers, I

use sellers’ cumulative revenue in the first three months Sj3 =
∑3

t=1Rjt, where Rjt is seller

j’s revenue in month t. If a seller’s cumulative revenue in the first three months is within

50% of threshold one, Sj3 ∈ (0.5r1, r1), she is defined as a marginal seller around threshold

one. If a seller’s cumulative revenue in the first three months is between the two thresholds,

Sj3 ∈ (r1, r2), she is defined as a marginal seller around threshold two. The dash lines

in Figure 2a and Figure 2b show the distribution of yearly revenue for the marginal sellers

around threshold one and threshold two, respectively. Both figures show that marginal sellers

indeed bunch around thresholds.

I also try alternative definitions for marginal sellers. I define a marginal seller based on the

accumulated revenue in the first six months Sj6. The dot-dashed line in Figure 2a and Figure

2b presents the distribution of year-end revenue for the marginal sellers around threshold one

(Sj6 ∈ (0.5r1, r1)) and the marginal sellers around threshold two (Sj6 ∈ (r1, r2)). Both figures

show significant bunching around the two thresholds. Similarly, I also define marginal sellers

based on their accumulated revenue in the first nine months Sj9. The dotted line of 2a and 2b

display the year-end revenue for marginal sellers around threshold one (Sj9 ∈ (0.5r1, r1)) and

the marginal sellers around threshold two (Sj9 ∈ (r1, r2)). The figures also show significant

bunching around rebate thresholds.

Next, I study sellers’ dynamic pricing responses to rebates. If lower prices lead to higher
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revenue, the rebate may induce sellers to reduce prices and accumulate revenue above rebate

thresholds. Also, since the opportunity cost of not passing rebate thresholds changes in

different cumulative revenue levels and time remaining, the incentive to lower prices may

increase when sellers get closer to thresholds; and this incentive may be stronger when the

rebate deadline approaches.

To see the dynamic pricing pattern, I look into sellers’ prices changes at different cu-

mulative revenue levels, denoting Sjt−1 =
∑t−1

τ=1Rjτ as seller j’s cumulative revenue at the

beginning of period t, namely, the cumulative revenue from period one to period t − 1. I

define three cumulative revenue groups: far from threshold one Sjt−1 ∈ [0, 0.3r1), close to

the two thresholds Sjt−1 ∈ [0.3r1, r2), and beyond threshold two Sjt−1 ∈ [r2,∞). I regress

sellers’ prices in period t on the three cumulative revenue groups.15 To capture incentive

changes according to time remaining, I allow the price responses to revenue groups to change

over time. The regression specification is as follows:

log(pjt) = θ0 +
∑
t

∑
c

θct1{c ≤ Sjt−1 < c̄} × 1{Month t}+ xjtθx + χj + χt + εjt, (1)

where c and c̄ are the lower bound and the upper bound of the revenue groups. To control for

sellers’ heterogeneity in products, I add time-varying seller/tablet characteristics xjt. The

vector of tablet time-varying characteristics includes screen size, memory, storage, Internet

access, operating system, product age (in years), and five brand dummies, the number of

products, rating score and the number of ratings.16 To control for any time-invariant seller-

level heterogeneity that may affect prices, I include seller-level fixed effects χj. I also include

month-level fixed effects to control for the seasonality. The omitted groups are the cumulative

revenue group beyond threshold two and the January month dummy, as every seller starts

from zero revenue in January.

Under the assumption of independent demand shocks, the cumulative revenue Sj,t−1 is

uncorrelated with the error term. I thus have the exclusion restriction that sellers who

have passed rebate thresholds are not affected by rebates, and the parameter θct measures

rebate incentives. If demand shocks are serially correlated, the regression in equation 1 has

15I also try interval criteria 0.2r1 and 0.4r1 other than 0.3r1, and the result does not change much. I also
try four revenue intervals, including the cumulative revenue far from threshold one, close to threshold one,
between threshold one and two, beyond threshold two. But there is not enough observations for the second
and third group when interacting the revenue intervals with month dummies, and thus results based on that
is not informative.

16Since I use the weighted averaged product, the brand dummies are the brand-level shares among seller
j’s products at time t. The aggregated brand dummy is between 0 to 1.
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endogeneity problems because the error term contains idiosyncratic shocks in period t, and

Sj,t−1 is correlated with shocks in period t− 1 and may also correlate with shocks in period

t. This may bias the magnitude of θct; however, the serially correlated shocks cannot explain

the price pattern in response to rebate thresholds. Thus, it still suggests sellers’ dynamic

pricing responses to rebates if the θct is significantly lower in the “close to” revenue group

relative to the “beyond threshold two” group.

The estimates of equation 1 is presented in Table 3. The results show that group one and

group two have similar price patterns relative to those who have passed the thresholds from

Febuary to July, but from August to December, only group two’s prices become significantly

lower relative to group three’s prices, whereas group one’s prices do not significantly differ

from group three’s. This indicates that, starting from August, sellers would like to lower

prices when they get closer to rebate thresholds. Moreover, the price decrease in group

two relative to group three enlarges as the deadline (December) approaches, from -0.7% in

August, -2.6% in September, -2.4% in October to -4.1% in December. In November, the

second group price is lower than the third group’s but not significantly. This is because of a

large promotional activity in the marketplace. These results suggest that sellers dynamically

set prices looking forward to future rebates.

4 Model

The structural model is to describe sellers’ dynamic pricing decisions under the rebate con-

tract and to estimate sellers’ demand and cost. In the model, I assume that consumers make

a one-time decision to purchase a tablet, and sellers dynamically set their prices for periods

t = 1, . . . , T in anticipation of rebates. I assume that, for each period, consumers choose

to purchase from a seller in the market or choose the outside option, and then leave the

market. I do not consider consumers’ dynamic purchase decisions. I justify the assumption

in two ways. First, I regress the log of quantities in lag terms of prices. The results do

not show a significant positive relationship between the late period’s quantities and early

periods’ prices. Second, I estimate a demand model with time-varying price coefficients to

check whether consumers’ price elasticities differ over time. Results indicate insignificant

differences in the price coefficients over time, meaning that consumers are not significantly

more or less price elasticities in certain months. I thus conclude that there is no significant

evidence for consumers’ dynamic purchase decisions. A detailed discussion for the static

consumer assumption is in Appendix A.3.
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Demand

The demand model is to describe the demand response to sellers’ prices and its heterogeneity

among sellers. Consumer i’s utility of purchasing a tablet from seller j in month t is

uijt = δjt − α log(pjt) + εijt, (2)

where δjt is the mean utilty, or attractiveness of seller j’s product, pjt is the price, α is the

parameter shifting the taste for prices, and εijt is consumer i’s idiosyncratic shock for seller

j at time t.17 The idiosyncratic demand shock, εijt, is assumed by the i.i.d. extreme value.

The mean utility for seller j’s product at time t is given by

δjt = xjtβ + ξj + ξt + uit, (3)

where xjt is a vector of seller and tablet characteristics. Because I aggregate the data to

the seller level, each seller sells her weighted average tablet, meaning choosing a seller is

equivalent to choosing a tablet. The seller’s characteristics include the average rating score,

the number of ratings, the number of products, and 20 brand dummies. The characteristics

of the sellers’ tablets include the weighted average screen size (inches), memory (GB), storage

(GB), two dummies of Android and Windows operating system, and a dummy of wireless

Internet access. The seller-level demand component is given by ξj, which captures the

unobserved heterogeneous in sellers’ demand, for example, a store brand reputation. The

time-level demand shock is given by ξt, which captures the demand variation due to the

seasonality. The seller-month-level demand shock is given by ujt. The mean utility of the

outside option is normalized to 0: ui0t = εi0t.

Consumer i chooses the seller that maximizes utility. The probability that consumer

i chooses seller j is given by: Prijt = Prob(uijt ≥ uij′t, ∀j 6= j′). Since consumers are

homogeneous in their preferences, seller j’s market share at period t is

shjt =
exp(δjt − αpjt)

1 +
∑

j′∈Jt exp(δj′t − αpj′t)
, (4)

where Jt is the set of sellers/products in the marketplace at time t.

17The log assumption of price in utility mimics the Cobb-Douglas utility specification by Berry et al.
(1995). What is different is that they assume that consumers evaluate price heterogeneously depending on
income. But I assume constant income across consumers, and all consumers’ heterogeneity is attributed to
idiosyncratic shocks.
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Cost

The cost function is to describe the cost response to sellers’ prices and the heterogeneity

across sellers. Suppose seller j has a constant marginal cost that is a log linear function of

observed cost characteristics and unobserved components:

cjt = exp(c̄+ ζj + vjt), (5)

where c̄ is a constant, ζj is the seller-level cost component, and vjt is an i.i.d. cost shock.

The seller-level cost component ζj denotes the persistent cost differences among sellers, such

as wholesale prices. I allow the cost component to correlate with the demand component

and follows the normal distribution:

ζj | ξj ∼ N(γξj, σ
2
ζ ), (6)

where γ and σ2
ζ are parameters that will be estimated. The i.i.d. cost shock captures ran-

domness in marginal costs, for example, bad weather affecting the shipping cost. Also, the

cost shock is correlated with the demand shock and follows the normal distribution:

vjt | ujt ∼ N
(
ρujt, σ

2
v

)
, (7)

where ρ and σ2
v are parameters that will be estimated later.

Dynamic Pricing

I describe sellers’ dynamic pricing decisions under rebate incentives. A seller j chooses

a sequence of prices {pj1, pj2, . . . , pjT} to maximize the expected long-run profits over the

contract period:

max
pj1,pj2,...,pjT

E

[
T∑
t=1

((1− η)pjt − cjt)Ntshjt(pjt;xjt, ξj,Γt, ujt) + ∆ψjT

]
,

s.t. ∆ψjT = ∆ψ11{r1 ≤ SjT < r2}+ ∆ψ21{SjT ≥ r2}

SjT =
T∑
t=1

pjtNtshjt(pjt;xjt, ξj,Γt, ujt),

where shjt is the market share of seller j in month t as defined in equation 4; cjt is the marignal

cost as defined in equation 5; η is the commission rate; r1, r2 are two rebate thresholds;
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and ∆ψ1,∆ψ2 are the bonus/compensation beyond thresholds r1, r2. The first part of the

objective function is the total profit over one year minus the commissions, and the second

part is the expected rebates. The expectation in the objective function is taken on all

demand and cost shocks from the information set at the beginning of period one, January.

I assume the discount factor is 1 because I have a month as one period. The total length of

the contract period is given by T (i.e. 12 months). The objective function is subject to the

constraint that sellers can receive a rebate ∆ψ1 or ∆ψ2 if their year-end revenue SjT exceeds

the rebate threshold r1 or r2. The rebate is paid at the end of period T .

At the beginning of period one, sellers know their time-varying demand shifters for all

periods {xjt}Tt=1, and the time-invariant demand and cost component ξj, ζj. As sellers

compete in the same market, sellers’ price decisions can be affected by other sellers’ decisions.

To control for this, I follow Barwick and Pathak (2015) who assume that individuals respond

to an aggregate state and use the concept of oblivious equilibrium in Weintraub et al. (2008).

Suppose sellers respond to the inclusive value Γt:

Γt = 1 +
∑
j′∈Jt

exp(δj′t − αpj′t). (8)

The inclusive value increases with sellers’ prices. When sellers set low prices due to the

contract incentives, the market becomes more competitive and pushes up the inclusive value

in that month. I thus use it to indicate “market competition intensity.” Given the aggregated

market competition intensity, the market share of seller j at time t can be written as shjt =

exp(δjt − αpjt)/Γt. Suppose sellers are rational and know the market competition intensity

over time. Under the assumption, sellers do not track a vector of each competitor’s state

variables, which avoids a curse of dimensionality given that the number of state variables

grows exponentially with the number of sellers. Each seller makes a dynamic pricing decision

as a single agent given the equilibrium market competition intensity.

Under the information set, at the beginning of period t, seller j’s dynamic price problem

is based on two groups of state variables: seller j’s cumulative revenue at the beginning of

period t, or equivalently, the cumulative revenue until the previous period Sjt−1; and time-

varying observables and persistent demand and cost components Zjt = (xjt, ξj, ζj). Time

period t is also a state variable given the finite-horizon problem. I include it as the subscript

of state variables. Given the state (Sjt−1, Zjt), and the demand and cost shocks ujt, vjt that

both realize at the beginning of month t, seller j’s dynamic pricing problem at period t can
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be characterized by

Ṽt(Sjt−1, Zjt, ujt, vjt) = max
pjt

(1− η)Rjt(pjt, ujt;Zjt)− c(vjt;Zjt)Qjt(pjt, ujt;Zjt)

+ E[Vt+1(Sjt−1 +Rjt(pjt, ujt;Zjt), Zjt+1)|Sjt−1, Zjt, pjt] (9)

where Rjt(pjt, ujt;Zjt)] and Qjt = Ntshjt(pjt;ujt; zjt) are the revenue and quantities sold

under price pjt. The first component is the current period’s profits minus commissions, and

the second component is the expected ex-ante value function from the next period until

the final period. The expectation on the second component is taken on the next period’s

state variables conditional on current period’s state variables and prices. The ex-ante value

function before the demand and cost shocks are realized is given by

Vt(Sjt−1, Zjt) = Eujt,vjt

[
Ṽt(Sjt−1, Zjt, ujt, vjt)

]
(10)

Since the dynamic problem is a finite-horizon problem, I can solve it backwards from the

terminal period. The optimal price should satisfy the dynamic first order conditions:

(1− η)
∂R̄jt(pjt, ujt;xjt, ξj)

pjt︸ ︷︷ ︸
(A) Per-period marginal revenue

− c(vjt;wjt, ζj)
∂Qjt(pjt, ujt;xjt, ξj)

∂pjt︸ ︷︷ ︸
(B) Per-period marginal cost︸ ︷︷ ︸

(C) Marginal cost of responding

+
∂EVt+1(Sjt, Zjt+1)

∂pjt︸ ︷︷ ︸
(D) Marginal benefit of responding

= 0

(11)

At the terminal period, the next period’s expected value is the expected rebates. This

equation indicates sellers’ trade-off between maximizing per-period profits and accumulating

revenue above rebate thresholds. Without rebates, sellers choose a profit-maximization price

to balance the per-period marginal revenue, part (A), and per-period marginal cost, part

(B). With rebates, sellers face an extra benefit of producing revenue, that is, the expected

rebates. Sellers have a higher probability to receive rebates if they accumulate revenue

closer to rebate thresholds. This is the marginal benefit of responding to rebates as shown

by part (D). But when sellers respond to rebates, they deviate from their per-period profit-

maximization price and lose per-period profits. This is the marginal cost of responding

as shown by part (C). Moreover, sellers with different demand components ξj and cost

components ζj are heterogeneous in the benefit and cost of responding to rebates.
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5 Estimation

I use the empirical model to estimate sellers’ demand and cost. The model parameters include

the demand function parameters θ1 = (α, β) in equation 2 and 3, cost function parameters

θ2 = (γ, ρ, σζ , σv) in equation 5, 6 and 7. Need to note that the demand parameters can

be estimated beforehand without solving the dynamic pricing problem. I thus separately

estimate θ1 and θ2.

Demand Estimation

To estimate θ1 = (α, β), I follow the multinomial logit model by Berry (1994). Specifically,

the mean utility can be inverted as follows:

log(shjt)− log(sh0t) = δjt − α log(pjt) = xjtβ − α log(pjt) + ξj + ujt, (12)

where (β, αt) are preference parameters, ξj is seller-specific demand component, and ujt

is the demand shocks that can be estimated. The outside option is constructed from the

total number of shipments from tablet manufacturers to the Chinese market in 2015, 29.34

million.18 I evenly divide it by the 12 months. The total shipments can be an approximation

for the total consumptions of tablets, and therefore indicate the total number of potential

consumers.

To deal with the endogeneous price, I consider four specifications with different instru-

ments. The first two instruments are last year’s average price and minimum price for each

product, respectively. One product is defined as a combination of brand, the screen size

(inches), the storage (GB), and the memory (GB). Remember that I aggregate multi-product

sellers to single-product sellers. To construct the two instruments, I find the average price

and minimum price for each product before aggregation, and then aggregate the instruments

to seller-level in the same way. There are also new products not existing last year. For the

new products, I use the brand-level average and minimum prices last year as instruments.

This gives me instruments for 81% of observations in 2015. The remaining listings with new

brands have no instruments and are thus not included for the estimation. The resulting two

instruments affect sellers’ prices through the marginal cost of sellers’ aggregated products.

The third instrument is the total inventory for the same product in the marketplace each

month. Same as before, I find the product-specific inventory and then aggregate it to the

18The data is disclosed by a consulting firm, International Data Corporation.
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seller-level using the weights of within-store market shares. The fourth instrument is the

total inventory for a seller’s most popular product (in revenue) each month. Total inventory

may affect sellers’ prices because the inventory affects the shadow price of selling a product.

The total inventory may be related to the total demand in the market but is less likely to

be related to each seller’s demand shocks in a specific month.

With the estimates (β̂, α̂, ξ̂j), I back out the seller-month level demand shocks ûjt and the

market competition intensity Γt. I will bring the demand estimates to the cost estimation.

Cost Estimation

To estimate cost function parameters θ2 = (γ, ρ, σζ , σv), I need to solve the dynamic pricing

problem. As described above, sellers respond to an aggregate market competition intensity,

and thus, the dynamic pricing game is simplified to a single-agent dynamic problem. As

I observe the market competition intensity in the data, I can directly solve each seller’s

dynamic pricing decision corresponding to it. In particular, I discretize all of the state

variables and solve optimal prices over the finite number of discretized states as the finite

state method (Judd (1998), Section 12.3, and 12.5). I allow the cumulative revenue ranges

from 0 to 3 times of the second threshold. I use 300 grid points for Sjt−1, and 4 grid

points for each of ξj and ζj. To reduce the dimension of state space, I discretize the linear

combination xjtβ̂ rather than each of xjt. I use 4 grid points for xjtβ̂. By doing this,

sellers will behave in the same way in my model as long as they have the same linear

combination xjtβ̂, even though the vector xjt may be different. To solve the optimal price, I

compare the value functions over the 300×4×12 number of state grid points for each of the 16

combinations of ξj and ζj. Since the shocks are unobserved at the beginning of each period,

I numerically integrate over their distributions and calculate the ex-ante policy function

p∗jt(Sjt−1, Zjt; θ2) = Eu,v[p
∗
t (Sjt−1, Zjt, u, v; θ2)]. Appendix A.4 describes the econometrics

details of solving the optimal prices.

I use the generalized method of moments to estimate parameters. To form moments, I

match the expected price calculated from the model with the average price in the data. But

the expected price depends on one unobserved state variable—cost component ζj. I then

integrate over its distribution and obtain the expected prices on the observed states:

Ep∗t (S, x, ξ; θ2) =

∫
p∗t (S, x, ξ, ζ; θ2)dG(ζ | ξ; θ2) (13)

where G(· | ξ; θ2) is the distribution of the cost component ζ conditional on ξ in equation
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6. I use the Gaussian quadrature rule to do the numerical integration. I then calculate the

average price at the same observed states p̄t(S, x, ξ) =
∑

j pjt1{Sjt=S}1{xjt=x}1{ξj=ξ}∑
j 1{Sjt=S}1{xjt=x}1{ξj=ξ} from the

data. The difference between the above two forms the moment:

m(θ2;S, x, ξ, t) = Ep∗t (S, x, ξ; θ2)− p̄t(S, x, ξ). (14)

As some states do not exist in the data, I only use 2,128 moments with states existing in the

data. I estimate parameters by minimizing the obejctive function:

θ̂2 = argmin
θ2

m(θ2;S, x, ξ, t)′Wm(θ2;S, x, ξ, t), (15)

where W is the weighting matrix. I use the identity matrix as the weighting matrix rather

than the inverse of the variance-covariance matrix of moments, because the variance of

moments are quite small in my case and thus may cause numerical instability during the

optimization of the obejctive function as illustrated by Nevo et al. (2016).

I briefly talk about the identification here. Preference parameters in the utility function

(α, β) are identified by the variation in market shares associated with the variation in de-

mand observables and prices. The demand component is estimated by the seller-level average

market share conditional on observables and prices. Cost parameters are all identified from

sellers’ pricing decisions that balance the benefit and cost of responding to rebates. The

average cost parameter c̄ is identified by the average price after controlling for seller/tablet

observables, demand components, and cumulative revenue. The variance of cost compo-

nent σ2
ζ is identified by the price variation that changes across sellers but does not change

over time conditional on sellers/tablets observables, demand components, and cumulative

revenue. The correlation parameter γ is identified by the price variation associated with

the demand component, which is observed beforehand, conditional on sellers/tablets observ-

ables, and cumulative revenue. The cost shock’s variance σ2
v is identified by the i.i.d. price

variaions across sellers conditional on sellers/tablets observables, and cumulative revenue.

Its correlation with demand shocks ρ is identified by the price variation associated with

demand shocks, conditional on seller/tablet observables, demand and cost components and

cumulative revenue, with respect to the variation in demand shocks ujt that are estimated

beforehand.
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6 Results

Demand Estimates

Table 4 presents demand estimates in equation 2 and 3, which include the preference param-

eter for the log of price α, and sellers/tablets shifters β, the mean and standard deviation

of the seller-level demand component ξj. With the specification for the utility function,

the price elasticity is −α(1 − shj). The four columns correspond to results using different

instruments on endogeneous prices.

The estimates show that the coefficient on the log of price ranges from -16.40 to -11.93,

implying that the price elasticity also ranges from -16.29 to -11.87. The coefficient is lower in

columns (3) (4) than in columns (1) (2), probably because consumers are more responsive to

price changes for new products relative to old products. The price coefficients indicate that

a 1% decrease in prices leads to a 12.85% - 15.65% increase in revenue. Also, estimates show

that consumers prefer tablets with a larger screen size, higher GB of storage and memory,

cellular internet access, and new tablets. Consumers have lower utility from the Android

system than the iOS system, but higher utility from Windows operating system than iOS.

Consumers also prefer sellers with more listings and higher rating scores.

Cost Estimates

Table 5 presents cost estimates in equation (5) (6) and (7). Column (1) and column (2)

displays the estimates under the assumption of static pricing and dynamic pricing, respec-

tively, using the demand estimates in Table 4, column (4). Under the dynamic pricing, the

log of marginal cost has an average of 7.329 and a standard deviation of 0.399, indicating the

average cost of $240 and the standard deviation of $72. If sellers’ dynamic pricing response

is ignored, the constant in the marginal cost function will be under-estimated, because the

static model attributes sellers’ low prices in response to rebates to low marginal costs. Also,

the variance of cost components is over-estimated, because the static model neglects the

variation of rebate incentives at different cumulative revenue levels and attributes all of the

price variation to the variation in marginal costs.

Model Fit

I use the model simulation to show the goodness of the model fit. I compare the distribution

of log of prices predicted by the model versus that in the data. In particular, I make 3,600
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random draws for each seller’s cost components (ζrj )3600
r=1 and cost shocks (vrj1, . . . , v

r
jT )3600

r=1

from the estimated distributions, while, fixing sellers’ demand components, and demand

shocks at their estimates.19 I then solve sellers’ optimal prices for each of the random draws.

The details of solving optimal prices for the simulation is in Appendix A.5. Table 6 displays

the mean and standard deviations of several moments of the log of price calculated from the

model and the moments in the data. Overall, the model fits the data well. The mean of the

model-predicted percentiles is all similar to that in the data, with the difference less than

0.3. The standard deviation for the moments across model simulations are also small. This

suggests that the model predicts the distribution of price well.

The model also predicts the dynamic pricing behavior consistent with the reduced-form

results. I show an example of ex-ante policy functions with respect to different levels of

cumulative revenue in three months for the medium seller who has the other states ξj =

−2.569, ζj = 0.296.20 As figure 3 shows, the model predicts a U-shape in prices before the

two rebate thresholds. In August, the seller’s price starts to decline when she has passed

$12k and $40k (20% of thresholds). The price decline becomes greater when sellers are

closer to rebate thresholds. When sellers’ cumulative revenue reaches to $42k and $140k

(70% of thresholds), the price decline becomes the largest at -4% and starts to increase.

This indicates that sellers have stronger incentives to lower prices when they get closer to

rebate thresholds, but when they are very close to rebate thresholds, sellers can reach rebate

thresholds with less revenue accumulation and thus tend to respond less.

Also, as the rebate deadline (December) approaches, the decline starts at a higher revenue

level (30% of thresholds), drops in a larger magnitude (up to -15% in December), and going

back to the original price at a higher revenue level (80% of thresholds). This indicates

that sellers tend to reduce prices more aggressively if they cannot get a close distance to

rebate thresholds until later months. The reason is that conditional on a close distance to

thresholds, sellers face higher opportunity costs of not passing rebate thresholds in the later

months. But when sellers are still far from rebate thresholds in the later months, they tend

to reduce prices less aggressively, because the cost of reaching rebate thresholds can be higher

than the benefit so that sellers are more likely to give up reaching thresholds.

19I cannot back out the cost component for each seller because the cost component is persistent and
included as a state variable.

20The state xjtβ changes over time. It is 104 for the median seller in January.
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7 Counterfactuals

I use the model simulation to measure the effects of the rebate contract and compare it with

alternative ones. I focus on two effects of contracts—first, to induce sellers’ lower prices and

high transaction volume and, second, to benefit efficient sellers with high demand and low

costs. In particular, I care about the heterogeneity in sellers’ unobserved demand and cost

components constructed in the model because the unobservables (to econometricians) may

be also unknown to the platform and only indicate sellers’ private information. I compare

the current rebate with three contracts. First, I remove the rebates, making the contract as

a pure commission rate at the current level. Second, I compare the current rebates with a

lower commission rate. Third, I compare the current yearly rebates with quarterly rebates.

Notably, since my model does not include sellers’ extensive margin, I ignore the upfront

payment. That is to say, the current rebate contract is consist of a 2% commission rate, two

thresholds, and two lump-sum rebates.

Remove Rebates

I eliminate rebates and keep the commission rate at the current level of 2%. In this case,

the contract becomes a pure revenue sharing contract, and sellers set static prices because

they do not expect rebates in the future. For each draw of simulations, I solve sellers’ price

without rebates and compute the change in market outcomes. Table 7 shows the average

across simulations. Column (1) is the percentage change in a seller’s average price over the

year. Column (2) is the percentage change in a sellers’ market share. Column (3) and (4) are

the percentage change and the absolute change (in thousands) for a seller’s revenue. Column

(5) is the absolute change in a seller’s per-period profits minus the commissions, and column

(6) is the absolute change in rebates. The sum of column (5) and (6) indicates the change

in a seller’s yearly net-profits. Column (7) is the absolute change for the platform’s tariff

extracted from a seller.

The last column of Panel A shows the effects of the removal on the average seller. Without

rebates, the average price increases by 0.2%. This leads to a 3.4% decrease in a seller’s market

share, and a 3.2% decrease in a seller’s revenue, or $1552 in transaction volume per seller,

and $729k in transaction volume for the tablet category in the marketplace. Sellers become

worse off after the removal because the per-period net-profits gain is smaller than the loss

in expected rebates. The platform extracts $1.3k more tariff per seller, equivalent to an

increase from 2% to 2.3% in the commission rate. This means that the platform uses rebates
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to subsidize sellers’ cost of selling on the platform.

The average effect of the removal is small because some large sellers are not affected by

rebates. To better show the effects of the removal, I divide sellers according to their current

yearly revenue levels and present the heterogeneous effects in Panel A. Results indicate that

the removal of rebates affects all sellers except for the very large ones beyond one and half

of threshold two 1.5r2. This accounts for 76% of sellers in the market. Among the affected

sellers, those whose year-end revenue is around the two thresholds—in particular, higher

than 0.3r1 and lower than r2—are affected the most, which accounts for 24% of all sellers in

the market.

For these most affected sellers, the removal of rebates increases their average price up

to 1.1%, decreases a seller’s market share by 15% to 22%, and decreases a seller’s revenue

by 14% to 21% ($7k to $11k) on average. A small change in prices leads to a large change

in sellers’ market share and revenue because the demand is elastic in the market, with the

average price elasticity of -15. Sellers below threshold one become better off after the removal,

with an $464 increase in yearly net-profits per seller. It is because under rebates they lower

prices but fail to accumulate revenue above thresholds, and therefore, they obtain higher

per-period profits but have no rebate losses after the removal. In contrast, sellers above

threshold one all become worse off after the removal because the loss in expected rebates is

higher than the gains in per-period profits.

To see if and how the effect of the removal differs for sellers with different demand and

costs that are unknown to the platform, I divide sellers to groups according to different

quantiles of the unobserved demand component ξj and the unobserved cost component ζj

constructed in the model. As large sellers do not respond to rebates, I focus on sellers below

1.5r2. Panel B presents the heterogeneous results for the 20% of sellers with the highest

demand components, the 20% of sellers with the lowest demand components, and the rest

60% of sellers with demand components in the middle.

Results indicate that, while all sellers increase prices after the removal of rebates, the

increase in price is greater for sellers with a higher demand component. From column (1),

the price increase in the highest 20% demand component group is twice as large as that

in the lowest 20% demand component group. The heterogeneous price responses lead to

heterogeneous changes on sellers’ market share and revenue. Sellers in the higher demand

component group have a larger decrease in market share and revenue after the removal, as

shown by columns (2) (3) (4). The effects on sellers’ yearly net-profits is not clear. Sellers

in the medium demand component group lose more yearly net-profits than both sellers in
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the lowest 20% of demand component group and in the highest 20% of demand component

group, from the sum of columns (5) and (6).

I also group sellers below 1.5r2 according to their cost components ζj. Panel C presents

the heterogeneous effects for different cost components. Results show that the removal of

rebates leads to a larger price increase for sellers in the lower cost component group. The

price increase in the lowest 20% cost component group is three times as that in the highest

20% cost component group, as shown by column (1). Consistent with the price responses,

the removal leads to a larger decrease in market share and revenue for sellers in the lower

cost component group, as shown by columns (2) (3) (4). Also, after the removal, sellers in

the lower cost component group lose more net-profits over the year. It is because the increase

in per-period profits is less pronounced for sellers in the lower cost component group. This

suggests that the cost of responding is lower for sellers with lower cost component.

Overall, the above results indicate that the removal of rebates induces higher prices

and lower transaction volume in the market. Also, sellers are affected differently after the

removal. The removal affects small and medium sellers but not large sellers. Among the

small and medium sellers, sellers with higher demand components and lower cost components

lose more market share and revenue after the removal, and the loss is more pronounced in

cost components than in demand components. Together, the results illustrate that rebates

are effective in generating incentives for sellers below thresholds, and the incentive is stronger

for sellers with higher demand and lower costs.

A Lower Commission Rate

I then compare the cost-effectiveness of the current rebate versus a lower commission rate,

namely a 1.7% commission rate. I choose the lower commission rate because it is a linear

incentive, whereas the rebate is a nonlinear incentive scheme.

The theoretical conclusion for the superiority of nonlinear or linear contracts is mixed. In

contract theory, a lot of literature based on a static environment has demonstrated that op-

timal contracts have complicated nonlinear structures. But Holmstrom and Milgrom (1987)

illustrates that the result is not robust. In a dynamic environment, a linear contract is more

cost-effective because agents can observe realized performance over time and adjust their

efforts according to that. In contrast, some literature characterizes cases where a nonlinear

contract can be optimal in a dynamic setting, for example, under a certain utility function

for agents (Chen and Miller (2009)), or when early efforts are more costly (Schottner (2017)).

Also, these theoretical results are all based on a single agent. When there are many hetero-
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geneous agents, the cost-effectiveness of contracts can also depend on how many sellers are

incentivized. Therefore, whether the nonlinear rebate is more or less cost-effective than a

linear incentive is an empirical question.

I solve sellers’ prices under the 1.7% commission rate and compute the change of market

outcomes with the current rebate for each simulation. Table 8 presents the average change

of market outcomes across simulations. The last column of Panel A shows that the lower

commission rate generates $762 in transaction volume per seller and $263 tariffs per seller

than the nonlinear rebates.21 This means that the lower commission rate is more cost-

effective to generate industry joint revenue over the 12 months than nonlinear rebates in this

market.

To see why the lower commission rate is more cost-effective than a nonlinear rebate,

I divide sellers according to their yearly revenue under current environment and show the

heterogeneous effects in Panel A. The results show that a lower commission rate generates

more incentives to large sellers but less incentives to small and medium sellers than a rebate.

From columns (1) to (4), the very large sellers who are far beyond threshold two, higher than

1.5r2, decrease their average price and produce more revenue under the lower commission

rate. In comparison, the small and medium sellers below thresholds all set higher prices and

produce less revenue. This is because rebates only generate incentives below thresholds, but

a lower commission rate generates incentives for all sellers. Since the large sellers dominate

the small and medium sellers in transaction volume in the marketplace, the lower commission

rate is more cost-effective to promote transaction volume than the rebate in this market.

I then study how the lower commission rate affects sellers differently. From Panel A, the

change in incentives across sellers leads to a demand redistribution from small and medium

sellers to large ones beyond threshold two. A seller’s market share decreases from 0.9% to

17% for the small and medium sellers below threshold two, but increases by 0.5% for the

very large ones. This further reinforces the market power of giant sellers.

While the lower commission rate hurts small and medium sellers’ market share, the loss

differs for sellers with different demand components and cost components. To see this, I

divide small and medium sellers—who are below 1.5r2—according to their demand compo-

nents and show the heterogeneous effects in Panel B. Results show that the lower commission

rate leads to a larger decrease in sellers’ market share and revenue for the higher demand

21Columns (3) and (4) shows a decrease in the percentage change in a seller’s revenue and an increase in
the absolute change in a seller’s revenue. It is because small and medium sellers, who produce less revenue,
dominate large sellers, who produce more revenue, in the number of sellers, but the large sellers dominate
small and medium sellers in the scale of transaction volume.
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component group. The decreases in market share and seller revenue in the highest 20% de-

mand component group are three times of that in the lowest 20% demand component group,

as shown by columns (2) (3) (4).

I also divide sellers according to their cost components ζj and present the heterogeneous

effects in Panel C. Same as before, I concentrate on small and medium sellers below 1.5r2

because they are intensively affected by rebates. Results illustrate that, under a lower

commission rate, sellers in the lower cost component group has a larger increase in price and

a larger decrease in market share and revenue, from columns (1) to (4). Sellers in the lower

cost component group also lose more net-profits under the lower commission rate, from the

sum of columns (5) and (6).

Together, these results suggest that, the lower commission rate is more cost-effective to

align the very large sellers’ incentives to produce revenue but less cost-effective to align the

small and medium sellers’ incentives. Also, among the small and medium sellers, the lower

commission rate in particular hurts those with higher demand components and lower cost

components. This is because a lower commission rate generates evenly distributed incentives

across sellers, but the nonlinear rebate generates incentives according to sellers’ demand and

cost components. In other words, a lower commission rate is a less-effective “screening” tool

to induce sellers reveal their demand and cost information than a nonlinear rebate. In the

long-run, it is possible that a lower commission rate drives out the small and medium sellers

who have high demand and low costs and could possibly compete with the large sellers,

relative to rebates.

Quarterly Rebates

Finally, I study how the dynamics affect rebates’ incentives. Theoretical analysis in Holm-

strom and Milgrom (1987) suggests that agents’ adjustment for their efforts according to

the past performance reduces the cost-effectiveness of nonlinear contracts. According to it,

a shorter contract period may intensify rebate incentives because sellers have less flexibility

to adjust their efforts. The above analysis is based on a single agent. In a market with

many heterogeneous agents, it is also possible that rebate incentives become weaker under a

shorter contract period if fewer sellers are induced to respond. Thus, how rebate incentives

change with the contract period is also an empirical question.

In the excercise, I shorten the contract period from one calendar year to one quarter. I

also adjust the quarterly thresholds and the lump-sum rebates to 1/4 of the yearly levels.

Under the quarterly rebate, sellers dynamically set prices in anticipation of rebates during
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the quarter and restart it next quarter.22 The econometrics details of solving the optimal

prices under the quarterly rebates for the simulations are in Appendix A.5. I compute the

change in market outcomes for each draw of simulation and show the average across the

simulations in Table 9.

The last row shows the average effects of quarterly rebates. The quarterly rebates increase

transaction volume by $2.57k per seller and the platform’s tariff by $3k per seller, meaning

that a shorter contract period improves the cost-effectiveness of rebates.

To see why a quarterly rebate is more cost-effective than a yearly rebate, I divide sellers

according to their year-end revenue at the current environment and presents the effects of

rebates for different revenue levels. There are several results I want to point out. First,

the quarterly rebates generate incentives to a wider range of sellers than the yearly rebates.

The very small sellers below 0.3r1 respond more because they face lower thresholds, less

uncertainty and thus higher probabilities to pass thresholds. Large sellers also respond more

because they have to restart accumulating revenue every quarter. Second, rebate incentives

become smoother across sellers under the quarterly rebates. While the rebate incentive

increases for small and large sellers, the incentive decreases for medium sellers. Third,

among sellers beyond threshold two, the giant sellers who are far beyond thresholds—in

particular those above 5r2—are affected less than the sellers who are above r2 and below

5r2, meaning that rebate incentives decay in sellers’ size. Giant sellers can receive rebates

under whatever thresholds. In total, since the quarterly rebates generate incentives to more

sellers, especially the large sellers, the quarterly rebates increase the transaction volume in

the market.

Also, the quarterly rebates lead to higher tariffs for the platform, because large and

medium sellers, those above r1, receive less rebates. Large sellers receive less rebates because

it is harder for them to pass thresholds every quarter. Medium sellers also receive fewer

rebates because they respond less to quarterly rebates. Small sellers receive more rebates, but

they still have small probabilities of passing thresholds. Thus, the platform pay less rebates

to sellers under quarterly rebates versus yearly rebates. The result suggests that the contract

period is not optimal in the marketplace. This is probably because the implementation is

costly. The optimal contract period depends on the distribution of sellers in the category.

Each category has its optimal contract period. Also, for one category, if the distribution of

22Some literature also argues that agents can adjust their efforts across contract periods (Oyer (1998)).
For example, salespeople can postpone sales to the next contract period if they have passed the quota at the
current period. I do not consider the adjustments over contract periods in the counterfactual of quarterly
rebates.
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sellers changes substantially year over year, the platform has to change the contract period

frequently. Therefore, the cost of implementing optimal contract periods may be higher than

the benefit of doing that in reality.

8 Conclusion

This paper empirically studies e-commerce marketplaces’ contracting with independent sell-

ers. Using data from a dominant e-commerce marketplace, I investigate the effect of the

rebate contract employed on the marketplace. I find that the rebates effectively incentivize

sellers to reduce price and produce revenue, and the effect is stronger for sellers with higher

demand and lower costs within the small and medium sellers. A lower commission rate is

more cost-effective to stimulate joint revenue, but it hurts the high-demand and low-cost

sellers among the small and medium ones. Shortening the contract period to a quarter in-

tensifies rebate incentives because the quarterly rebates generate incentives to a wider range

of sellers.

My results suggest that platforms, with substantial heterogeneity among sellers onboard,

face a trade-off between promoting transaction volume and subsidizing efficient small and

medium sellers. Relative to a low commission rate, a rebate can be less cost-effective to

promote transaction volume if large sellers dominate small and medium sellers in transaction

volume. Although the platform sacrifices transaction volume in the short-run, the market

may become more efficient under a rebate versus a low commission rate in the long-run.

It is because a rebate has a better screening effect, which may accommodate efficient but

small/medium sellers onboard, introduce competition to the giant sellers, and drive out

inefficient ones. In particular, among the small and medium sellers, rebates subsidize the

high-demand and low-cost sellers but make the low-demand and high-cost sellers worse off.

This means that efficient sellers are likely to stay, and inefficient sellers may exit the market

in the long-run. Also, efficient small and medium sellers respond to rebates by lowering

prices, but large sellers do not. This limits the expansion of large sellers. Large sellers may

also stay in the marketplace because the rebate is almost free to them. But, a thorough study

needs long-term data and a model incorporating sellers’ entry and exit decisions, which can

be an extension of this paper.
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A Appendixes

A.1 Tables

Table 1: Product Characteristics

Mean Median Standard
Deviation

Listing price ($) 234.22 164.20 222.07
Screen size (Inch) 8.56 8.22 1.50
Memory (GB) 2.61 2 7.25
Storage (GB) 34.05 16 50.75
Cellular Internet Access 0.24 0.01 0.35
Product Age (Years) 0.88 1.00 0.60

Market Share (%) Average Price ($)

Top Brands (Rank)
Tecalst (Top 1) 16.22 138.43
Onda (Top 2) 16.13 112.31
Apple (Top 3) 13.73 573.03
Cube (Top 4) 11.86 127.67
Huawei (Top 5) 6.63 246.40
Samsung (Top 9) 2.94 340.15

Operating System
Android 48.53 173.74
IOS 13.73 573.03
Windows 47.66 307.28

Observations 20,075

Note: This table presents summary statistics for the seller-tablet-month
level data. Listed price is converted to US dollars with the exchange
rate equal to 6, brands are ranked by total sales (in units).
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Table 2: Characteristics of sellers/tablets

Mean Median Std. Dev.
Revenue ($) 62,793 4,730 323,448
Quantities 301.08 26 976.62
Listing Price ($) 247.57 174.73 233.08
No of Tablets 6.09 3 7.21
Rating Score 4.77 4.80 .096
No of Ratings 3,589 1,117 9,618
Screen Size (Inches) 8.57 8.23 1.49
Memory (GB) 2.37 1.84 5.22
Storage (GB) 33.19 19.70 43.98
Cellular Internet Access .24 .01 .35
Product Age (Years) .88 1 .61
Operating System

Android .63 .93 .43
Windows .38 .10 .44

Observations 3,055

Notes: This table presents summary statistics for the seller-month level data
after the aggregation. All statistics are averages across sellers for the entire
12 month time period. Prices are converted to US dollars using an exchange
rate equal to 6. The number of tablets only count a seller’s tablets with
positive sales in a month.
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Table 3: Sellers’ Price Responses to Rebates

Dependent Variable: Log of Prices

Month (t) Group 1 Group 2
Sjt−1 ∈ [0, 0.3r1) Sjt−1 ∈ [0.3r1, r2)

Febuary -0.063*** -0.038***
(0.020) (0.010)

March -0.020 -0.025*
(0.018) (0.011)

April -0.009 0.001
(0.019) (0.011)

May 0.048** 0.033**
(0.019) (0.012)

June 0.039* 0.049***
(0.020) (0.011)

July 0.053** 0.031**
(0.017) (0.013)

August 0.036 -0.007
(0.020) (0.014)

September 0.026 -0.026*
(0.020) (0.013)

October 0.026 -0.024*
(0.017) (0.013)

November 0.035* -0.005
(0.018) (0.011)

December 0.008 -0.041***
(0.019) (0.010)

Seller/tablets’ Characteristics Yes
Seller F.E. Yes
Month Dummies Yes

Adjusted R-squared 0.955
Observations 3,055

Note: This table presents coefficients for the interactions between cumulative rev-
enue groups and monthly dummies in equation 1. Standard errors in parentheses
are clustered in months, ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. The dependent vari-
able is the log of prices. The regression controls for sellers’ observed time-varying
observables, unobserved seller-level heterogeneity, and month dummies. Group 1 is
the revenue bin in which a seller j’s cumulative revenue at the beginning of period
t, Sjt−1, is between 0 and 0.3 of threshold one. Group 2 the revenue bin in which
a seller j’s cumulative revenue at the beginning of period t, Sjt−1, is above 0.3 of
threshold one and below threshold two. Group 3 is the revenue bin in which a seller
j’ cumulative revenue at the beginning of period t, Sjt−1, is above threshold two.
The revenue group 3 and the January dummy are omitted due to the colinearity.
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Table 4: Demand Estimates

(1) (2) (3) (4)

α Log of Price -11.93*** -12.17*** -16.40** -15.75**
(2.896) (3.089) (7.024) (7.664)

β Screen (Inches) 2.920*** 2.979*** 3.388** 3.250**
(0.718) (0.765) (1.482) (1.617)

Memory (GB) 0.041*** 0.042*** 0.053** 0.052**
(0.009) (0.009) (0.021) (0.023)

Storage (GB) 0.009* 0.009* 0.026** 0.025**
(0.005) (0.005) (0.011) (0.012)

Cellular Internet Access 1.975*** 2.019*** 2.189** 2.097*
(0.567) (0.602) (1.028) (1.113)

Product Age -0.729*** -0.734*** -0.709*** -0.696***
(0.158) (0.161) (0.224) (0.226)

Android -0.031 -0.033 -1.472** -1.431**
(0.407) (0.414) (0.672) (0.685)

Windows 1.592*** 1.626*** 1.244 1.180
(0.582) (0.605) (0.875) (0.913)

#Tablets 0.211*** 0.212*** 0.223*** 0.222***
(0.019) (0.019) (0.028) (0.029)

Rating Score 0.454 0.440 0.603 0.620
(0.753) (0.767) (1.012) (0.979)

#Ratings 0.029 0.029 -0.015 -0.013
(0.022) (0.022) (0.033) (0.034)

ξj Mean 0.356 0.413 0.855 0.798
S.D. 6.315 6.485 8.954 8.568

ξt Yes Yes Yes Yes

Observations 2,456 2,456 3,002 3,002

Notes: This table presents demand estimates in equation 2 and 3. Standard errors are shown
in parentheses, ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Seller-level demand components are given
by ξj , and monthly dummies are given by ξt. The four columns correspond to four instruments
for endogeneous prices. For the instrument for endogenous prices, column (1) uses the last
year’s average price for the same product sold in the marketplace; column (2) uses the last
year’s minimum price for the same product sold in the marketplace; column (3) uses the total
inventory for the same product in the marketplace in a month; and column (4) uses the total
inventory for each seller’s most popular product (in revenue) in the marketplace in a month.
The first three instruments are constructed from seller-product-level data and then aggregated
to seller-level using the within-seller-market-share weighted average. For all specifications, a
product is defined as a combination of brand, screen size, memory, and storage.
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Table 5: Cost Estimates

Static Pricing Dynamic Pricing
(1) (2)

Constant 6.881*** 7.329***
(0.0001) (0.015)

σζ 0.591*** 0.399***
(0.030) (0.011)

γ 0.064*** 0.052***
(0.000) (0.016)

σv 0.184*** 0.034***
(0.003) (0.001)

ρ 0.058*** 0.014**
(0.000) (0.008)

Notes: This table presents cost estimates in equation 5, 6 and 7, using
the demand estimates in column (4) of Table 4. Standard errors in
parentheses are calculated using the asymptotic distribution of GMM
estimators, ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Column (1) shows the
estimates when sellers’ dynamic pricing respones to rebates are ignored.
Column (2) shows the estimates when sellers’ dynamic pricing responses
are considered. In comparison to column (2), column (1) gives a lower
mean and a higher variance for cost components. This means that a
model without taking into account sellers’ dynamic pricing responses
will under-estimate sellers’ average cost and over-estimate sellers’ cost
heterogeneity.

Table 6: Model Fit for the Log of Price

Data Model Simulations
Mean Std. Dev.

Mean 6.984 7.199 0.008
P10 5.989 6.321 0.009
P25 6.430 6.760 0.016
P50 6.951 7.181 0.013
P75 7.454 7.601 0.019
P90 7.989 8.071 0.025

Notes: This table displays the goodness of fitting for the log of price
based on 3,600 draws of simulations. I solve sellers’ optimal price for
each draw of simulation. I then show the average and standard deviation
of several moments (mean, 10th, 25th, 50th, 75th, and 90th percentiles)
for sellers’ log of prices across the draws, and compare them with the
moments in the data.
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Table 7: Effects of The Removal of Rebates

%Avg. %Sellers’ Sellers’ ∆Sellers’ ∆Platform’s
Price Mkt. Share Year-end Revenue Year-end Net-Profit Tariff

per seller per seller %Change ∆Change ∆Profit ∆Exp. per seller
(%) (%) per seller per seller minus Rebates ($k)

(%) ($k) Comm. per seller
per seller ($k)

($k)
(1) (2) (3) (4) (5) (6) (7)

Panel A: By Year-end Revenue Levels
[0, 0.3r1] 0.104 -2.493 -2.428 -0.067 0.002 0.000 -0.001
[0.3r1, r1] 1.474 -22.625 -21.050 -7.735 0.396 0.000 -0.155
[r1, r2] 1.135 -15.783 -14.647 -11.414 0.382 -2.500 2.272
[r2, 1.5r2] 0.541 -5.349 -4.946 -9.995 0.489 -5.000 4.800
[1.5r2,∞] 0.065 -0.405 -0.340 -1.907 0.093 -5.000 4.962
Total 0.202 -3.395 -3.219 -1.552 0.067 -1.426 1.395

Panel B: By Demand Components ξj for Sellers Below 1.5r2

Lowest 20% 0.132 -1.934 -1.828 -0.727 0.024 -0.197 0.183
Medium 0.262 -4.505 -4.306 -1.651 0.055 -0.387 0.354
Highest 20% 0.305 -6.168 -5.819 -1.520 0.109 -0.244 0.213

Panel C: By Cost Components ζj for Sellers Below 1.5r2

Highest 20% 0.092 -2.058 -1.980 -0.471 0.176 -0.121 0.112
Medium 0.253 -4.350 -4.142 -1.459 0.056 -0.295 0.265
Lowest 20% 0.370 -6.492 -6.143 -2.368 -0.046 -0.598 0.551

Notes: This table presents results for the counterfactual that the rebate is removed and the commission
rate keeps unchanged at 2%. Column (1) is the percentage change in sellers’ average price per seller.
Column (2) is the percentage change for a seller’s market share. Column (3) and (4) are the percentage
change and the absolute change in thousands for a seller’s year-end revenue, or equivalently, the transaction
volume. Column (5) is the absolute change, in thousands, for a seller’s profit minus the commissions on
revenue. Column (6) is the absolute change, in thousands, for a seller’s expected rebates. The sum of
column (5) and (6) is the total change for a seller’s year-end net-profits. Column (7) is the absolute change
in tariff paid from a seller to the platform, which is the sum of commissions and expected rebates. For all
columns, the statistics are all averaged across sellers for each draw of simulation and then averaged across
simulations. Panel A shows the heterogeneous effects of the removal of rebates for all sellers with different
year-end revenue under the current environment. Panel B shows the heterogeneous effects for sellers with
different demand components, and Panel C shows the heterogeneous effects for sellers with different cost
components. Panel B and C only include sellers whose year-end revenue is below 1.5r2. The medium
group in Panel B (or C) includes all sellers whose demand (or cost) components are between the highest
20th percentile and the lowest 20th percentile, respectively.
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Table 8: Effects of A Lower Commission Rate

%Avg. %Sellers’ Sellers’ ∆Sellers’ ∆Platform’s
Price Mkt Share Year-end Revenue Year-end Net-Profit Tariff

per seller per seller %Change ∆Change ∆Profit ∆Exp. per seller
(%) (%) per seller per seller minus Rebates ($k)

(%) ($k) Comm. per seller
per seller ($k)

($k)
(1) (2) (3) (4) (5) (6) (7)

Panel A: By Year-end Revenue Levels for All Sellers
[0, 0.3r1] 0.041 -0.989 -0.952 -0.025 0.004 0.000 -0.003
[0.3r1, r1] 1.217 -17.634 -16.384 -6.255 0.435 0.000 -0.224
[r1, r2] 0.862 -11.233 -10.384 -7.243 0.557 -2.500 2.061
[r2, 1.5r2] 0.344 -2.395 -2.182 -3.505 1.116 -5.000 4.155
[1.5r2,∞] -0.043 0.534 0.484 6.030 4.795 -5.000 0.298
Total 0.108 -1.724 -1.623 0.762 1.205 -1.426 0.263

Panel B: By Demand Components ξj for Sellers Below 1.5r2

Lowest 20% 0.085 -0.915 -0.847 -0.341 0.043 -0.197 0.161
Medium 0.167 -2.481 -2.342 -0.943 0.098 -0.387 0.306
Highest 20% 0.190 -3.779 -3.526 -1.153 0.138 -0.244 0.180

Panel C: By Cost Components ζj for Sellers Below 1.5r2

Highest 20% 0.046 -1.101 -1.052 -0.248 0.083 -0.121 0.095
Medium 0.165 -2.431 -2.276 -0.912 0.089 -0.295 0.230
Lowest 20% 0.234 -3.716 -3.494 -1.351 0.124 -0.598 0.475

Notes: This table displays results for the counterfactual that the rebate is removed and the commission
rate becomes lower, from 2% to 1.7%. All statistics are averaged across sellers for each draw of simulations
and then averaged across simulations. Panel A shows the heterogeneous effects for all sellers with different
year-end revenue under the current environment. Panel B shows the heterogeneous effects for sellers with
different quantiles of demand components, and Panel C shows the heterogeneous effects for sellers with
different quantiles of cost components. Panel B and C only include sellers with year-end revenue below
1.5r2 since very large sellers are not affected by rebates. The medium group of Panel B (or C) includes
sellers with demand (or cost) components between the 20th percentile and the 80th percentile, respectively.
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Table 9: Effects of Quarterly Rebates

Sellers’ %Avg. %Sellers’ Sellers’ ∆Sellers’ ∆Platform’s
Year-end Price Mkt. Share Year-end Revenue Year-end Net-Profit Tariff

Revenue per seller per seller %Change ∆Change ∆Profit ∆Exp. per seller
Levels (%) (%) per seller per seller minus Rebates ($k)

(%) ($k) Comm. per seller
per seller ($k)

($k)
(1) (2) (3) (4) (5) (6) (7)

[0, 0.3r1] -0.018 1.630 1.442 0.269 -0.015 0.016 -0.011
[0.3r1, r1] 0.849 -7.115 -6.648 -3.167 0.289 0.760 -0.823
[r1, r2] 0.756 -8.891 -8.208 -5.951 0.314 -0.873 0.754
[r2, 5r2] -0.145 2.396 2.381 14.158 1.763 -2.845 3.128
[5r2,∞] -0.065 0.464 0.421 6.977 0.613 -0.542 0.682
Total 0.026 0.786 0.703 2.570 0.328 -0.451 3.014

Notes: This table presents results for the counterfactual that the yearly rebate becomes quarterly rebate.
Under the quarterly rebates, sellers accumulate revenue over one quarter and restart the next quarter.
The amount of quarterly rebates and the quarterly rebate thresholds become 1/4 of their yearly levels. All
statistics are averaged across sellers for each draw of simulations and then averaged across simulations.
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A.2 Figures

Figure 1: The Distribution of Sellers’ Year-end Revenue

Notes: This figure shows the distribution of sellers’ year-end revenue for all sellers
in the tablet category. The x-axis is log of year-end revenue, and the y-axis is the
density of sellers. The two lines indicate the two rebate thresholds. Revenue is
measured in RMB that has the exchange rate of 6.33 with US dollars in 2015.
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Figure 2: The Distribution of Seller’s Year-end Revenue For Marginal Sellers

(a) Threshold One (b) Threshold Two

Notes: This figure presents the distribution of sellers’ year-end revenue for marginal sellers
around threshold one (the left figure) and threshold two (the right figure), respectively. For
both figures, the x-axis is the log of year-end revenue, and the y-axis is the kernel density of
number of sellers. A seller is defined as a marginal seller around threshold one if her cumulative
revenue in the first t months, Sjt, is above 0.5 of threshold one (r1); and a seller is defined as
a marginal seller around threshold two if her cumulative revenue in the first t months, Sjt, is
between threshold one (r1) and threshold two (r2). The dashed line on the left figure includes
marginal sellers defined by Sj3 ∈ (0.5r1, r1), and the dashed line on the right figure includes
marginal sellers defined by Sj3 ∈ (r1, r2). The dash-dot line on the left figure includes marginal
sellers defined by Sj6 ∈ (0.5r1, r1), and the dash-dot line on the right figure includes marginal
sellers defined by Sj6 ∈ (r1, r2). The dot line on the left figure includes marginal sellers defined
by Sj9 ∈ (0.5r1, r1), and the dot line on the right figure includes marginal sellers defined by
Sj9 ∈ (r1, r2). Revenue is measured in RMB that has the exchange rate of 6.33 with US dollars
in 2015.
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Figure 3: Ex-ante Policy Function for the Median Seller

Notes: This figure displays a median seller’s ex-ante optimal prices as a function of
the levels of cumulative revenue in December, October, and August. The x-axis is
a seller’s cumulative revenue. The y-axis is the difference in the log of price when
the seller responds to rebates versus not responds to rebates: log(p∗jt(Sj,t−1)) −
log(p∗jt(Sj,t−1 > r2)). The ex-ante policy function is smoothed by local regressions
using weighted linear least squares and a 2nd degree polynomial model.

A.3 Justifications for Static Demand

This section presents two ways of justifications for the static consumers assumption. First, I

check whether current months’ high quantities is related to the previous months’ high prices.

I regress current month’s quantities on the lag terms of prices. I control for time-varying

seller/tablets characteristics and seller-level fixed effects. I also control for the change of

demand over time with monthly dummies. Results are in Table 10. The results show that

current period’s quantities is negatively related with the last period’s prices and prices two

periods before the last period. The results show positive coefficient on the price one period

before the last period, but the coefficient is not significant. Therefore, I conclude that there

is no significant evidence for consumers’ dynamic purchase decisions over months.
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Table 10: Justification Results for Static Demand

Log of Quantities in Month t
(1) (2) (3)

Log of Price in Month t -0.624** -0.774** -0.737**
(0.229) (0.256) (0.278)

Log of Price in Month t− 1 -0.048 -0.123 -0.172
(0.111) (0.112) (0.126)

Log of Price in Month t− 2 0.107 0.211
(0.116) (0.136)

Log of Price in Month t− 3 -0.145
(0.119)

Seller/Tablets Characteristics Y Y Y
Seller F.E. Y Y Y
Month Dummies Y Y Y
No. of Observations 2598 2194 1851

Notes: This table presents estimates for the linear regression in which
the dependent variable is the log of quantities in month t and the inde-
pendent variables are log of price in month t, t− 1, and t− 2. Standard
errors in parentheses are clustered in seller-level and robust, ∗ p < 0.10,
∗∗ p < 0.05, ∗∗∗ p < 0.01. All specificiations have controlled for observed
time-varying seller/tablets characteristics, seller-level fixed effects, and
monthly dummies.

Second, I estimate the demand model in equation 2 with quarterly price coefficients.

Table 11 show the results. The four columns correspond to results using four different

instruments for the log of price as described in Section 5. The results show that the coefficient

on the log of price does not significantly differ over quarters. The only exception is the

estimate for quarter 2 in columns (1) and (2), which are significantly positive. But the

difference (0.426 to 0.567) is small relative to the average price elasticity (-13.85 to -16.65).

This suggests that consumers are all price elastic over the whole year but not significantly

more or less price elastic in certain quarter.
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Table 11: Demand Estimates with Quarterly Price Coefficients

(1) (2) (3) (4)
αt Log of Price -11.83*** -11.88*** -17.60** -16.86**

(2.749) (2.806) (7.127) (7.701)
× Quarter 2 0.380* 0.512** 1.406 1.365

(0.214) (0.222) (0.868) (0.878)
× Quarter 3 0.044 0.337 -0.116 -0.067

(0.224) (0.233) (0.864) (0.868)
× Quarter 4 0.308 0.516* 0.689 0.593

(0.266) (0.287) (1.047) (1.056)
ξj Mean 0.445 0.041 0.951 0.886

S.D. 6.249 6.690 9.359 8.943
β Yes Yes Yes Yes
ξt Yes Yes Yes Yes
Observations 2,456 2,456 3,002 3,002

Notes: This table presents demand estimates with quarterly coefficients
on the log of prices in equation 2 and 3. Standard errors in parentheses,
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Seller-level demand components
are given by ξj , and monthly dummies are given by ξt. All of the time-
varying seller/tablet characteristics Xjt are included but not displayed
in the table. The four columns use different instruments described in
Section 5.

A.4 Econometrics Details

This subsection describes the econometrics details in solving the single-agent dynamic pricing

problem. Since the problem is finite-horizon, I solve sellers’ optimal prices backwards from

the final period. I discretize the continuous state space and solve the problem with finite-state

methods (Judd (1998), Section 12.3 and 12.5).

To discretize the cumulative revenue Sjt−1, I let it range from 0 to 3 times of threshold

two, which covers the 99% of sellers’ year-end revenue in the data. I discretize it into 300

evenly distributed grid points Sjt−1 ∈ {∆S, 2∆S, . . . ,M∆S}, where M = 300. To discretize

Zjt = (xjt, ξj, ζj), I use 4 grid points for each of them. In particular, I evenly discretize the

demand component ξj to four intervals (0, 25th), (25th, 50th), (50th, 75th), (75th, 100th)

and use the medium as a grid point for ξj. Also, to reduce the number of state variables,

I discretize xjtβ̂ rather than each of xjt, where β̂ is estimated beforehand. I then compute

the empiricla transition of xjtβ̂ in the data. The last state variable is the unobserved cost
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component ζj. Since it is an unobserved state, I use 4 Gaussian quadrature points drawn

from its distribution.

After the discretization, I solve the optimal price on the state grid points. In the final

period T , the dynamic problem is static. Seller j either maximizes her current period’s

profits without considering the rebates or just hitting the threshold. Denote V T (p, ZjT , SjT )

is the action-specific profits plus rebates at the states (ZjT , SjT ). Suppose p0
jT is the price

maximizng the per-period net-profits: p0
jT = argmaxp{πjT (p, ZjT )}; and pkjT is the price

exactly hitting the threshold k: SjT−1 +R(pkjT , ZjT ) = rk, for k = 1, 2. Seller j’s problem in

the final period is:

V ∗jT (ZjT , SjT−1) = max{V T (p0
jT , ZjT , SjT−1), V T (p1

jT , ZjT , SjT−1), V T (p2
jT , ZjT , SjT−1)}.

(16)

In periods t < T , I solve the dynamic problem for each of the 16 combinations of ξj and

ζj by comparing value functions over the 300×4×12 number of grid points. Notably, the

demand model gives a mapping from prices to revenue: Rjt = pjtNt exp(δjt−αpjt)/Γt. Take

log of the revenue function, I will have log(Rjt) = δjt − (αt − 1) log(pjt) − log(Γt/Nt). This

equation shows that prices pjt can be inverted with states Rjt = Sjt − Sjt−1 given the state

variables Zjt and shocks ujt, vjt. I then change the control variable from actions (i.e. prices)

to the next period’s state variale (i.e. cumulative revenue):

S∗jt = argmax
S∈{∆S,2∆S,...,M∆S}

{πjt(p̃jt;Zjt, ujt, vjt) + E[V (S,Zjt+1,Γt) | Zjt]} . (17)

The price corresponding to the choice k ·∆S is

log(p̃jt) =
1

αt − 1
(δjt − log(k ·∆S − Sjt−1)− log(Γt/Nt)) , (18)

for k = 1, . . . ,M . This transformation simplifies the solution because I do not have to

discretize the action space.

Finally, since the shocks are unobserved at the beginning of each period, I do numerical

integration over shocks’ distributions. For demand shocks ujt, I integrate over its empirical

distributionsin in the data, and, for cost shocks vjt, I use the Gaussian Quadrature rule.

Also, to form moments, I integrate over the unobserved state variable ζj using the Gaussian

Quadrature rule.
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A.5 Solve Optimal Prices for Simulations

I simulate the cost component and cost shocks from the estimated distribution (ζrj , v
r
j1, . . . , v

r
j,T )Jj=1

for 3,600 times. I use the simulations to solve the optimal prices under the current environ-

ment for model fitting and the optimal prices under alternative counterfactual environments.

Since each simulation corresponds to a different group of sellers, the equilibrium market com-

petition intensity differs for the 3,600 draws of simulations. However, solving the euquilib-

rium market competition intensity for each draw of the 3,600 simulations is computational

intensive, and also, empirics excercises indicate that the market competition intensity does

not vary much across simulations. Thus, rather than solving the equilibrium competition

intensity for each simulation, I solve the expected market competition intensity across all of

the simulations. I assume sellers respond to the expected market competition intensity. In

parituclar, given a set of simulations ((ζrj , v
r
j1, . . . , v

r
j,T )Jj=1)Rr=1, where R = 3600, and given a

guess of expected market competition intensity λ0
t = E[Γt], I solve the value functions from

the discretized state space Vt(Sjt−1, xjt, ξj, ζ
r
j ;λ0

t ). I then bring the value functions to the

data, and solve each seller’s optimal prices

prjt = argmax
p
{πjt(p, xjt, ξj, ζrj ;λ0

t ) + E[Vt+1(Sjt, xjt+1, ξj, ζ
r
j )|Sjt−1, xjt, p;λ

0
t ]}, (19)

for all periods t = 1, 2, . . . , T and all simulations r = 1, . . . , R. I then compute the market

competition intensity corresponding to the optimal prices:

Γrt = 1 +
J∑
j=1

exp(δjt − αprjt), (20)

for all periods t = 1, 2, . . . , T and all simulations r = 1, . . . , R. Based on the realized market

competition intensity for the simulations, I update the expected market competition intensity

across all simulations:

λ′t =
1

R

R∑
r=1

Γrt , (21)

for all periods t = 1, 2, . . . , T . I then check the difference in the expected competition

intensity ∆ = (
∑T

t=1 |λ0
t − λ

′
t|)/T . If ∆ < 1e−6, stop. If not, update the initial guess λ0

t = λ
′
t

and continue iterate over the above equations 19, 20, and 21.
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