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This dissertation encompasses two studies on the crucial role of information within mar-

ketplace operations. Collaborating with two platforms, we deliver empirical evidence and

offer prescriptive insights into how information is conveyed to and perceived by customers,

and the consequent impacts on sellers and the marketplace at large.

The first study analyzes the introduction of the novel blockchain tracing technology

into an online grocery marketplace. Our findings indicate that credible supply chain trans-

parency encourages consumers to more readily buy traced products, especially those that

are handling-sensitive or offered in less-trusted markets. Consequently, adopting third-

party sellers experienced an average monthly revenue increase of up to 23.4%. By utilizing

structural estimation to understand how consumers assess product attributes and quality,

we highlight that consumer responses (and welfare effects) vary in sophistication and size

based on their prior experience with the product category. Additionally, we establish that

consumers deem blockchain-based.

The second study analyzes the unintended transparency issue associated with the pric-

ing structure of bundle discounts and its consequences on product purchases and returns.
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decrease the Retailer’s return rates by 20.9%. Moreover, improving customer attentiveness

to pricing benefits retailers by enabling them to create more versatile bundle offers, further

optimizing their sales strategy.
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Chapter 1: Introduction

This dissertation delves into the crucial role of information in marketplace operations,

highlighting its transformative impact on transaction dynamics across various platforms. In

the era of rapid marketplace evolution, a myriad of tools and mechanisms has reshaped the

traditional shopping experience, altering the way information is disseminated and perceived

by consumers. My research presents two comprehensive papers that explore the nuances

of information delivery within marketplaces, investigating the reception and perception

of information by customers, and analyzing the subsequent influence on sellers and the

platform at large.

Chapter 1, the first paper, examines the adoption of blockchain tracing within a grocery

marketplace and its consequent effects on all marketplace participants. The introduction of

blockchain tracing represents an innovative approach to enhancing trust and transparency

in the marketplace, with potential benefits for all parties involved – consumers, sellers, and

the platform itself. Yet, the impact is not uniform across all stakeholders. There exists a gap

between those who can effectively utilize this technology and those who need it the most.

From the consumers’ perspective, this disparity hinges on their ability to understand and

trust the information provided by blockchain tracing. More sophisticated or experienced

marketplace users may navigate this new tool more adeptly, but it is the less sophisticated

and the less experienced who need it the most. Similarly, from the sellers’ perspective,

established businesses with high-quality products might find it easier to embrace new tech-

nologies, though the benefits could be more significant for newcomers to the market. This
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paper offers a nuanced analysis of blockchain technology’s introduction to the marketplace,

focusing on its implications for consumer welfare and market dynamics.

Chapter 2 shifts the focus to the informational aspects of pricing structures, which sub-

tly influence consumer purchasing and return decisions, thereby affecting retailers. Certain

discount strategies come with inherently complex pricing structures. For instance, cus-

tomers wishing to return part of a bundle discount purchase must pay the full price for any

items they retain, embedding a ‘cost’ to returns that may not be immediately apparent due

to the initial presentation of a bundle price. This lack of transparency can lead customers

to overestimate the value of a bundle, resulting in increased purchases but even higher re-

turns. This paper explores this unintended issue of price transparency of discount strategies

and its impact on consumers’ understanding of product pricing. Contrary to the traditional

notion that retailers prefer less rational customers, our findings suggest that retailers stand

to benefit from a customer base that is more attentive to pricing details.

Together, these papers contribute to a deeper understanding of the pivotal role informa-

tion plays in shaping marketplace dynamics, offering insights into how transparency can

influence all stakeholders in marketplaces.
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Chapter 2: An Empirical Study of Blockchain-Driven Transparency in a

Consumer Marketplace

Marketplaces have been reshaped continually by technological advancements ranging

from railroads to the mobile Internet and search. Now, marketplace transparency is set to be

transformed by blockchain technology, which offers a uniquely credible platform for trac-

ing the flow of products through firms’ supply chains. The popular belief is that blockchain

will imminently enable consumers to comprehensively trace food products from farm to ta-

ble, reveal counterfeits and contamination, and more accurately identify socially responsi-

ble products and firms. However, no previous empirical research has examined blockchain

technology’s impact on consumer marketplaces, and implementing a blockchain-based so-

lution for supply chain transparency can be costly and complex. In collaboration with a

leading Chinese technology company that operates the top online consumer grocery mar-

ketplace in China, we analyze its recent efforts to introduce blockchain tracing among

its sellers. Our findings indicate that credible supply chain transparency encourages con-

sumers to more readily buy traced products, especially those that are handling-sensitive

or offered in less-trusted markets. Consequently, adopting third-party sellers experienced

an average monthly revenue increase of up to 23.4%. By utilizing structural estimation

to understand how consumers assess product attributes and quality, we highlight that con-

sumer responses (and welfare effects) vary in sophistication and size based on their prior

experience with the product category. Additionally, we establish that consumers deem

3



blockchain-based information to be more reliable than sellers’ claims.

blockchain, consumer learning, consumer trust, consumer welfare, empirical opera-

tions management, food safety, information asymmetry, online marketplace, social good,

structural estimation, supply chain transparency

2.1 Introduction

Since antiquity, marketplaces have been crucial in matching supply with demand, cat-

alyzing economic growth and helping lift hundreds of millions, if not billions, out of

poverty over the last century alone [15]. To achieve these results, marketplaces as insti-

tutions embody a duality between transparency and opacity. Buyers enjoy transparent and

immediate access to a wide array of competing products from various sellers. Yet, si-

multaneously, markets encourage anonymity and thrive on the willingness to transact with

strangers, seeking the best products at the right prices, irrespective of their origins.

Online marketplaces have since leveraged technological advancements to fuel remark-

able growth. Mobile technology has broadened markets, allowing millions of consumers

and sellers online access [23]. Algorithm-driven recommendation systems, by personaliz-

ing and streamlining the shopping experience, have become key drivers of this expansion

[5]. These systems expertly match supply with demand, revolutionizing how consumers

interact with online platforms. Technology thus remains vital in maintaining transparency

and accessibility as markets continue to evolve.

Blockchain, as an emerging technology, promises to elevate marketplace transparency

well beyond simply replicating the transparency of physical marketplaces in expansive on-

line ones. Unlike technologies like RFID sensors, which only enable the physical tracing

of products in transit, blockchain provides a unified, decentralized platform for record-

keeping and data sharing. It functions as an immutable, cryptographically secured ledger
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outside centralized control, accessible to all involved parties, and authenticated in a fully

distributed manner. Such features position blockchain as a promising tool for secure and

detailed recordkeeping across the entire supply chain. For instance, sensors on fishing ves-

sels can create unchangeable records of wild seafood provenance by detailing the exact

geoposition and weight of the catch as it is hauled in [67]. For smallholder coffee growers,

vending machine-style kiosks equipped with advanced grading machinery can be stationed

in villages to evaluate and securely report the growers’ individual contributions in terms

of quantity and quality [20]. Although the data are only as accurate as the input, granular

and immutable records of the production, shipping, and processing steps along a prod-

uct’s journey make the manipulation of individual records extremely difficult. Owing to its

potential as a tamper-proof backbone for supply chain transparency, blockchain has stirred

considerable excitement for marketplace applications. The popular belief is that blockchain

innovations will soon enable consumers to trace agricultural products from farm to table,

uncover counterfeits and contamination, and more accurately verify the social responsibil-

ity of products and firms.

However, little empirical work to date examines blockchain’s genuine impact on con-

sumer marketplaces, and there are valid reasons to question its most optimistic predictions.

For instance, agricultural products like seafood often suffer from rampant mislabeling and

misidentification of origins [80, 81] and adulteration [85], considering that they typically

pass through 10 to 15 intermediaries before reaching consumers [89]. While customers

widely mistrust such information, particularly online [91], blockchain-backed data regard-

ing supply chains can be complex. It is uncertain whether providing this information nec-

essarily leads to better customer understanding. Absent significant impacts on customer

purchases, firms may be reluctant to invest in costly blockchain tracing. Furthermore, sell-

ers might fear that increased supply chain transparency could inadvertently compromise

their competitive edge or expose them to scrutiny and criticism [16].

5



Secondly, firms also lack clear guidance regarding the effects of blockchain adoption.

For example, it is plausible that new sellers, lacking long track records, may benefit from

blockchain-verified claims to quickly gain reputation. Conversely, blockchain-backed rev-

elations could widen the advantage of incumbent firms with well-established supply chains.

Additionally, gains for individual sellers might hinge on specific product mix details, such

as the need for cold chain storage. These are empirical questions, and the answers provide

crucial insights into blockchain’s impact on sellers and the marketplace.

Lastly, technological progress often carries unintended consequences, functioning as

a double-edged sword. For example, automation has led to gains in manufacturing effi-

ciency but also contributed to a widening wage gap, particularly disadvantaging men with-

out higher education [90]. Information technology has spawned a digital divide, creating

unequal access to digital literacy, electronic devices, and internet connectivity, resulting in

disparities in opportunities and life outcomes across society. The debate over new tech-

nology’s role in social inequality continues, weighing its transformative potential against

its mixed effects on socioeconomic disparities. In the realm of marketplaces, radical trans-

parency could disproportionately favor savvy and experienced customers or hinder emerg-

ing sellers still building their market presence and reputation.

Over the past two years, we have collaborated with JD.com (JD), a leading platform

technology company that operates one of China’s largest online consumer marketplaces.

As part of its ongoing quality improvement efforts, JD recently initiated a program in-

troducing blockchain tracing on its platform. Our study focuses on the adoption of JD’s

blockchain tracing technology among sellers of fresh produce, particularly seafood prod-

ucts, and leverages JD’s proprietary data to explore three research questions:

1. Effect on marketplace transparency: Does blockchain-backed product informa-

tion significantly reduce information asymmetry regarding product value? Do con-

6



sumers regard blockchain-backed claims as more trustworthy than other claims made

by sellers?

2. Effect on sellers: How does blockchain tracing benefit sellers who adopt it? What

impacts does it have on established versus upstart sellers, and how are these effects

influenced by the sellers’ product mix?

3. Effect on consumers: How do consumers respond to complex blockchain-backed

supply chain information, and do they interpret it effectively? Does the introduc-

tion of blockchain either widen or bridge the information gap between novice and

experienced marketplace buyers?

The remainder of the paper proceeds as follows. Section 3.2 summarizes the literature.

Section 2.3 describes how blockchain tracing is implemented in practice, and Section 2.4

introduces the platform and setting we study. Section 2.5 presents our empirical analysis,

while Sections 2.6 and 2.7 develop and apply a structural estimation model of Bayesian

learning to delve into how experienced and inexperienced customers respond to blockchain

tracing and the implications for consumer welfare. Finally, we conclude in Section 2.8.

2.2 Literature Review

Our work relates to several streams of research in operations management, marketing,

and industrial organization. We build upon studies on information design, trust in infor-

mation sharing, the economics of technological change, and applications of blockchain

technology in supply chains.

A vast body of literature explores strategies to diminish information asymmetry in mar-

ketplaces (for reviews, see 14, 47, 113). Classical remedies like third-party certification,

buyer protection programs, and consumer feedback systems help build seller or product
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reputations and guide consumers in identifying quality products. Yet, none of these mech-

anisms offers a complete solution in practice. Certifications and buyer protection programs

can be manipulated or corrupted [30, 55, 58]. Consumer feedback systems, which are

the dominant reputational mechanism for many online marketplaces, are found to be often

noisy, inflated, and uninformative [24, 44, 57, 92].

Recent empirical studies focus on innovations that seek to improve these reputation-

building mechanisms in marketplaces. Examples of such innovations include unilateral

feedback systems [77], reward-for-feedback program [87], and new designs of platform

quality certifications [63–65]. To this literature, we introduce credible supply chain trans-

parency as an alternative solution, emphasizing the value of blockchain tracing, particularly

for products or sellers yet to establish their market reputation.

Another stream of relevant literature studies the role of trust in information sharing.

In operations management, the studies on trust focus mainly on the relationship between

supply chain partners (18, 56, 66, 68, 100–103, 108). We study a novel extension of such

sharing, wherein a seller shares credible supply chain information with consumers in order

to earn their trust and drive sales of its agricultural products. In this regard, our work

relates to research on the impact of disclosure on consumer trust and purchase intention

(e.g., 28, 79, 88, 96). By developing empirical evidence, we further the understanding of

supply chain transparency’s role in matching supply and demand, quantifying gains in the

cultivation of consumer trust.

A growing body of literature scrutinizes the influence of emerging technologies on so-

cietal disparities. In the realm of the labor market, both [3] and [25] argue that automation

may displace humans from specific occupations. Conversely, [75] and [99] posit that AI

could enhance productivity, particularly for lower-skilled workers, and thereby promote

worker equality. In marketplace settings, well-intentioned interventions can unintention-

ally exacerbate social disparity. For instance, consumer protection-oriented data privacy
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regulations may inadvertently more heavily burden newcomers or those with limited pur-

chasing abilities [112]. Algorithmic recommendation systems have driven online market-

place growth but face criticism for algorithmic bias [37] and algorithmic exclusion [114],

risking the inadvertent perpetuation of societal inequalities. Our research emphasizes the

potential of blockchain tracing to narrow the welfare gap, especially aiding novice con-

sumers, who are often more susceptible to manipulation [78], and bolstering products that

lack established reputations.

Perhaps most narrowly but with relevance today, our work contributes to a rapidly

emerging literature that sheds light on the applications of blockchain technology within

supply chains [10, 33, 38]. When used to trace individual product units, blockchain re-

sembles RFID technology [48, 82, 83, 116]. Unlike RFID, however, the blockchain’s

distributed-ledger system renders the information it stores uniquely tamper-resistant and

hence highly credible [10]. Theoretical models have found that blockchain tracing should

be effective at signaling product quality or authenticity [40, 104] for wide-ranging pur-

poses [36]. [118] offer empirical evidence that applying blockchain tracing in marketplaces

can stimulate demand. Yet despite potentially helping retailers grow profits and reduce

food waste [76], blockchain tracing can undesirably reduce retailers’ incentives to source

from responsible suppliers [111] or suppliers’ incentive to provide high-quality products

[40].Misalignment of stakeholders’ interests may hinder the adoption of blockchain trac-

ing, even when beneficial to overall welfare [22, 39, 46, 70]. By employing a structural

model, our research unravels and quantifies the mechanisms driving consumer choices,

furnishing further evidence of blockchain tracing’s substantial impact on purchases and its

potential to incentivize broader firm adoption.
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2.3 Blockchain Tracing and Its Application to Supply Chains

Blockchain tracing employs blockchain technology to monitor and document the jour-

ney and various phases of products throughout the supply chain. At its core is a decentral-

ized, tamper-resistant, time-stamped ledger that ensures the secure and immutable capture

of each detail, enabling accurate source verification. Moreover, blockchain’s ability to

house extensive data establishes it as a valuable information repository.

Blockchain’s inherent decentralization ensures that no single entity has overarching

control of the ledger, which in turn fosters trust and minimizes the potential for fraud. This

decentralized structure necessitates collaboration across the entire supply chain. From raw

material suppliers to retailers, every stakeholder must consistently log relevant data on the

blockchain, especially when products change hands or undergo significant alterations. This

collective effort yields a transparent and easily verifiable product history, further bolstering

trust and reducing the chances of monopolistic behavior or fraudulent actions.

Blockchain tracing, with its vast capacity for data storage, serves as a comprehensive

information repository. It accommodates diverse data types, from textual descriptions and

images to timestamps, geolocation details, and video feeds, exemplified by platforms like

IBM Food Trust and Bext360. This abundance of data enriches blockchain tracing as a

source of information, but it also requires that adopters thoughtfully determine what spe-

cific data to include before initiating a blockchain tracing system. These decisions are

guided by a blend of industry standards, stakeholder feedback, regulatory requirements,

and the overall objectives of the blockchain initiative. In the context of food product supply

chains, commonly recorded information encompasses aspects like product origin, process-

ing and manufacturing details, logistical insights, certifications, and the characteristics of

the final product [67].

Blockchain tracing has been applied in two main ways. Early adopters, such as Wal-
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mart, use blockchain tracing as a tool to better manage fresh produce within its own supply

chains. It is reported that this tool fortifies product quality assurance and aids in settling

disputes among supply chain partners [59]. Additionally, there is a growing trend of ex-

tending this heightened transparency directly to consumers. Such transparency stands to

equip consumers with insights, enabling informed purchasing choices aligned with their

ethical and qualitative benchmarks. In blockchain-enabled markets, consumers might be

better positioned to verify product authenticity and corporate ethical stances, sidelining

inferior goods and dubious market players.

JD’s implementation. JD Technology, an affiliate of JD, developed JD’s blockchain

infrastructure called JD Chain [71]. Distinctively, as JD Chain seamlessly integrates with

JD’s retail platform, it has greater consumer focus. Unlike many blockchain solutions

where the choice of data inputs might be jointly determined to please multiple stakeholders,

JD exercises a strong degree of centralized control over traceability standards, so that it can

curate and present uniform and valuable information to their consumers.

In 2019, JD opened and promoted JD Chain access to both the 1P and 3P sellers

within the fresh produce sector. Participation is voluntary and free of charge: sellers can

choose which products to trace or whether to participate at all. Once a product becomes

blockchain-traced, an additional green tag is displayed on the product page. On the product

webpage at JD.com, consumers can find an introduction to blockchain tracing technology.

Live video feeds of both the sea farm and the processing facilities are also available for

consumers to watch. In addition, upon receiving delivery of their purchased products, con-

sumers can scan the QR codes attached to their products’ packaging to retrieve a complete

history of locations and timestamps for their specific batches of products, as well as their

inspection reports, as shown in Figure 2.1.

Consumers may exploit such unprecedented supply chain transparency in at least two

ways. First, by verifying seller-made claims and observing supplier facilities, consumers
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Figure 2.1: Examples of Blockchain-enabled Information Made Available to Consumers.

can better evaluate the trustworthiness of products and claims. Second, the rich supply

chain information may educate and inform consumers, leading them to become more so-

phisticated at assessing products’ quality based on how they are produced and handled

within their supply chains.

The offer of JD Chain to all sellers in the fresh produce sector at no cost appealed to the

many small sellers on JD’s platform. JD aimed to bolster consumer trust by providing con-

sumers with verified, in-depth product data, which could lift the reputations of sellers and

the credibility of the platform as a whole. Though JD Chain is available at no charge, par-

ticipating sellers are tasked with coordinating with their supply chain partners to meet JD’s

standards. To aid this integration, JD Technology provides hands-on assistance, guiding

sellers through the infrastructure setup process.
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2.4 Data and Background

Our dataset was obtained from JD, a leading e-commerce company that operates one of

China’s largest online grocery platforms. While blockchain tracing was adopted across sev-

eral products within the seafood category, sea cucumbers experienced the highest adoption

rate; hence we make it our focal product category. We obtain over 58 million consumer

purchase records in the seafood product category spanning January 2019 to April 2021,

including 1.4 million records on sea cucumber products.

2.4.1 Product Quality and Supply Chain

Like many other food products, a sea cucumber’s quality critically depends on its supply

chain. Sea cucumbers are a specialty food delicacy that is believed in East Asia to be

nutritious and medicinal. Liaoning Province (“Liao”) is the source of the most prized sea

cucumbers in China that are deemed to have the highest quality. After sea cucumbers are

grown and harvested, they are transformed into one of three product types. A sea cucumber

is either (i) dried without salt, (ii) packaged as fresh “ready-to-eat,” or (iii) dried with salt

via one of many processes that are lower-cost and faster than drying without salt. Both

dried-without-salt and ready-to-eat are considered higher quality premium products that

sell at higher price points, while the remaining dried products (dried with salt) are deemed

non-premium products and are often sold at lower price points (Figure 2.2).

Once the product type is decided, the product moves through multiple handling (trans-

portation and storage) stages before it reaches its final end-consumer market. The product

type determines the handling processes needed to support product quality: the final qual-

ity of fresh ready-to-eat products relies heavily on proper cold-chain transportation and

storage, whereas dried products do not have such stringent logistical requirements. There-

fore, the final quality of a product depends primarily on two types of characteristics: those
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that determine the product type (the origin of the product, whether it is dried-without-salt,

ready-to-eat, or dried with salt) and the supply chain dependent (SC-D) characteristics (the

product’s transportation, handling, and storage) that influence its state of freshness at the

time of delivery.

Figure 2.2: Sea Cucumber Types by Their Processing Methods. Photos are from the webpages of
the products listed on JD’s platform. They are for illustration purposes only and do not represent
any specific product.

2.4.2 Marketplace

JD’s online business-to-consumer platform consists of two sales channels. In the first-

party, or 1P, channel, JD sells directly to consumers an assortment of seafood products that

it selects and sources from suppliers. To encourage competition, multiple teams within JD

operate the virtual storefronts (1P sellers) that sell these products. In the third-party, or

3P, channel, JD allows third-party sellers (3P sellers) to transact directly with consumers.

This dual-channel sales model is prevalent in online retail platforms, capturing researchers’

attention [45, 119]. All three types of sea cucumber products are sold on both the 1P and

3P platforms and generate 11.8 million USD in average monthly revenue.

When a consumer searches for sea cucumber products using JD’s website or app, the

search results draw from both the 1P and 3P sellers alike, thereby maintaining competition
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between them. Figure 2.3 illustratively depicts a pair of similar products sold by 1P and

3P sellers that were displayed in response to a sea cucumber search query. The red tag in

the left-hand image indicates that it shows a 1P product. A similar two-channel structure

with common search results is observed on Amazon.com, where 1P corresponds to Sold-

by-Amazon and 3P corresponds to Amazon Marketplaces.

Figure 2.3: Products Displayed on the Search Page. Left. Product name: Xiaoqin (seller name)
Dalian (a city in Liao) Frozen Ready-to-eat Sea Cucumbers, 400g 7-10 counts, Liao, sea cucumber,
seafood; Count of reviews: 100,000+; Seller name: Xiaoqin JD-operated Flagship Store. Right.
Product name: Jiunian (seller name) Dalian (a city in Liao) Dried-without-salt Sea Cucumbers,
wild, gift packaging, national standard, 50g 6-9 count, authentic. Count of reviews: 100,000+;
Seller name: Jiunian Flagship Store.

A product’s quality depends on its product type and how it is handled and maintained

throughout the supply chain. However, whether consumers choose to buy the product de-

pends on their ability to acquire and trust information regarding these factors. For instance,

a seller may claim that its product is of the highest quality type, namely, dried-without-

salt from Liao, but consumers may question the seller’s credibility and claim. Because 1P

products are sold under JD’s control, consumers exhibit a preference for 1P products. On

average, 1P products sell at higher prices (Table 3.2); additionally, although only 16.5% of

all the products sold monthly on the platform are 1P products, they contribute 43.2% of the
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Sales Channel 1P 3P
mean std. dev. mean std. dev.

Monthly revenue (million USD) 7.74 4.07 10.2 4.86
Number of active sellers per month 23.15 1.52 146.46 20.2
Number of active products per month 69.41 31.32 328.87 181.3
Quantity sold per month (million items) 0.76 0.42 1.68 0.65

Dried-without-salt 49.63% 21.05% 27.39% 18.56%
Ready-to-eat 9.47% 4.16% 9.31% 5.26%
Non-premium 40.90% 15.32% 63.30% 22.97%

Item price (USD) 10.17 13.05 6.07 9.81
Dried-without-salt 14.87 15.65 11.54 13.55
Ready-to-eat 9.39 8.13 9.13 10.68
Non-premium 4.66 6.9 3.25 6.31

High rating rate 98.55% 12.22% 98.58% 11.54%
Dried-without-salt 98.83% 12.43% 98.51% 11.41%
Ready-to-eat 98.01% 13.99% 98.80% 10.89%
Non-premium 98.43% 10.77% 98.68% 12.12%

Table 2.1: As the package size of each product varies, quantity is measured by the count of sea cu-
cumber items. On average, a dried sea cucumber weighs around 5g and a ready-to-eat sea cucumber
weighs around 35g. Price is measured on a per-item basis, calculated by dividing the unit product
price by the quantity contained in each product. High rating refers to an aggregated rating of four
or more stars out of five stars.

total revenue. Owing to consumer trust in JD’s own brand and operations, its direct-sale

products enjoy a significant advantage in reputation.

JD’s platform also maintains a consumer feedback system that helps consumers make

informed product purchases. Products’ landing pages (see Figure 2.3) display their aggre-

gate ratings and the reviews that previous purchasers voluntarily submit. Consistent with

the prior literature, we find that sea cucumber ratings are inflated, which makes the feed-

back system less informative. More than 98% of the products have high ratings of four or

five stars (Table 3.2). For blockchain-traced products, an additional green tag is displayed

on the product page (see the right-hand image in Figure 2.3).
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2.4.3 Consumers

The ability of consumers to interpret blockchain-backed product quality information

heavily determines blockchain tracing’s effect on marketplace information asymmetry. Pre-

vious literature consistently demonstrates that individuals refine their information-processing

capabilities through experiential learning across various contexts [35, 62, 72]. When learn-

ing and assessing product (or seller) quality, experience enables consumers to filter out the

noise in the information they receive and interpret new information more adeptly than in-

experienced consumers. Supply chain information should be no different in this regard,

and collectively, this literature suggests that consumers’ experience levels should influence

how ably they interpret and apply supply chain information about products.

Our dataset contains consumer-order level data that tracks every seafood product order

that individual consumers (identified by unique customer codes) place on JD’s 1P and 3P

marketplaces. Monthly, on average, over 44,000 orders for sea cucumbers are placed by

37,710 consumers. Because sea cucumbers are considered a luxury food item, they are pur-

chased infrequently: on average, 76.8% of the consumers make a single purchase within a

year. Broadening the scope to encompass the entire seafood category, 46.1% of consumers

purchase only once. This can be attributed to a hesitancy to buy seafood online, given the

need for freshness and the elevated logistics requirements. Yet, these first-time consumers

represent a notable portion of the demand and significantly influence revenue streams. At

the same time, they might have limited capacity to discern quality and trustworthy sell-

ers. Therefore, examining consumers with varying levels of experience becomes crucial to

understanding heterogeneous responses to blockchain tracing.

We categorize consumers who placed at least one order in the seafood category in the

past three months as being experienced; otherwise they are labeled as inexperienced. Con-

sumers often base their perceptions of product quality on recent interactions [41]. Purchas-
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Figure 2.4: Fraction of Orders Placed by Inexperienced Consumers. The fraction of orders by
inexperienced consumers is relatively stable over time in both 1P and 3P.

ing a product within the last quarter serves as such an interaction and aligns with current

e-commerce segmentation practices. Engaging with the seafood category allows consumers

to hone their skills in assessing product quality using factors such as stated origins, product

types, and handling processes, all within the context of the same online marketplace. This

accrued knowledge informs their future purchases in the seafood category.

The inexperienced consumers form a substantial part of the purchasing population. In

an average month, they place 47.2% of all orders (Figure 2.4). Intuitively, inexperienced

consumers ought to rely more heavily on JD’s own reputation and trustworthiness and

gravitate toward purchasing 1P products. Indeed, on average, 1P products derive 54.6%

of their orders from inexperienced consumers each month, whereas 3P products derive a

relatively smaller 43.6% of their orders from inexperienced consumers.

2.5 Effects of Supply Chain Transparency

We utilize the first wave of en masse adoption of blockchain tracing as a quasi-experiment

to examine the effects of supply chain transparency. Two aspects of this adoption event and

data uniquely enable our study. JD Technology first developed the technical infrastructure

needed to support product blockchain tracing. JD then offered its tracing technology to
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all fresh produce sellers on its platform: JD Technology worked with participating sellers

and their suppliers to incorporate the tracing solution into their supply chains. The trac-

ing solution gives JD’s end consumers access to the same supply chain information as the

seller. Although the 3P sellers on JD’s platform operate independently, the infusion of JD’s

blockchain tracing technology into their supply chains lets us study an implementation of

supply chain transparency that is well developed and highly uniform across participating

sellers.

This unique situation lets us empirically examine the introduction of supply chain trans-

parency onto JD’s platform as a quasi-experimental treatment effect. Sellers still self-select

into adopting transparency via JD’s technology or not; however, we crucially avoid the

complications of sellers adopting a variety of partial blockchain solutions that vary in

strength and credibility based on their motives and the information they might seek to

conceal.

In this section, we begin by detailing the adoption event of blockchain tracing in Section

2.5.1. We then outline the methodology employed to assess the treatment effect in Section

2.5.2. Subsequently, in Section 2.5.3, we delve into the impact of blockchain tracing on the

revenue of traced products. We pay particular attention to the heterogeneous effects across

two dimensions: product reputation and consumer experience. Specifically, we investigate

the “cold-start problem”, evaluating how products with established reputations and those

newly introduced benefit differently from blockchain tracing. We also explore the distinct

responses of experienced and inexperienced consumers to transparency.

2.5.1 Quasi-Experiment: First Adoption of Blockchain Tracing

The first mass adoption of JD Chain took place in June 2019. Since JD developed and

implemented the technology, all products that adopted JD Chain offered consumers the
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1P 3P
Number of Traced Products 13 70

Dried-without-salt 3 39
Ready-to-eat 5 24
Non-premium 5 7

Number of Adopting Sellers 3 5

Table 2.2: The first mass adoption event of block chain tracing took place in June 2019, which
covers all three types of products from both 1P and 3P.

same uniform level of supply chain transparency. We therefore avoid the complications

of sellers adopting different blockchain solutions that can partially reveal supply chain

information in a manipulative way.

A total of 83 sea cucumber products adopted blockchain tracing. All the traced products

were of Liao origin. This is likely attributed to Liao’s well-established reputation among

consumers as a source of high-quality sea cucumbers. Sellers may want to leverage this

recognition by credibly signaling the origin of their products. However, not all Liao sea

cucumbers are identical; they vary in both their sales channels and product types (Table

2.2). This diversity offers us a rich assortment of products to study, thereby providing

insights into different aspects of the market. In 1P, 13.0% of sellers adopted, and 3.7%

of sellers adopted in 3P. The majority of the traced products were premium dried-without-

salt and ready-to-eat products, particularly so in 3P. We refer to January to May 2019,

the six-month period before the adoption event, as the pre-treatment period and to July

to December 2020, the six-month period after the adoption event, as the post-treatment

period.

We examine the heterogeneous treatment effect of tracing adoption on product demand.

It is reasonable to posit that a consumer’s trust in a seller’s product increases her willing-

ness to purchase. Therefore, when supply chain transparency positively affects consumer

trust, traced products should experience an empirically measurable increase in their de-

mand. Yet, given the varying reputation levels of different sellers and their products, the
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impact of blockchain tracing can vary. This variability leads to an intriguing question: does

blockchain tracing either bridge or widen the reputation gap between products?

For example, consider illustratively the firm (a ready-to-eat sea cucumber seller) that

maintains dual storefronts on JD: a JD-operated 1P seller and a self-operated 3P seller

(Figure 2.5). Although it offered a strikingly similar range of products through the 1P and

3P channels, its 3P offerings averaged prices that were about 20% lower during the pre-

treatment period, reflecting that consumers perceive a reputational gap between 1P and 3P

channels.

Figure 2.5: Revenue and Price Adjustments for a Firm Offering Through Both 1P and 3P Channels
Following Blockchain Tracing Adoption. We tracked the total revenue and average per-item price
for the firm’s 1P seller and 3P seller from January 2019 to April 2021. The blockchain tracing
adoption event occurred in June 2019, which is highlighted in grey. The left panel shows the total
revenue for each seller, while the right panel presents the average per-item price for each.

Upon introducing JD Chain, however, this firm’s 3P traced products witnessed signifi-

cant revenue growth that was not mirrored in the 1P channel as illustrated in the left panel of

Figure 2.5. Ten months after the adoption event, the 1P prices were adjusted to better align

with those of the 3P, depicted in the right panel of Figure 2.5. This anecdotal example of a

firm’s experience under JD Chain underscores the profound capability of blockchain trac-

ing to potentially close the gaps in perceived reputation that separate actually comparable

products.
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2.5.2 Robust Synthetic Control Methodology

In order to evaluate the causal effect of blockchain tracing on revenues, we use robust

synthetic control (RSC) methods. RSC builds upon the classical synthetic control method

(see 1 for a recent review) to better address the challenge of missing and noisy observations

[8]. It also relaxes the convex constraints on the weights used under the classical synthetic

control method; this relaxation makes the choices of control variables (donor pool) more

flexible and generates synthesized units with a better fit. The statistical significance of the

effects estimated by RSC are inferred by running placebo tests. The methodological details

are provided in Appendix 2.9.

Since sellers and products self-select into JD Chain, care must be taken in identify-

ing the effect of the blockchain tracing program. Specifically, the products that adopt

blockchain tracing may already possess higher than average quality (e.g., all of them are

from Liao). Therefore, a properly measured effect of blockchain tracing should exclude

such pre-existing differences in quality. To address this potential endogeneity bias, we

match each of the products in the treatment group (the adopters of blockchain tracing) with

a donor pool of controls that best fits its characteristics during the pre-treatment period in

terms of product type, sales channel, price point, length of sales on the platform (product

tenure), and average rating. Please refer to Appendix 2.9 for details.

For our analysis, we aggregate the data to product-month level [73]. From the matched

donor pools, the RSC method constructs for every treated unit a synthesized control unit

that mimics the treated unit’s outcome variable (e.g., revenues) during the pre-treatment

period. Then, the treatment effect is measured using the differences in the outcome vari-

able that emerge between the treated unit and its synthesized control unit during the post-

treatment period.
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2.5.3 Heterogeneous Effects of Blockchain Transparency

As blockchain tracing enriches the depth and detail of the product information acces-

sible to consumers, it therefore allows them to confidently purchase products that match

their quality preferences well. In the post-treatment period, changes to products’ aggre-

gated sales and revenues reflect consumers’ updated choices in response to the newfound

blockchain transparency into products’ supply chains.

Figure 2.6 shows, for each of the three product types, the difference in average monthly

revenues between the treatment group of traced products and the group of corresponding

synthetic control units. During the pre-treatment period, the monthly differences are nearly

zero, indicating that the synthetic control units closely match the treatment group well on

the whole.

After tracing is introduced, 3P marketplace revenues significantly increase for the traced

premium products (either dried-without-salt or ready-to-eat). In contrast, the 3P market-

place revenues of the non-premium products show no improvement over their synthetic

controls. In particular, Table 2.3 shows, 3P ready-to-eat products experienced the largest

revenue growth from tracing, amounting to 23.4% of their monthly revenue. Given their

need for cold-chain logistics (see Section 2.4.1), such ready-to-eat products are the most

handling-sensitive among the three product types. Therefore, the newly credible informa-

tion that tracing provides regarding a product’s supply chain dependent (SC-D) quality,

such as transportation and handling details, are particularly impactful for the ready-to-eat

sea cucumber products. In contrast, consumers appear justifiably indifferent as to whether

a non-premium dried product is traced or not (insignificant change in revenues).

Interestingly, in the 1P marketplace, tracing results in no significant change in overall

revenue for any of the three product types. Note that exactly the same blockchain tracing

system was adopted by JD’s 1P and 3P sellers, and hence consumers accessed the same
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Figure 2.6: Difference in Monthly Average Revenue between Traced and Non-Traced Products.

1P 3P
Dried-without-salt 4823.27 13312.12**
Ready-to-eat 16599.58 25240.71**
Non-premium 4548.57 -1569.55

Table 2.3: *p < 0.10; **p < 0.05; ***p < 0.01. The presented values correspond to the monthly
mean revenue differences between the treated group (the traced product) and their corresponding
synthetic controls, computed using Eq. 2.4. The statistical significance of these differences is
inferred based on Eq. 2.6.

type of new information in both sales channels.

In summary, we find that blockchain tracing positively impacts the 3P marketplace

revenues of premium products but produces no significant revenue impact in the 1P mar-

ketplace. Our finding suggests that the growth in revenue stems primarily from blockchain

adoptions producing new information that generates greater confidence and trust where it

was lacking in the 3P marketplace and in the claims made by 3P sellers. In consumers’

eyes, blockchain transparency provides credible new information regarding the 3P sellers’

products.

Product reputation. We pay special attention to newly introduced products that face

the so-called “cold-start problem” highlighted in the literature. On JD’s platform, every

product’s webpage displays both its aggregate rating and a running tally of its units sold

to customers. This arrangement inherently advantages products with well-established sales

histories. We address the challenge that less established sellers face in promoting newer,
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but high-quality, products. Blockchain’s impact on product revenue ought to vary hetero-

geneously between newly introduced young products and those with established standing

in the marketplace.

We group the products into the two categories of established and young based on their

existing reputational exposure on the marketplace. An established product refers to one

that has already forged a reputation, either from its own sales history or based on its seller’s

stature. In other words, if the product’s seller possesses reputably high sales volumes across

its other products, the new product is more likely to be seen and trusted by customers. Ac-

cordingly, we define an established product as one that (i) has been available on the platform

for an above-median length of time for its product type or (ii) is sold by a seller with an

above-median number of historical orders for that same product type (dried-without-salt,

ready-to-eat, or non-premium). The remaining products are categorized as young prod-

ucts. By this definition, established products either possess greater sales records, leading

to a clearer track record of reviews and sales, or are sold by more established and visible

sellers.

Of the traced products, 35 are classified as young, while 48 are considered established.

During the pre-treatment period, young products logged an average monthly revenue of

$38.3 thousand for young products, whereas the established products averaged $169.5

thousand. An established product’s revenue therefore averaged 3.23 times that of a young

product, underscoring the cold-start problem.

To fairly compare the magnitude of blockchain’s effects across the established products

and the young products, we compute the percentage change in monthly revenue between

the pre- and post-treatment periods. Specifically, for each product, we calculate the average

monthly revenue in the post-treatment period, denoted as Ȳpost , and divide it by the average

monthly revenue in the pre-treatment period, represented by Ȳpre. Our resulting outcome

variable, Ȳpost
Ȳpre

− 1, equates to the proportional increase or decrease in revenue after the
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adoption of blockchain tracing. This enables us to determine which group, whether young

or established products, garners more benefit in terms of revenue growth.

Figure 2.7: Difference in Percentage Change in Average Monthly Revenue by Product Reputation
Groups.

1P 3P
Product Reputation Level Product Reputation Level
Young Established Young Established

Dried-without-salt 8.44 -0.66 10.51** 30.80**
Ready-to-eat 14.75** -3.09 11.04* 24.72**
Non-premium 5.87 -7.85 -14.59 -11.51

Table 2.4: *p< 0.10; **p< 0.05; ***p< 0.01. The presented values correspond to the differences
in percentage change of monthly mean revenue between the treated group (the traced product) and
their corresponding synthetic controls, computed using Eq. 2.4. The statistical significance of these
differences is inferred based on Eq. 2.6.

Figure 2.7 illustrates the percentage changes in young and established products’ rev-

enue for each product type across JD’s two sales channels. We find nuanced differences in

blockchain’s effects on the two groups across the sales channels.

In the 3P marketplace where blockchain exhibited strongly positive revenue effects,

both established and young premium products see notable revenue increases after adopting

blockchain tracing. Established products experience a 30.8% surge in monthly revenue
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for dried-without-salt products and a 24.72% rise for ready-to-eat products. Despite be-

ing new to the market, young products also show significantly enhanced revenues, with

a 10.51% boost for dried-without-salt products and an 11.04% increase for ready-to-eat

products (Table 2.4). These substantial revenue hikes for young products underscore the

efficacy of blockchain tracing as a reputation-building tool and a solution to the cold-start

problem. However, established 3P products saw substantially larger revenue increases, sug-

gesting that consumers gained even greater confidence and trust in traced products with an

established presence on the market.

In contrast, we had found no empirical evidence of overall improvements to revenue in

the 1P marketplace. However, we find interesting effects for young products if we consider

them independently. Perhaps unexpectedly, young ready-to-eat products sold in the 1P

channel logged a statistically significant 14.75% rise in revenue (Table 2.4). However, as

previously shown in Table 2.3, we had found no overall average effect, and consistent with

that earlier finding, we find no significant change in revenue for the established products in

the 1P marketplace. Thus, although it appears that the products sold in the 1P marketplace

are generally trusted and hence do not benefit significantly from blockchain tracing, we

find that blockchain tracing still ameliorates the cold-start problem for 1P young products.

Thus, we find that young products benefit from blockchain tracing across the board,

including to lessen the cold-start problem in trusted marketplaces. In the well trusted 1P

marketplace, the net effect of tracing is to help close the perceived reputational gap between

young and established products. However, in the 3P marketplace, established products also

benefit greatly by using blockchain tracing to credibly reveal their supply chains. While

both young and established products benefit, established products can credibly exhibit their

advantages to consumers and the gap between them in consumer demand widens.

Consumer experience and sophistication. We further find that that consumers’ experience-

based knowledge plays a critical role in explaining blockchain’s heterogeneous effects on
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consumer demand. Whereas we also consider other consumer characteristics such as age,

gender, education, and platform loyalty, the differential impact is starkest when we seg-

ment consumers by their levels of prior purchasing experience with seafood products on

the platform. We find that blockchain tracing induces stronger shifts in product demand

among relatively more experienced consumers.

We separate the net gains in traced products’ revenue into those generated by expe-

rienced consumers’ orders and inexperienced consumers’ orders.1 At the same time, ex-

perienced consumers account disproportionately for the overall consumer response. They

account for a larger fraction of the 3P increase in revenue, especially for the ready-to-eat

products (Figure 2.8 and Table 2.5). Experienced consumer demand shifted notably to-

wards traced premium products.

In the 1P channel, the unique responsiveness of experienced consumers is even starker.

We find a significant increase of 14.3% in average monthly revenue in traced product rev-

enue solely in experienced consumers’ orders placed for the handling-sensitive, ready-

to-eat products. The overall effect is insignificant when inexperienced consumers are in-

cluded, and we find no significant effects for all instances involving inexperienced con-

sumers (or involving the less handling-sensitive product types) in the 1P marketplace.

1P 3P
Consumer Experience Level Consumer Experience Level
Experienced Inexperienced Experienced Inexperienced

Dried-without-salt -1546.50 -450.78 4109.36*** 1990.66*
Ready-to-eat 12231.88** 140.83 7192.41*** 2634.60*
Non-premium -890.03 4930.10 1092.38 418.08

Table 2.5: *p < 0.10; **p < 0.05; ***p < 0.01. The presented values correspond to the monthly
mean revenue differences between the treated group (the traced product) and their corresponding
synthetic controls, computed using Eq. 2.4. The statistical significance of these differences is
inferred based on Eq. 2.6.

1We experimented with defining experienced consumers as those who have made a purchase either once
in the two months or once in the one month leading up to the current purchase. The pattern of our findings
remained robust across these definitions.
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Figure 2.8: Difference in Monthly Average Revenue between Traced and Non-Traced Products by
Consumer Experience Groups.

Stepping back, our empirical findings support that blockchain generates credible supply

chain information that helps consumers assess both dimensions of product quality. Specif-

ically, the premium products sold in the less trusted 3P channel show across-the-board

gains in revenue that reflect basic improvements in the perception of product type qual-

ity. Blockchain adoption yields the greatest gains for the 3P market’s established products,

as tracing resolves consumers’ doubts regarding the credibility of sellers’ claims. In con-

trast, trust is already well established in the JD-backed 1P marketplace. Here, blockchain

results only in particularized gains in revenue. Exclusively experienced consumers recog-

nize that blockchain tracing reveals important new information regarding the handling of

handling-sensitive, ready-to-eat premium products. Thus these savvy consumers exploit

new information regarding products’ SC-D quality, but we otherwise find no significant

changes in 1P consumer demand. In the subsequent section, we introduce a structural

model to elucidate the mechanisms behind consumer purchasing decisions.
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2.6 Structural Model

To build on our empirical insights, we next develop a structural model of consumer

choices based on marketplace information. In particular, the model will tease apart the roles

that information and preferences play in consumers’ heterogeneous reactions to blockchain

tracing. For example, do experienced consumers react more strongly to tracing due to their

superior understanding of the newly provided information, or because the products that they

particularly prefer are more heavily affected by the new, blockchain-driven disclosures? We

then use the estimated model to explore marketplace and welfare implications.

We model consumers’ efforts to determine the quality of products prior to purchasing.

These assessments should take into account the products’ visible attributes, as well as any

reputational history and whether the product has been selected for the 1P market channel.

We model this assessment as a Bayesian learning process. For each product, a consumer

forms beliefs regarding its two-dimensional quality spanning its product type (i.e., its gran-

ular quality level based on origin and method of preparation) and its supply chain handling

(i.e., how well it is transported, handled, and stored). Ultimately, her preference for the

product depends on these quality attributes.

Her beliefs incorporate three sources of available information. First, the consumer

considers the product’s visible attributes such as its stated origin, ratings, return rates, and

tenure. We model these as being jointly distributed with the two quality dimensions that the

consumer values. Based on the degrees of correlation between attributes and quality, she

forms posterior beliefs regarding quality. Second, consumers account for the fact that JD

uses superior information regarding products’ quality attributes to select the 1P channel’s

product assortment. Consequently, the customer’s beliefs further incorporate whether the

product is being sold through the 1P or 3P channel. Lastly, the customer inspects the

product pages to glean information (e.g., photos, written descriptions) that amounts to a
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noisy signal of the product’s quality. We allow the noisiness (equivalently, the accuracy)

of her product quality signal to depend on whether the product is blockchain-traced and on

her level of prior experience with seafood products on JD.

A customer’s final beliefs reflect some residual uncertainty regarding the products’

quality. Such uncertainty quantifies, for specific consumers and product types, the gran-

ular degree of information asymmetry. Consumers are allowed to value the two quality

dimensions heterogeneously.

2.6.1 Product Quality and Consumer Utility

In our model, customers make their purchasing decisions based on product prices and

their assessments of product quality. In this section, we model product quality and how

customers value it against price. Product quality is defined along two vertical dimensions

that we address in turn.

Product type quality. First, consumable food products possess quality characteristics

that derive from how they are sourced and prepared. These characteristics determine a

product’s taste and feel, as well as how it is best enjoyed by the consumer. For example,

Norwegian smoked salmon is distinguished by its sourcing in the North Atlantic, poten-

tially from the wild, and from the smoking and packaging processes used to prepare it. A

consumer’s individual affinity for a smoky flavor and for the quality and typically lower

fat content of Norweigian-sourced salmon determines her utility value for this particular

salmon product type.

We envision that narrow product categories such as sea cucumbers feature generally

vertical gradings of product types that range from the premium quality products down to

the cheaper non-premium preparations that compromise on flavor and shelf life. Because

customer tastes are subjective, our model allows customers to differ in their sensitivity to
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such quality and to possess a degree of idiosyncratic tastes that affect their choices.

Between products, labels do not fully determine actual quality. For example, despite

Liao’s exalted reputation, a poorly prepared sea cucumber product from Liao may rank

below a product that is sourced elsewhere but better produced. Therefore, we model every

single product as possessing its own true level of product type quality (that is, quality levels

are far more granular than the broad product types described in Section 2.4.1). Such qual-

ity levels are the latent characteristics of each product, and consumers form beliefs about

products’ latent product type quality levels based on examining their labels and photos, for

example.

Supply chain dependent (SC-D) quality. Beyond sourcing and production, high-quality

products must maintain freshness and safe and careful handling throughout their supply

chains. Thus, the performance and practices of the sellers’ supply chain intermediaries

significantly impact product quality [27, 97]. Despite this, however, the differences in

supply chain characteristics and quality between products are often practically invisible to

end consumers.

Customer utility. Formally, a consumer i’s utility from product j depends on the prod-

uct’s two-dimensional quality Q j =
(

Q1
j ,Q

2
j

)
∈R2. Specifically, Q1

j represents its product

type quality, and Q2
j represents its SC-D quality. Customers value the two dimensions of

quality heterogeneously, so that we capture a customer i’s individual valuations in the form

of the two-dimensional parameter vector, βi ∈ R2
+. From consuming product j at the price

Pj, she obtains the net utility payoff

ui j = βi
⊤Q j −αiPj + εi j,
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where εi j is the idiosyncratic utility component that reflects her subjective taste. Subject to

the information gathering process described below, the customer seeks to make a purchas-

ing decision that maximizes her expected utility.

2.6.2 Consumer Learning Process

While shopping in the marketplace, a consumer i collects information about the quality

of each product j. She forms a belief about its quality in the form of a distribution over

possible Q j that we represent using the random variable Qpost
i j . Her beliefs are based on:

viewing the product’s visible attributes, including its labels regarding brand, product type,

and sourcing; whether the product was selected by the platform for 1P status; and finally

her assessment of additional unstructured information, such as that revealed by blockchain

tracing or from photos on the product’s page. Note that Qpost
i j is individual-specific, allow-

ing each customer her own belief about quality of product j.

Product attributes.

Whereas a product j possesses a two-dimensional quality Q j, that quality is never di-

rectly revealed to the customer. Instead, the marketplace displays a host of other observable

attributes that can inform customers regarding products’ underlying quality.

In order to capture this setting, we define each product j to be the vector that consists

of its quality Q j and its set of the attributes A j ∈ RK . We denote each product as X j =

[Q1
j ,Q

2
j ,A

1
j , ...,A

K
j ]
⊤. In turn, a product category is defined by a joint distribution over

quality and attributes. The product category thus generates a prior marginal distribution

for the quality Q j of any product drawn from it, absent any further information about the

product. It also gives customers the means to update their beliefs about Q j after observing

the product’s attributes A j.
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In our model, we let the attributes A j consist of a product’s origin, rating, return rates,

complaint rates, how long the product has been sold on the marketplace (product tenure),

and how long the seller has been doing business on the marketplace (seller tenure). In

keeping with how the customer encounters them, we take these attributes exactly as they

are disclosed by the platform and seller. That does not mean, however, that such infor-

mation is accepted uncritically. When certain types of claims are relatively unreliable, the

product category’s joint distribution should reflect that these claims, as visible attributes,

correlate only weakly with the actual product quality, Q j. As a result, they exert ratio-

nally weaker influence over customers’ beliefs about quality, i.e., customers draw rationally

weaker conclusions about quality from them. Yet, even highly credible attributes may be

informative about only one quality dimension or the other. For example, as described in

Section 2.4.1, origin and processing method are highly correlated with product type quality,

whereas seller tenure and product tenure may strongly correlate with SC-D quality.

We specify the product category as a multivariate normal distribution N(µ,Ψ). When

there are J products on the market, each product X j = [Q1
j ,Q

2
j ,A

1
j , ...,A

K
j ]
⊤, j = 1, ...,J, is

deemed to be drawn i.i.d. from this distribution.

Platform selection.

Most customers shop once or a few times per year for sea cucumbers, leading them to

rely mainly on the information they see. The platform, however, possesses much richer

information regarding the sellers on its marketplace and their products. Moreover, the plat-

form then uses its own superior information to determine which products to sell through

the 1P channel. Customers’ beliefs regarding products’ quality should then rationally in-

corporate the chosen channels (1P or 3P) through which they are sold.

To model the platform’s choice, we assume that it knows the quality and attributes of
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every product on its platform. On a monthly basis, the platform selects qualifying products

for its 1P sellers using a simple classification rule based on a threshold r: product j is

sold on the 1P channel if and only if ΛX j + ν j ≥ r, where the vector Λ ∈ RK+2 reflects

the weighted influence of the attributes and quality, and ν j is an error term that is assumed

to be normally distributed and independent across products j = 1, . . . ,J.2 This selection

rule reflects trade-offs between quality and attributes. For example, if a product is sourced

from a supplier that has a long selling history on the market and a low complaint rate (both

favorable attributes), then JD may select it for 1P despite it being a non-premium product.

Similarly, JD may promote a new supplier through its 1P channel if it assesses that the

supplier’s products exhibit superior quality.

Unstructured product information including blockchain.

Lastly, a customer incorporates the rich and potentially unstructured information pro-

vided by the marketplace about each product. Such information includes written descrip-

tions and pictures and, for traced products, the novel pieces of information (e.g., verified

sourcing details, video feeds) produced about their supply chains.

We model that a customer i acquires and interprets such information in the form of

a private signal that she receives regarding the quality of product j. The signal is noisy

but centered at the product’s true quality Q j. The signal’s noisiness depends both on how

much information is provided (e.g., whether the product is blockchain-traced) and on the

customer’s own ability to comprehend it. Therefore, we allow the signal’s precision to vary

between products and customers. Regarding the latter, because experienced consumers

have built some knowledge in the product category [51, 52], we allow that they could

derive more precise quality signals than inexperienced customers.

2According to interviews with JD managers, in practice they first select suppliers before filtering products.
Then JD inspects each batch of products before they become listed in the 1P sellers’ storefronts.

35



Therefore, consumer i receives the private signal qi j regarding product j’s quality,

qi j = Q j +∆i j, (2.1)

in which ∆i j = [∆1
i j,∆

2
i j]

⊤ is the signal noise that follows a bivariate normal distribution

N(0,Σ∆
i j). As prefaced above, we let the matrix Σ

∆
i j vary heterogeneously across products j

and based on whether consumer i is experienced in the product category.

Bayesian updating and information asymmetry.

Through the learning process just described, a customer i forms her final beliefs regard-

ing product j’s quality Q j based on observing its sales channel (1P or 3P), its attributes A j,

and finally the private signal qi j.

We now specify her beliefs after they are derived through Bayesian updating as follows.

Appendix 2.11.1 provides more precise details regarding the Bayesian updating procedure.

First, the customer’s beliefs are updated in a single step based on product j’s visible at-

tributes A j and channel (1P or 3P). Unlike the private signal that we address subsequently,

this first Bayesian update is common to all customers who consider buying product j. If we

were to take in the product’s visible attributes A j alone, the Bayesian update would be ex-

ceedingly simple: based on the category’s jointly normal distribution N(µ,Ψ) of attributes

A j and quality Q j, customers would update their priors in the form of Q j’s marginal distri-

bution to the posterior distribution of Q j conditional on A j. (Recall for the following that

the product covariates X j include both A j and Q j.) Instead, we also need to contend with

the fact that the channel-choice classification rule Λ
⊤X j +ν j ≥ r introduces both its own

independent stochastic term ν j and a classification based on truncated multivariate normal

distributions over X j that shift depending on the rule’s parameters, Λ and r.

However, we make this extension tractable by expanding the product covariates from
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X j alone to (X j,ν j), that is, to cover both a product’s quality and attributes and the ran-

dom filtering component applied when selecting its marketplace channel. We then easily

extend the definition of a product category to provide the multivariate normal distribution

over the space of (X j,ν j), wherein ν j follows an independent normal distribution. Within

this space, the classification rule Λ
⊤X j + ν j ≥ r produces a half-space defined by a hy-

perplane; in turn, the distribution of products in 1P is given by the truncated multivariate

normal distribution defined by the half-space as its support. (The classification rule pro-

duces a similarly truncated distribution for the 3P products.) Given a product’s publicly

visible channel and attributes A j, we use these distributions to obtain the product’s com-

mon posterior quality QPublic
j . The exact mechanics of calculating Bayesian updates over

these truncated spaces, and integrating out ν j to do so, are given in the appendix.

Based on her private signal qi j =Q j+∆i j, a customer i makes her final Bayesian update

regarding product j’s quality. This final application of Bayes’ rule results in her personal

posterior beliefs Qpost
i j . Both QPublic

j and Qpost
i j are distributions over the possible values of

Q j that we are representing in the form of random variables.

In estimating the customer’s learning process, a parameter of major interest is the ma-

trix Σ
∆
i j that governs the level of noisiness in ∆i j; such noisiness represents the level of

uncertainty in customer i’s private signal of product j’s quality. Thus, matrix Σ
∆
i j represents

the degree of information asymmetry in customer i’s learning process. Moreover, its sep-

arate influences on the components ∆
1
i j and ∆

2
i j break down such information asymmetry

into a customer’s uncertainty regarding a product’s quality in terms of product type and

supply chain handling, respectively.

Thus, we focus foremost on Σ
∆
i j and how it varies between products and between experi-

enced and inexperienced customers. We also focus on whether blockchain tracing reduces

information asymmetry and, if so, along which of the two dimensions of quality.
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2.6.3 Consumer Purchases

Based on her beliefs regarding the quality of all available products j = 1, . . . ,J, a con-

sumer i selects the product j∗i ∈ argmax j∈[J]E
[
ui j
]

that maximizes her expected utility

E
[
ui j
]
= βi

⊤E
(

Qpost
i j

)
−αiPj + εi j, (2.2)

where the idiosyncratic utility taste εi j is distributed i.i.d. extreme value. Through βi and αi,

this utility function allows consumers to place heterogeneous value on the product quality

dimensions and vary in price elasticity. A consumer chooses not to buy at all if the largest

utility is less than the outside option’s normalized utility value of zero.

Conditional on consumer i’s posterior quality beliefs Qpost
i j and her valuations βi and αi

regarding quality and price, the probability that her decision yi is to buy product j is

Li

(
yi = j|Qpost

i j ,βi,αi

)
=

exp
(

βiE(Qpost
i j )−αiPj

)
1+∑k exp

(
βiE(Qpost

ik )−αiPk
) . (2.3)

In addition to Σ
∆
i j, we are interested in estimating the distribution of the valuation pa-

rameters βi and αi. See Appendix 2.11 for further details regarding estimation and identi-

fication.

2.7 Estimation Results

In this section, we present our estimation results. Beyond estimating the variation in

how customers value the dual dimensions of product quality, we focus on the parameters

that determine the levels of signal noise, or information asymmetry, affecting their per-

ceptions of product quality. We compare such information asymmetry levels across the

1P and 3P sales channels, the different product types, and different consumer experience
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levels. By comparing the accuracy of consumer quality perceptions for products that are

blockchain-traced against those that are not, we quantify supply chain transparency’s effect

on the measured degree of information asymmetry.

2.7.1 Overall Patterns

Consumer valuation estimates. Generally, the quality valuation parameters that we es-

timate for consumers appear reasonable (Table 2.6). Overall, consumers derive relatively

consistent value from the two dimensions of product quality. Whereas there exists a modest

degree of minor variation in the magnitudes of β1 and β2 over individual consumers, the

levels are quite stable across the two marketplaces and levels of consumer experience. Inex-

perienced consumers tend to be modestly more price-sensitive and show less appreciation

for SC-D quality, i.e., they display less sensitivity to how products are handled. This may

stem from inexperienced consumers finding it harder to accurately perceive SC-D quality

from the same information.

Information asymmetry as noise. In general, it appears to be substantially more diffi-

cult for consumers to accurately ascertain a product’s SC-D quality than its product type

quality. In Table 2.6, we observe that the uncertainty in consumer perceptions regard-

ing SC-D quality (σ∆
2,i j) is always greater than the uncertainty on product type quality

(σ∆
1,i j). Additionally, across the 1P and 3P marketplaces, information asymmetry is more

pronounced on average for 3P products than for 1P products. In both markets, experienced

customers receive significantly more accurate private signals regarding product quality than

inexperienced customers. In short, experienced customers better perceive products’ multi-

dimensional quality from the same information; moreover, all consumer perceptions of

quality are noisier in the 3P marketplace and for the quality dimension that captures the

quality of product handling.
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Valuation αi,βi
Consumer Experience Level

Experienced Inexperienced
mean std. dev. mean std. dev.

α (price) 1.6496 0.1039 1.7951 0.1134
β1 (product type quality) 2.3718 0.2248 2.3818 0.2504
β2 (SC-D quality) 2.4175 0.2183 2.0395 0.1971
Signal noise ∆i j

Experienced Inexperienced
σ∆

1 σ∆
2 σ∆

1 σ∆
2

1P 0.1555 0.2340 0.1643 0.2503
3P 0.1720 0.2461 0.2037 0.2840

Table 2.6: The parameters are estimated using 5% of the orders placed in the post-treatment
period. Prices are divided by 100. The signal noise ∆i j is distributed N(0,Σ∆

i j), where Σ
∆
i j =

[[σ∆
1,i j,ρ

∆
i j], [ρ

∆
i j,σ

∆
2,i j]]. Here we report σ∆

1,i j and σ∆
2,i j, the noisiness of the signal that a consumer

receives on product type quality and SC-D quality respectively. The signal noise values are weighed
by the mean value of quality Q j. The general patterns we observed on the noise parameters are: (i)
σ∆

2,i j > σ∆
1,i j, (ii) both σ∆

1,i j and σ∆
2,i j are greater for 3P than for 1P, and (iii) both σ∆

1,i j and σ∆
2,i j are

greater for inexperienced consumers than for experienced consumers.

2.7.2 Effects on Information Asymmetry

We assess the effects of supply chain transparency on information asymmetry by com-

paring the accuracy of consumer quality perceptions of products that are blockchain-traced

against that of the non-traced products during the post-treatment period.

Average effect.

Consumers perceive the quality of both traced and non-traced products with noise. As

components of the matrix Σ
∆
i j, the parameters σ∆

1,i j and σ∆
2,i j control the levels of noise that

infiltrate a consumer i’s perception of the quality of product j (across the two quality di-

mensions, respectively). In terms of interpretation, these levels of noise reflect the presence

of consumers’ unresolved doubts regarding the credibility of the sellers’ claims. Greater

uncertainty (i.e., larger values of σ∆
1,i j and σ∆

2,i j) reflects lower trust in the quality signal qi j
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that consumers derive from products’ claims and cited attributes.

Such noisiness is, on average, smaller in magnitude for blockchain-traced products

than it is for their non-traced counterparts. Thus, an average consumer more accurately

perceives the quality of a traced product, all else being equal, than that of a comparable

non-traced product, and transparency reduces information asymmetry. Table 2.7 shows

that in the 3P marketplace, transparency affords products, on average, an estimated 15.6%

reduction in the noise affecting consumer perceptions of product type quality (σ∆
1,i j) and a

13.4% reduction for SC-D quality (σ∆
2,i j). In the 1P marketplace, by contrast, the informa-

tional benefits to tracing are relatively muted: it reduces the noise affecting perceptions of

product type quality by about 5.4% and of SC-D quality by 6.5%.

The accuracy of perceived product quality improves by a greater margin in the 3P mar-

ketplace; this differential indicates that the 3P marketplace suffered from a more significant

credibility gap that could be addressed through credible transparency. Supply chain trans-

parency has similar but smaller effects in the 1P marketplace.

σ∆
1,i j σ∆

2,i j
1P Traced 0.1555 0.2341

Non-Traced 0.1644 0.2503
Reduction in signal noise (%) 5.38 6.48

3P Traced 0.1720 0.2461
Non-Traced 0.2859 0.3039
Reduction in signal noise (%) 15.56 13.35

Table 2.7: The percentage of reduction in the noisiness of signal is calculated by taking the dif-
ference of the noise parameters of the traced and non-traced products, and dividing by the noise
parameter of the non-traced products.

Heterogeneous effects by consumer experience level.

Supply chain transparency impacts information asymmetry differently for experienced

and inexperienced consumers. Table 2.8 breaks down the reductions in uncertainty that
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tracing achieves in product type quality σ∆
1,i j and in SC-D quality σ∆

2,i j by the marketplace,

product type, and customer experience level.

Several key take-aways stand out in Table 2.8. First, we see that supply chain trans-

parency consistently reduces consumer uncertainty about product quality virtually across

the board. Second, we once again confirm that quality uncertainty diminishes by a sub-

stantially larger margin in the 3P marketplace than in 1P; blockchain tracing introduces

credible transparency that remedies a general lack of trust in the quality of goods sold by

3P sellers and in their unverified claims.

Third, transparency gives inexperienced customers relatively larger reductions in σ∆
1,i j,

which represents the level of uncertainty regarding product characteristics such as a prod-

uct’s origin and how it is produced. Such gains in accuracy are especially pronounced

for the premium (dried without salt and ready-to-eat) sea cucumber products, for which

uncertainty decreases by up to 23-25% in the less trusted 3P marketplace.

Fourth, transparency especially enhances experienced customers’ ability to accurately

perceive SC-D quality. The reductions in quality uncertainty in the SC-D dimension are

starkest for the handling-sensitive ready-to-eat products, and are more substantial in mag-

nitude in the 3P marketplace, with a decrease of up to 18%.

Therefore, inexperienced consumers benefit to a greater extent than others when tracing

clarifies the credibility of seller-made claims, especially in the 3P marketplace. On the

other hand, across both the 1P and 3P marketplaces, experienced consumers particularly

benefit from their ability to more accurately assess products’ SC-D quality using the new

information that blockchain tracing provides.
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Consumer Experience Level
Experienced Inexperienced
σ∆

1,i j σ∆
2,i j σ∆

1,i j σ∆
2,i j

1P Dried-without-salt 0.07 5.74 0.87 3.81
Ready-to-eat 11.48 13.51 14.15 6.99
Non-premium 10.20 5.08 -2.42 0.21

3P Dried-without-salt 7.30 11.92 23.03 12.15
Ready-to-eat 18.74 17.86 24.96 12.53
Non-premium 10.48 14.36 12.71 6.06

Table 2.8: The percentage of reduction in the noisiness of signal is calculated by taking the dif-
ference of the noise parameters of the traced and non-traced products, and dividing by the noise
parameter of the non-traced products. The values of all the noise parameter Σ∆

i j’s are reported in
Appendix Table 2.17.

Heterogeneous effects by product type.

Consistent with our earlier empirical findings, supply chain transparency maximally

alleviates consumer information asymmetry when it comes to the ready-to-eat products.

Table 2.8 shows that, across both the 1P and 3P markets and for both experienced and inex-

perienced customers, the ready-to-eat sea cucumber products consistently realize the largest

reductions in both dimensions of quality uncertainty when supply chain transparency is in-

troduced.

Therefore, consumers appear to very rationally incorporate new supply chain informa-

tion into their decision-making. The quality of ready-to-eat sea cucumbers is indeed heav-

ily reliant on their careful handling with proper cold chain logistics throughout their supply

chains. Supply chain transparency lets consumers access significantly better information

regarding such handling, and Table 2.8 shows this informational effect.

2.7.3 Effects on Building Trust

The sections above indicate that 3P sellers can use supply chain transparency to en-

hance their credibility and build consumer trust in their products. Compared to seller-made
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claims, consumers appear to deem tracing information more credible and thus willingly ap-

ply it to discern a product’s quality. This next empirical analysis more directly compares the

credibility of blockchain-driven supply chain transparency against sellers’ untraced claims

about their supply chains.

Before JD made blockchain tracing available, some sellers of ready-to-eat sea cucumber

products tried to deliver more supply chain information to their consumers by describing

their cold-chain logistics. However, although all ready-to-eat products must be transported

via cold-chain logistics and are more handling-sensitive than dried products, not all sellers

specified such information.

These seller decisions allow us to compare the effects of such supply chain disclosures

against those achieved through the full transparency of blockchain. Essentially, the supply

chains of the products that had their cold-chain logistics specified (“specified products”)

were more transparent than those that had not (“non-specified products”). If consumers

believe sellers’ claims regarding their own logistics, then the information asymmetry re-

garding the specified products’ SC-D quality should be less than that of the non-specified

products.

Similar to the comparison between traced and non-traced products, we estimate the

noise parameters (Σ∆
i j) in the pre-treatment period and compare the level of noise a con-

sumer perceives when she tries to assess cold-chain specified products against the non-

specified ones. Table 2.9 shows that a 1P seller’s claim can reduce signal noise up to 11%,

but this effect is much smaller if the claim is made by a 3P seller.

We calculate the effect of blockchain tracing in reducing uncertainty of quality percep-

tion in percentages for the ready-to-eat products and compare them against sellers’ claims.

Note that the content of blockchain tracing information is richer than cold-chain logistics,

so this is not quite a direct comparison between the sellers’ claims and blockchain trac-

ing. However, we can still shed light on how consumers perceive information from the two
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sources differently.

Table 2.9 shows that, for 3P ready-to-eat products, blockchain tracing has a large effect

in reducing signal uncertainty on product type quality for both experienced and inexperi-

enced consumers, illustrating that consumers find such information credible and use it to

verify product type characteristics. This effect is particularly pronounced among inexperi-

enced consumers, who are less familiar with the marketplace and thus have a greater need

to identify trustworthy sellers. The uncertainty reduction is much smaller in response to

seller-made claims, indicating that consumers remain uncertain about product type qual-

ity. Without the same credibility, we see little reduction in uncertainty regarding products’

SC-D quality even when cold-chain logistics information is disclosed.

In contrast, for more trusted 1P products, the claims made by sellers can reduce the

uncertainty in product type quality to a similar degree as blockchain tracing. This indicates

that consumers consider the claims made by 1P sellers to be trustworthy and may use them

to assess SC-D quality. As a result, we find that the perceived SC-D quality increased by

9.79% for experienced consumers and 6.27% for inexperienced consumers. This suggests

that consumers believe and use 1P sellers’ claims to better discern SC-D quality. The

fact that blockchain tracing still reduces uncertainty by a larger magnitude may reflect that

blockchain tracing provides more extensive information than sellers’ typical disclosures

regarding their cold-chain logistics.

2.7.4 Impact on Consumer Welfare

Using the estimated model, we proceed to analyze the impact of reducing information

asymmetry on consumer welfare. As shown in Section 2.7.2, our findings indicate that

consumers, regardless of their levels of experience, can benefit from supply chain trans-

parency. By calculating the consumer surplus for both experienced and inexperienced con-
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Consumer Experience Level
Experienced Inexperienced
σ∆

1,i j σ∆
2,i j σ∆

1,i j σ∆
2,i j

1P Seller’s Claim 11.45 9.79 10.88 6.27
Blockchain Tracing 11.48 13.51 14.15 6.99

3P Seller’s Claim 3.47 7.71 3.40 -0.12
Blockchain Tracing 18.74 17.86 24.96 12.53

Table 2.9: Seller’s claim is on cold-chain logistics only and blockchain tracing contains logistics
and other information. The noise parameters for cold-chain logistics specified products and for the
non-specified products are presented separately in Appendix Table 2.18. The percentages here are
calculated by taking the difference of the values of the two groups and dividing by the non-specific
group. The percentages for blockchain tracing is the same as the ones calculated for ready-to-eat
products in Table 2.8.

sumers, we demonstrate in this section that supply chain transparency brings benefits to

all consumers, with a particularly significant impact on those with less experience in the

marketplace.

Table 2.10 summarizes the impact of reducing information asymmetry on consumer

welfare.3 In the first row of the table, we present the average consumer surplus in a coun-

terfactual scenario where no products are traced, serving as a baseline for comparison. The

current adoption of blockchain tracing has led to a 0.98% increase in consumer surplus.

This indicates that even with a small portion of products being traced (less than 10% of all

products listed on the marketplace when the adoption event took place), there is a notice-

able enhancement in the average consumer surplus. In the counterfactual case where all

3P products are traced, an average consumer would experience a 6.08% increase in surplus

compared to the baseline. If we expand the tracing to cover all 1P and 3P products on the

marketplace, the average surplus gain would further rise to 8.41%.

By comparing the surplus gain of tracing all 3P products to the surplus gain of tracing

all 1P and 3P products on the marketplace, we observe that the reduction of information

3To account for the difference between product quality and a consumer’s quality belief, we utilize a
method developed by [84] to calculate average consumer surplus. Please refer to Appendix 2.13 for details.
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Consumer Experience Level
Experienced Inexperienced Average

(1) Baseline: no tracing 13.36 9.70 11.90
Percent increase in consumer surplus (%)
(2) Current adoption of tracing 0.52 1.55 1.01
(3) All 3P products get traced 5.22 7.09 6.04
(4) All products get traced 6.82 10.43 8.41

Table 2.10: The rows (1), (3), and (4) present counterfactual scenarios based on the estimated pa-
rameters. Row (1) displays the consumer surplus values in the baseline case where no products are
traced. Rows (2), (3), and (4) demonstrate the percentage increase in consumer surplus correspond-
ing to different levels of blockchain tracing adoption. Please refer to Appendix 2.13 for calculation
details and Appendix Table 2.19 for the values of average consumer surplus.

asymmetry in the 3P marketplace makes a significant contribution to the overall increase in

consumer welfare. This suggests that addressing information asymmetry specifically in the

marketplace where consumer trust is relatively weak has a substantial impact on improving

consumer welfare.

Furthermore, while experienced consumers tend to have a higher surplus compared to

inexperienced consumers, we consistently observe that inexperienced consumers enjoy a

larger increase in consumer surplus in all scenarios. Specifically, when all products are

traced, the increase in consumer surplus for an average inexperienced consumer is 53%

more than an average experienced consumer. This finding suggests that supply chain trans-

parency is effective in bridging the gap between experienced and inexperienced consumers

on a marketplace. By providing inexperienced consumers with a new tool to identify trust-

worthy sellers and assess product information, supply chain transparency significantly en-

hances their ability to ascertain product quality. As a result, inexperienced consumers can

make more informed purchasing decisions, leading to an overall improvement in their wel-

fare. This highlights the transformative potential of blockchain-driven supply chain trans-

parency in empowering consumers and creating a more equitable marketplace experience

for all.
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On the supply side, the introduction of blockchain tracing has shifted the market to-

wards high-quality products and sellers. With heightened transparency, products of subpar

quality might be bought initially, but they won’t sustain in the market compared to superior

quality counterparts. From our structural model, we estimated the quality distribution of

products transacted immediately after the blockchain tracing’s implementation. As shown

in Table 2.11, products priced above the median but in the bottom quartile of quality sus-

tained only 44% of sales into the first half of 2020. In contrast, 65% of top quartile quality

products persisted. Similarly, only 39% of sellers with products in the bottom quality

quartile continued sales, compared to 67% in the top quartile. This trend doesn’t apply to

budget-friendly products, suggesting cost sometimes trumps quality for consumers.

Quality level Products Sellers
Top quartile 65.4 67.2
Bottom quartile 44.0 35.5

Table 2.11: The table displays the percentages of products priced above the median and their re-
spective sellers that continued sales into the first half of 2020, which is half a year after the adoption
event. Quality distribution is calculated from estimated results as shown in Appendix Table 2.15.

To serve as a benchmark, we also use product rating as a measure of quality to do the

same comparison. 2.12 illustrates a narrowed disparity between top and bottom quartile

products. Notably, more sellers with top quartile ratings sustained sales into the first half

of 2020 than those in the bottom quartile, underscoring the market’s shift towards quality

under the influence of blockchain tracing.

Rating level Products Sellers
Top quartile 56.4 57.3
Bottom quartile 56.6 52.1

Table 2.12: The table displays the percentages of products priced above the median and their re-
spective sellers that continued sales into the first half of 2020.

48



2.8 Concluding Remarks

Our findings affirm that blockchain-driven tracing technology can broadly benefit con-

sumer marketplaces. Despite the challenges associated with comprehending complex sup-

ply chain information, blockchain tracing proves to be a valuable tool for all consumers.

By effectively reducing information asymmetry on the marketplace, blockchain induces

consumers to more confidently buy traced products that lack outside assurances such as an

extensive sales record or JD’s own reputational backing for 1P products.

We contribute several key findings. First, for sellers, we empirically substantiate that

blockchain tracing especially benefits products and sellers seeking to establish their rep-

utations. These products and sellers either operate within a less trusted environment like

the 3P channel or have limited sales history. Although the upstart sellers and products

that adopt blockchain do generate additional revenues for themselves in all markets, the

implications for their marketplace competitiveness are decidedly mixed. On one hand, es-

tablished sellers do not benefit from additional credibility in the JD-backed 1P marketplace,

which lets adopting upstart sellers and products close the gap in relative demand and mar-

ket share. On the other hand, the established sellers in the 3P marketplace reap the largest

revenue gains of all adopters and widen the revenue gap that separates them from their up-

start competitors. Thus, platforms should be aware that while third-party marketplaces see

the largest and broadest revenue lifts from blockchain adoption, blockchain-backed supply

chain transparency cannot replace the necessary investments that platforms undertake to

continually attract and maintain new sellers and products.

Second, the adoption of blockchain tracing quite effectively reduces marketplace in-

formation asymmetry. Handling-sensitive, ready-to-eat products can see average revenues

increases of 23.4%. Blockchain aids consumers’ efforts to assess product quality, by sharp-

ening the precision of quality perceptions by up to 15.6% for 3P products and up to 6.5%
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for 1P products. We further find that blockchain traced products’ information is deemed to

be 26% more credible and informative than sellers’ unsupported self-made claims.

Lastly, we find that although experienced consumers shift their demand more strongly

towards traced products, inexperienced consumers are the ones who reap the largest gains

in welfare from blockchain adoption. Experienced consumers react with greater sophis-

tication, for example by better acting on detailed supply chain information that affects

handling-sensitive products. However, inexperienced consumers benefit from increased

certainty regarding product quality, and overall blockchain narrows the informational di-

vide between experienced and inexperienced consumers.
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2.9 Appendix I: Robust Synthetic Control Method

We use robust synthetic control (“RSC”) to analyze the effects of supply chain trans-

parency on product revenue (7, 8, 17). RSC builds on the classical synthetic control method

by implementing a novel algorithm for synthesizing control groups. It overcomes the chal-

lenges of missing and noisy observations. Moreover, RSC relaxes the convex constraints

on the weights in classical synthetic control method, which makes the choices of control

variables more flexible and thus generates synthesized units with a better fit. However, the
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interpretation of results from RSC is no different from the classic synthetic control method.

Below, we will discuss how we select proper donor pools of controls, estimate the average

treatment effect, and infer its significance.

2.9.1 Donor Pools of Controls

As explained in Section 2.5.2, to overcome any potential bias caused by self-selection

into blockchain tracing, we pair each traced product with similar non-traced products. This

helps us create a synthetic control group using only units that share the same characteristics

as the traced products. Specifically, we group all products based on their product type ty,

sales channel ch, price level p, product tenure level t, and rating level r, and use the index g

to denote such groups. Note that the grouping is based on levels not values. For example, if

a product is sold at a price and has a tenure in the top 50% in its sales channel and product

type, it is labeled as 1 for high in price and 1 for long in tenure. Similarly, if a product

maintains high ratings of four or more stars during every month of its tenure, it receives the

label 1 for being highly rated.

The traced products in a given group g are then matched with a pool of non-traced

products from the same group g as the donor pool of controls. For example, if a traced

3P dried-without-salt product has a price and a tenure in the top 50% of all the 3P dried-

without-salt products and all its monthly average ratings are above 4, it is labeled as a

(p, t,r) = (1,1,1), and will be matched with a pool of non-traced products that are 3P,

dried-without-salt, and (p, t,r) = (1,1,1). The matching results are summarized in Tables

2.13 and 2.14.
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2.9.2 Average Treatment Effect

The metric used to determine the average treatment effect is the mean monthly revenue,

which serves as the outcome variable. The calculation of the average treatment effect

of supply chain transparency involves taking the difference between the mean monthly

revenue of the treatment group and the synthetic control group and averaging this difference

across the post-treatment period.

Let the months that span both the pre-treatment period and the post-treatment period

be t = 1,2, ...T0,T0 +1, ...,T , where the pre-treatment period starts from t = 1 and ends in

T0, and the post-treatment period starts from t = T0 + 1 and ends in T . For each group g

and month t, we calculate the mean of the outcome variable of the treatment group (traced

products) and denote it as Ygt . The outcome variable of the synthetic control group is

denoted as Ŷgt , which is computed according to the RSC algorithm that follows a two-step

procedure: first denoising the data through singular value thresholding, and then learning

a relationship between the treated units and the donor pool [8]. For any period of time

between t1 and t2, 0 ≤ t1 ≤ t2 ≤ T , the average treatment effect of group g is measured by

τg(t1, t2) =
1

t2 − t1 +1

t2

∑
t=t1

(Ŷgt −Ygt).

The effect of supply chain transparency of treated units in group g is thus τg(T0+1,T ), the

average treatment effect in the post-treatment period.

In order to demonstrate the varying effects of supply chain transparency across different

product types (ty) and sales channels (ch), we group the data by combining these two

factors into (ty,ch) combinations. Suppose a (ty,ch) combination contains W groups, and

each group contains ωg products, we calculate a weighted average of τg(T0 + 1,T ) as the

average treatment effect of the traced products:
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τty,ch(T0 +1,T ) =
1

∑
W
g=1 ωg

W

∑
g=1

ωgτg(T0 +1,T ). (2.4)

2.9.3 Significance Test

To determine the significance of the treatment effect, we conducted placebo tests. The

proposed placebo test is similar in concept to classical permutation inference, which in-

volves creating a distribution of a test statistic by randomly permuting the assignment of

sample units to intervention and non-intervention groups. This allows us to test the null

hypothesis that the treatment had no effect and determine whether the observed treatment

effect is statistically significant. [2]. In particular, To conduct the placebo tests, we ran-

domly select non-traced products and designate them as the treated group (“placebo units”).

We then apply the same methodology of the synthetic control group analysis on the placebo

units, as described in Section 2.9.2 above, treating them as if they were the actual treatment

group. This enables us to compare the actual treatment group’s results to those of the

placebo units and test the significance of the treatment effect. A quality of fit measure,

which is similar to the average treatment effect measure described earlier, is calculated for

both the actual treatment group and the placebo units.

It is expected that only the treated units will experience a significant deviation in the

post-treatment period, as the treatment (blockchain tracing) is applied to these units. As a

result, the quality of fit measure for a treated unit is expected to be lower than that of the

placebo units in the post-treatment period. By comparing the quality of fit of the treated

unit and the placebo units, we can infer the significance of the treatment effect of the treated

unit. Below, we will explain how the quality of fit measure is constructed.

Following [2] and [1], we use the root mean squared prediction error (RMSPE) method
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to measure the quality of the fit, which works by comparing the post-treatment fit to the

pre-treatment fit. Suppose there are L traced products in a group g. We randomly choose L

products from the non-traced products, take them as if they were treated, and calculated the

mean outcome variable (a placebo). We repeat the process and form 30 placebo units for

each group g. Let j = 1, ...,J+1 denote all the units within a group g, where j = 1 refers

to the treated unit (the traced products), and j = 2, ...,J + 1, J = 30, are all the placebo

units. We will treat all these J+1 units as the treatment groups, and perform RSC on each

of them one at a time. If the treatment effect is significant, we should observe a substantial

difference between the outcome variable of the actual treated unit and the synthetic control

group, while there should be no such difference for the placebo units. In other words, we

should observe a statistically significant difference only for j = 1, but not for j = 2, ...,J+1.

This approach allows us to determine whether the observed treatment effect is genuine or

simply a result of chance or randomness.

Borrowing the notation from [1], for 0 ≤ t1 ≤ t2 ≤ T and j = 1, ...,J+1, let

R j(t1, t2) =

(
1

t2 − t1 +1

t2

∑
t=t1

(
Yjt − Ŷjt

)2
)1/2

, (2.5)

where Yjt is the outcome variable of the treatment group on time t, and Ŷjt is that of the

synthetic control. Equation 2.5 defines RMSPE for a unit j and a time period between

t1 and t2. The ratio between the post-treatment (starting from month T0 + 1 to month T )

RMSPE to the pre-treatment (starting from month 1 to month T0) RMSPE for unit j is thus

r j =
R j(T0 +1,T )

R j(1,T0)
,

where r j measures the quality of the fit in the post-treatment period relative to the pre-
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treatment period of unit j.

From this procedure, we obtain r j for the treated unit and each of the placebo units for

every group g. Thus, a p-value can be calculated from the distribution of r j by

p =
1

J+1

J+1

∑
j=1

I+(r j − r1), (2.6)

where I+(·) is an indicator function that equals to 1 if the argument inside is non-negative,

and 0 otherwise. When aggregating the groups to (ty,ch) combinations, we choose the

group that has the largest p value (the lowest significance) to infer the significance level.

By selecting the largest p value among the groups, we are essentially taking a conservative

approach that assumes that the effect of supply chain transparency is not significant unless

there is strong evidence to suggest otherwise.

2.10 Appendix II: Bayesian Updating Process

Consumers value their consumption of products based on their beliefs on the products’

quality. Consumers do not observe quality directly; their beliefs on a product’s quality are

formed based on the product’s visible attributes, which are correlated with the hidden qual-

ity. Additionally, consumers take into account the sales channel through which a product

is sold, which can provide insight into the platform’s assessment of the product’s quality.

Finally, consumers also use online product assortments to obtain private signals about the

quality of each product, such as reviews and ratings from other customers.

With the foregoing sources of information, a consumer i forms her final belief on the

quality level of a product j ∈ J on the marketplace as a two-stage Bayesian updating

process. In the first stage, a consumer i ∈ N observes the attributes A j of a product j

and its sales channel classification c j, where c j = 1 if j is a 1P product or c j = 0 if it is
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a 3P product. From attributes A j and sales channel c j, a consumer i forms her first-stage

posterior belief Qpublic
j , which is common among all consumers. In the second stage, each

consumer i receives a private signal about quality of a specific product (qi j). The consumer

then uses such quality signal to updates her belief and forms the second stage posterior

belief on quality (Qpost
i j ). This process generates consumers with heterogeneous posterior

beliefs on the same product.

2.10.1 First-Stage Update on Quality Belief

In the first stage, a consumer updates her beliefs on quality based on the product’s

attributes and sales channel (1P or 3P), both are observable by all consumers arriving at the

marketplace. After this first-stage update, all consumers will share a common belief Qpublic
j

about the quality of a product j with certain attributes and sales channel. In the following,

we will first describe the distribution of products on each sales channel, and then discuss

how a consumer updates her belief about product quality based on the product’s channel

and attributes.

A product j ∈J is modeled as a multivariate normal random variable X j = [Q1
j ,Q

2
j ,A

1
j , ...,A

K
j ]
⊤.

To account for the latent nature of quality, we expand the product X j to the extended space

X̃ j = (X j,ν j), where ν j is distributed independently from X j as N ∼ (0,σν). This er-

ror term reflects the uncertainty or variation that exists in the process of quality assess-

ment and helps to capture the unobservable aspects of quality that cannot be directly mea-

sured or observed. We define an extended quality Q̃ j = (Q j,ν j) to encompass the two

unobserved elements in a product X j. Q̃ j is distributed trivariate normal (µ̃Q, Σ̃Q), where

µ̃Q = [µQ,0]
⊤ and Σ̃Q = [[ΣQ,0], [0,σν ]]. Together, A product is distributed on the ex-

tended space X̃ j = (Q̃ j,A j), where Q̃ j is latent and A j can be observed. X̃ j describes the

pool of all the products despite their sales channel, which is distributed multivariate normal
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N(µ̃,Ψ̃) with

µ̃ =

µ̃Q

µA

 and Ψ̃ =

 Σ̃Q Σ̃QA

Σ̃AQ ΣA

 . (2.7)

Given the observed product attributes A j = a j, the consumer’s rationally updated qual-

ity beliefs Q̃ j |A j = a j are the conditional distribution that is multivariate normal N(µ̃
a j
0 , Σ̃0)

with

µ̃
a j
0 = µ̃Q + Σ̃QAΣ

−1
A (a j −µA),

Σ̃0 = Σ̃Q − Σ̃QAΣ
−1
A Σ̃AQ.

(2.8)

We use f0(Q j) to denote the density function of this distribution.

In addition to the attributes A j, the consumers observe the sales channel of each product

c j, which is the result of the platform’s classification. The platform selects for the 1P market

the products that satisfy the threshold-based classifier ΛX j +ν j ≥ r. That is,

c j =


1 if ΛQQ j +ΛAA j +ν j ≥ r

0 if ΛQQ j +ΛAA j +ν j < r,
(2.9)

where Λ = {ΛQ,ΛA}.

Such a classification (2.9) truncates the multivariate normal distribution of Q̃ j | A j ∼

(µ
a j
0 ,Σ0) to two truncated multivariate normal distributions, Q̃ j | A j,c j ∼ T N(µ̃

a j
0 , Σ̃0,S1P)

or T N(µ̃
a j
0 , Σ̃0,S3P), where S1P denotes the support of the quality distribution of 1P prod-
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ucts and S3P denotes that of 3P products, with

S1P = {Λ̃QQ̃ j ≥ r−ΛAa j}

S3P = {Λ̃QQ̃ j < r−ΛAa j},
(2.10)

where Λ̃Q = [ΛQ,1] and Q̃ j = [Q j,ν j]
⊤. We use f ch

0 (Q j), ch = 1P or 3P, to refer to the

density function of Q̃ j | A j,c j ∼ T N(µ̃
a j
0 , Σ̃0,Sch). Note that f ch

0 (Q j) is proportional to

f0(Q j) on its corresponding support, i.e.,

f ch
0 (Q j) =


C f0(Q j) if Q j ∈ Sch

0 otherwise,
(2.11)

where C is a normalization constant.

Through the process described above, consumers arrive at their first-stage posterior

belief on quality Qpublic
j = Q j | A j,c j, which can be obtained by integrating out the id-

iosyncratic term ν in Q̃ j | A j,c j:

Qpublic
j =

∫
f ch
0 (Q j)dν . (2.12)

2.10.2 Second-Stage Update on Quality Belief

In the second stage, a consumer builds on her belief on quality and proceeds to collect

information about the quality of this product j and updates her belief again. Once this

second-stage update completes, a consumer i will arrive at her final posterior belief on the

quality of product j, denoted as Qpost
i j , which is her private information about the quality of

product j.

In the end of the first stage, all consumers have a common belief on the unobserved ex-
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tended quality of a product Q̃ j | A j,c j ∼ T N(µ̃
a j
0 , Σ̃0,Sch), which depends on the product’s

observable attributes and sales channel classification. After collecting and inspecting the

information regarding product j, a consumer i receives a private signal q̃i j = (qi j,qν) on

the latent components of a product, i.e., the two dimensions of quality and the error term ν

that captures the uncertainty in assessing quality. This quality signal q̃i j is centered at the

product’s true quality but incorporates a noise term ∆̃, i.e.,

q̃i j = Q̃ j + ∆̃i j,

where ∆̃i j ∼ N(0, Σ̃∆

i j), a trivariate normal distribution. We describe probability density of

the signal q̃i j with the likelihood function g(qi j|Q j).

Sampling from signals with such likelihood function g(qi j|Q j), a customer i updates her

first-stage posterior density function on quality f ch
0 (Q j) and forms a second-stage posterior

belief Q̃ j | A j,c j, q̃i j. According to the Bayes rule, the density function of this posterior

belief, denoted as f ch
1 (Q j), is

f ch
1 (Q j) ∝ g(qi j|Q j) f ch

0 (Q j). (2.13)

To better characterize the distribution of this second-stage posterior belief of quality

Q̃ j | A j,c j, q̃i j with the density function (2.13), note that f ch
0 (Q j) is proportional to f0(Q j)

on the support of the sales channel product j belongs to as shown in (2.11). If we omit the

sales channel classification in the first-stage update, we obtain Q̃ j | A j with density function

f0(Q j) in the end of the first-stage. In the second stage, the same signal with likelihood

function g(qi j|Q j) is used to update a consumer’s belief. Then the second-stage posterior
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belief is Q̃ j | A j,qi j with density function f1(Q j)), where

f1(Q j) ∝ g(qi j|Q j) f0(Q j). (2.14)

The distribution of Q̃ j | A j,qi j is distributed multivariate normal N(µ1,i j,Σ1,i j), with

µ1,i j =
Σ̃0

Σ̃0 + Σ̃
∆

i j

q̃i j +
Σ̃

∆

i j

Σ̃0 + Σ̃
∆

i j

µ̃
a j
0 ,

Σ1,i j =
Σ̃

∆

i j

Σ̃0 + Σ̃
∆

i j

Σ̃0.

(2.15)

Combining (2.11), (2.13), and (2.14), we observe the following proportional relation-

ship:

f ch
1 (Q j) ∝ g(qi j|Q j) f ch

0 (Q j) ∝ g(qi j|Q j) f0(Q j) ∝ f1(Q j) ∀Q j ∈ Sch. (2.16)

The relationship (2.16) shows that, the density function of the second-stage posterior belief

Q̃ j | A j,c j,qi j is proportional to that of Q̃ j | A j,qi j on the support of the sales channel

product j classified to, and we know Q̃ j | A j,qi j is distributed N(µ1,i j,Σ1,i j). In intuitive

terms, (2.16) implies that upon receiving the platform’s classification, a consumer’s belief

about the quality of a product is constrained to a distribution specific to the sales channel,

and any subsequent adjustments to her quality beliefs are also limited by this same range

of values.

Finally, after characterizing Q̃ j | A j,c j,qi j, a consumer’s final posterior belief on prod-

uct quality Qpost
i j = Q j | A j,c j,qi j can be obtained by integrating out the ν in Q̃ j = (Q j,ν),
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i.e.,

Qpost
i j =

∫
f ch
1 (Q j)dν . (2.17)

2.11 Appendix III: Structural Estimation

By estimating the structural model described in Section 2.6, our objective is to learn the

signal noise ∆i j, the joint distribution of products’ quality levels Q j and attributes A j that

enables consumers to learn about quality, and the distribution of consumers’ preferences β i

and price elasticities αi that together drive their purchasing decisions. Because neither ∆i j,

Q j, βi, nor αi is directly observable to us as empirical researchers, we must instead infer

them from the available data using our structural model. We will begin by introducing the

maximum likelihood model, followed by a discussion of the EM algorithm which we use

to estimate the parameters of the model.

2.11.1 Maximum Likelihood Estimation

From the dataset, we observe each consumer i’s choice of product xi = j∗, as well as its

visible attributes A j and its price Pj. We also observe whether each product j is classified

into the 1P (c j = 1) or 3P (c j = 0) sales channel. Using a maximum likelihood model,

we aim at estimating the parameters that maximize the probability of consumers making

observed product choices and the platform accurately classifying products to observed sales

channels.

Both each consumer’s choice of product and the platform’s classification of sales chan-

nel reveal the latent product quality. In particular, a product’s quality levels Q j are cor-

related with its visible attributes A j; to consumers, the attributes therefore partially reveal

products’ hidden quality levels. Moreover, because the products are sorted into sales chan-
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nels based on the platform’s knowledge and assessment of products’ quality levels Q j and

attributes A j, such classifications are informative to consumers about the products’ underly-

ing quality. Lastly, by inspecting the product assortment (online), consumers obtain private

signals about the quality levels of each product, and the precision of such private signals

depends both on consumers’ level of experience, ei, which we observe, and on whether a

given product is blockchain-traced. Instead of directly reflecting the true quality levels Q j,

consumers’ purchasing decisions hinge on the beliefs about Q j that they derive from the

foregoing sources of information. In order to study the operations of the marketplace un-

der information asymmetry, we model the learning process that both generates consumers’

beliefs and the decisions that they make in response.

Let θ represent the model’s parameters. They are partitioned into: θ

N, which governs the distribution of the preference parameters βi,αi in the consumer

population; θJ , which governs the joint distribution of product quality Q j and attributes

A j in the product category; θ ∆, which governs the distribution of noisiness in consumers’

private signals regarding a product j’s quality, ∆i j, based on whether the shoppers are ex-

perienced and on whether the product is blockchain traced; and θ

P, which specifies the platform’s classification rule for selectively sorting products into

its 1P and 3P marketplaces. We aim to estimate θ .

Given the observed purchasing choices, {xi : i ∈ N }, and product classifications {c j :

j ∈ J }, we obtain the maximum likelihood estimates

θ
∗
MLE :=θ L

(
{xi : i ∈ N },{c j : j ∈ J } | {A j : j ∈ J },{ei : i ∈ N }; θ

)
(2.18)

=θ ∏
i∈N

p
(

xi |{(c j,A j) : j ∈ J }, ei; θ

)
· ∏

j∈J

p(c j |A j; θ

P) .
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The modeled likelihood explains the purchase decisions {xi : i ∈N } and the product clas-

sifications {c j : j ∈J } while taking the products’ attributes {A j : j ∈J } and consumers’

experience levels with the product category {ei : i ∈ N } as given. Here, p
(

xi |{(c j,A j) :

j ∈ J }, ei; θ

)
represents the probability that, under θ , a consumer i of the observed ex-

perience level ei makes the choice xi given the products’ observed attributes, {A j : j ∈J }

and their marketplace classifications, {c j : j ∈ J }. Next, p(c j |A j; θ

P) is the probability that, under the platform classification rules θ

P, a product j of the observed attributes A j receives the marketplace classification c j.

Under the model, we further expand the above choice-based likelihood into four under-

lying components as follows:

θ
∗
MLE =θ

∫
∏

i∈N

p(xi | EQPost
i j , j ∈ J ,βi,αi) · ∏

i∈N , j∈J

p(EQPost
i j | Q j,A j,c j,ei; θJ ,θP ,θ ∆)

· ∏
j∈J

[
p(c j | Q j,A j; θP) · p(Q j | A j; θJ )

]
· ∏

i∈N

p(βi,αi | ei;θN )

·d∆1,1 · · ·d∆|N |,|J | ·dQ1 · · ·dQ|J | ·dβ1 · · ·dβ |N | ·dα1 · · ·dα|N |. (2.19)

The components involve latent variables, such as product quality, that the data cannot report

on directly but that drive consumers’ utility-based purchasing decisions. We explain how

each component is calculated.

Choice probabilities.

The first component p(xi |βi,αi,EQPost
i j , j ∈ J ) that the model specifies is consumer

i’s choice probability based on her preferences and the quality levels of product j expected
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under her fully updated beliefs:

p(xi = j∗ | βi,αi,EQPost
i j , j ∈ J ) =

exp
(

βiEQpost
i j∗ −αiPj∗

)
1+∑ j exp

(
βiEQpost

i j −αiPj

) . (2.20)

As a conditional probability, it takes as given the expected quality levels EQPost
i j that con-

sumers have learned.

Beliefs under consumer learning.

The second component p(EQPost
i j | Q j,A j,c j,ei; θJ ,θP ,θ ∆) captures the consumer

learning process that produces a consumer’s expected quality for product j, EQPost
i j , at the

time of her purchase decision. Whereas Q j denotes product j’s true quality, we use the

notation Q′
i j to denote consumer i’s beliefs regarding a product j’s quality in the form of

a random variable that manifests her beliefs as a probability distribution over the possible

quality levels. We use the notation Q′
i j | O to denote the consumer’s beliefs regarding the

same when they are updated by conditioning on the set of observed variables O.

To arrive at her final posterior belief QPost
i j regarding product j’s quality, a consumer i

incorporates three pieces of information: namely, the product j’s visible attributes A j, its

observed platform classification c j, and the private signal qi j that she obtains upon inspect-

ing the product online:

QPost
i j := Q′

i j | A j,qi j,c j,ei. (2.21)

The private signal is specified with the individually idiosyncratic additive noise ∆i j, such

that qi j =Q j+∆i j. The magnitude of the noise depends on whether the product is blockchain-

traced and on the consumer’s experience level ei. Given the latter dependence, it is appro-

priate to condition on ei when defining the final beliefs QPost
i j : the degree of noise within
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her private signal qi j influences how strongly consumer i should use it to update her beliefs

Q′
i j. Aside from the private signal, the beliefs QPost

i j incorporate an update from A j based

on the joint distribution of Q j and A j governed by θJ and an update from c j based on the

classification rule θP .

More explicitly, we calculate the expected quality levels EQPost
i j in three steps that each

incrementally update the beliefs Q′
i j. In step one, we obtain the update Q′

i j | A j based on the

jointly multivariate normal distribution N(µ,Ψ) of the products’ quality Q j and attributes

A j, where µ = [µQ,µA]
⊤ and Ψ = [[ΣQ,ΣQA], [ΣAQ,ΣA]]. (Thus, the vector of distributional

parameters for the product characteristics, θJ , comprises {µ,Ψ}.) Given the observed

product attributes A j = a j, the consumer’s rationally updated quality beliefs Q′
i j | A j = a j

are given by the conditional distribution that is multivariate normal N(µ
a j
0 ,Σ0) with

µ
a j
0 = µQ +ΣQAΣ

−1
A (a j −µA),

Σ0 = ΣQ −ΣQAΣ
−1
A ΣAQ.

(2.22)

Note that the mean of this posterior belief µ
a j
0 is product-specific because it depends on the

product’s observed attributes a j. On the other hand, the covariance Σ0 is common to all

products.

In step two, we obtain the further updated beliefs Q′
i j | A j,qi j,Σ

∆
i j that incorporate the

consumer’s private quality signal qi j. The signal qi j is centered at the product’s true quality

Q j with the addition of mean-zero, idiosyncratic noise ∆i j that is distributed N(0,Σ∆
i j).

The magnitude of Σ
∆
i j describes the noisiness of the signal the consumer receives, which

depends both on her ability to understand the signal and on the quality of the information

that produced it. Thus, we allow Σ
∆
i j to differ based on consumer i’s experience level ei,

product j’s channel c j and type ty j (a dried-without-salt, a ready-to-eat, or a non-premium

product), and whether this product is traced or not tr j. Together, there are 24 Σ
∆
i j’s for all
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the combinations of (ei,c j, ty j, tr j).

The distribution of the conditional beliefs Q′
i j | A j,qi j,Σ

∆
i j is distributed multivariate

normal N(µ1,i j,Σ1,i j), with the following mean and variance:

µ1,i j =
Σ0

Σ0 +Σ
∆
i j

qi j +
Σ

∆
i j

Σ0 +Σ
∆
i j

µ
a j
0 ,

Σ1,i j =
Σ

∆
i j

Σ0 +Σ
∆
i j

Σ0,

(2.23)

where µ
a j
0 and Σ0 are given in (2.22), and Σ

∆
i j is the covariance of signal noise ∆i j.

Finally, in step three, we obtain the last update

Q′
i j | A j,qi j,Σ

∆
i j,c j = Q′

i j | A j,qi j,Σ
∆
i j,c j,ei (2.24)

= Q′
i j | A j,qi j,c j,ei (2.25)

= QPost
i j , (2.26)

which incorporates the platform’s choice c j of the sales channel of product j, such that

c j = 1 for 1P and c j = 0 for 3P. Under the selection parameters θP = {ΛQ,ΛA,r}, the

platform selects for the 1P market the products that satisfy the threshold-based classifier

ΛQQ j +ΛAA j +ν j ≥ r. That is,

c j =


1 if ΛQQ j +ΛAA j +ν j ≥ r

0 if ΛQQ j +ΛAA j +ν j < r.
(2.27)

The idiosyncratic component ν j is normalized to be drawn from the standard normal dis-

tribution.

For a product j sold in the 1P marketplace, we calculate the expected values of its
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quality levels under consumer i’s final posterior beliefs, EQpost
i j , as follows:

EQpost
i j = E(Q′

i j | A j,qi j,ei,c j = 1) =
E(Q′

i j1{c j=1} | A j,qi j,ei)

Pr(c j = 1 | A j,qi j,ei)
(2.28)

=
E(Q′

i j1{ΛQQ′
i j+ΛAA j+ν≥r} | A j,qi j,ei)

Pr(ΛQQ′
i j +ΛAA j +ν ≥ r | A j,qi j,ei)

(2.29)

=

∫
ν

∫
x x fQ′|A,q,e(x)φ(ν)1{ν≥r−ΛQx−ΛAA j}dxdν∫

ν

∫
x fQ′|A,q,e(x)φ(ν)1{ν≥r−ΛQx−ΛAA j}dxdν

(2.30)

=

∫
x x fQ′|A,q,e(x)

[
1−Φ

(
r−ΛQx−ΛAA j

)]
dx∫

x fQ′|A,q,e(x)
[
1−Φ

(
r−ΛQx−ΛAA j

)]
dx

,

(2.31)

where fQ′|A,q,e(·) denotes the probability density function of Q′
i j | A j,qi j,Σ

∆
i j, which is mul-

tivariate normal with mean and variance given in 2.23, and φ(·) and Φ(·) are the standard

normal distribution’s probability density and cumulative density functions, respectively.

Similarly, for a product j sold in the 3P marketplace, the expected values of its quality

levels under consumer i’s final posterior beliefs, EQpost
i j , are given by

EQpost
i j = E(Q′

i j | A j,qi j,ei,c j = 0) =
E(Q′

i j1{c j=0} | A j,qi j,ei)

Pr(c j = 0 | A j,qi j,ei)
(2.32)

=

∫
x x fQ′|A,q,e(x)Φ

(
r−ΛQx−ΛAA j

)
dx∫

x fQ′|A,q,e(x)Φ
(
r−ΛQx−ΛAA j

)
dx

. (2.33)

Both (2.31) and (2.33) must be numerically evaluated, and we relegate the details to Section

2.11.3.

To close, we return to the calculation of the second component, p(EQPost
i j |Q j,c j,A j,ei;θJ ,θP ,θ ∆).

By inspecting (2.23), (2.31), and (2.33), it is easily verified that for any fixed values of

A j,ei, and c j, the expected quality levels EQpost
i j under the consumer’s final beliefs are in-

creasing (element-wise) in the (corresponding elements of) the private signal, qi j. Then,
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for any fixed values of A j,Q j,ei, and c j, the expected quality levels EQpost
i j under the con-

sumer’s final beliefs are similarly monotonically increasing (element-wise) in the (corre-

sponding elements of) the private signal’s noise, ∆i j. Thus, for any fixed values of A j,Q j,ei,

and c j, we can define the inverse function ∆A,Q,c,e that maps given values of EQpost
i j back to

the unique values of signal noise ∆i j that can produce them.

Thus, treating ∆A,Q,c,e(x) as a fixed quantity, the calculation is given by

p(EQPost
i j = x | Q j,A j,c j,ei; θJ ,θP ,θ ∆) = p(∆A,Q,c,e(x) | Q j,A j,c j,ei; θJ ,θP ,θ ∆)

(2.34)

=
exp
(
−1

2∆A,Q,c,e(x)⊤(Σ∆
i j)

−1∆A,Q,c,e(x)
)

√
(2π)2|Σ∆

i j|
.

(2.35)

Product characteristics.

The third component p(c j | Q j,A j; θP) · p(Q j | A j; θJ ) addresses platform classifica-

tion and product quality. The first subcomponent, p(c j |Q j,A j; θP), is the modeled proba-

bility that product j receives its actually observed marketplace classification c j conditional

on its quality and attributes. The platform classification parameters θP = {ΛQ,ΛA,r}

accounts for such quality and attributes and provides for a normalized idiosyncratic com-

ponent ν j. The resulting marketplace classification probabilities are

p(c j | Q j,A j; θP) =


1−Φ(r−ΛQQ j −ΛAA j) if c j = 1

Φ(r−ΛQQ j −ΛAA j) if c j = 0.
(2.36)
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Straightforwardly in comparison, the second subcomponent is the simple conditional

probability of the product quality Q j based on its joint distribution with the given product

attributes A j:

p(Q j = x | A j; θJ ) =
exp
(
−1

2(x−µ
a j
0 )⊤Σ0

−1(x−µ
a j
0 )
)√

(2π)2|Σ0|
, (2.37)

where the mean µ
a j
0 and covariance Σ0 are given in (2.22).

Consumer preferences.

The final component p(βi,αi | ei,θN ) completes the likelihood calculation by includ-

ing the probability of the individual preference parameters, βi,αi, where βi ∈ R2 is the

utility coefficient for the two-dimensional expected posterior belief of quality EQpost
i j , and

αi ∈ R is the price elasticity. The preference parameters are distributed multivariate nor-

mal N(µN
i ,Σ

N
i ) and are allowed to differ based on consumer i’s experience level ei. Let

θN = {µN
i ,Σ

N
i }, this probability is

p([βi,αi]
⊤ = x | θN ) =

exp
(
−1

2(x−µN
i )

⊤(ΣN
i )

−1(x−µN
i )
)√

(2π)3|ΣN
i |

. (2.38)

2.11.2 EM Algorithm

In order to compute the maximum likelihood estimator θ
∗
MLE in 2.19, we utilize the

EM algorithm. This algorithm is an iterative procedure that is a computational alternative

to directly maximizing the likelihood function. It is especially useful when the likelihood

function integrates over a large set of latent variables that are used by the structural model

to explain observed choices.

The integrand of expression (2.19) gives the likelihood jointly in terms of the observed
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outcomes {xi : i ∈ N },{c j : j ∈ J } and the model’s underlying latent variables, wherein

the latent variables are subsequently integrated out to obtain the likelihood function without

latent variables. The EM algorithm makes direct use of exactly this integrand, which is

simply the joint likelihood of the data {xi : i ∈ N },{c j : j ∈ J } as observed outcomes

and the latent variables {EQPost
i j ,Q j,βi,αi : i ∈ N , j ∈ J } as unseen outcomes.

In overviewing the algorithm, let us denote the data {xi : i ∈ N },{c j : j ∈ J } collec-

tively as O and the latent variables {EQPost
i j ,Q j,βi,αi : i ∈ N , j ∈ J } as Y . Further let us

use L(O,Y | θ) to mean their joint likelihood function (i.e., the integrand of (2.19)) evalu-

ated at the parameter values θ ; for simplicity, we suppress that the joint likelihood is actu-

ally defined conditional on the product attributes and consumer experience as exogenously

reported by the data—i.e., that it is more formally L(O,Y | {A j : j ∈J },{ei : i ∈N }; θ).

Each iteration t of the EM algorithm updates a current parameter value that we label as

θ t . Specifically,

θ t+1 =θ EY |O,θ t [log L(O,Y | θ)]. (2.39)

Thus, each round of the algorithm chooses the next parameter value θ t+1 to maximize

a specially constructed expectation. Typically, in practice, the expectation is evaluated

through simulation. In this case,

θ t+1 =θ

B

∑
b=1

log L(O,Yb | θ), (2.40)

where the values of Yb, b = 1, . . . ,B, are drawn, by simulation, from the posterior distri-

bution of the latent variables Y conditional on O and θ t . Then, in order to compute θ t+1,

the EM algorithm first performs an E-step that samples such Yb, b = 1, . . . ,B and constructs

the objective function. The M-step then performs the maximization. In early iterations of
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the EM algorithm, θ t+1 is often chosen to improve on the objective value over θ t (instead

of fully maximizing the objective), as this is sufficient to guarantee an improvement in the

associated likelihood value and accelerates the algorithm’s overall progress by shortening

its earlier iterations.

We next describe each step.

E-step.

The purpose of the E-step is to sample from the posterior distribution of Y conditional

on O and θ t . Various sampling algorithms can be used to achieve this objective.

Several of these algorithms involve Monte Carlo techniques that, given a current Yk, pro-

pose candidate values Y ′ that may be accepted or rejected based on the ratio of L(Y ′ | O,θ t)

over L(Yk | O,θ t) (or equivalently and more computationally conveniently, the difference

between the two log likelihoods). For such algorithms, it is often immensely useful that

L(Y ′ | O,θ t)

L(Yk | O,θ t)
=

L(O,Y ′ | θ t)/L(O | θ t)

L(O,Yk | θ t)/L(O | θ t)
=

L(O,Y ′ | θ t)

L(O,Yk | θ t)
. (2.41)

In other words, the algorithm need only be able to compute the joint (log) likelihood

whose computation is explicitly laid out in Section 2.11.1. Then, by invoking this com-

putation repeatedly at various values of Y ′, such Monte Carlo-based algorithms produce

sequences of the form {Yk} such that, by applying burn in and sampling at appropriate in-

tervals, they yield subsequences Yb, b = 1, . . . ,B that are effectively drawn from the desired

posterior of Y conditional on O and θ t .
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M-step.

The EM algorithm iteration is then completed by obtaining θ t+1:

θ t+1 =θ

B

∑
b=1

log L(O,Yb | θ), (2.42)

in which the values Yb, b = 1, . . . ,B were obtained and fixed by the prior E-step so that the

parameter values of θ are the only remaining variables of the objective function.

As (2.19) lays out in detail, the joint likelihood function L(O,Yb | θ) decomposes into

the product of subcomponents of the form L(O |Yb) ·L(Yb | θ). Then, because log L(O,Yb |

θ) = log L(O | Yb) + log L(Yb | θ), we can greatly simplify the objective (2.42) that is

used in the M-step. Indeed, the log L(O | Yb) terms drop out completely, leaving only

∑
B
b=1 log L(Yb | θ) as the M-step’s objective function.

2.11.3 Implementation Details

E-step.

In the E-step of iteration t of the EM algorithm, we use Metropolis-Hastings algorithm

to sample a sequence of latent variable Yb, b = 1, ...,B from L(Y | O,θ t), the posterior

distribution of latent variable Y .

The parameter θ t is taken as given in the E-step. An initial latent variable Y0 is drawn

from θ t . Then with current latent variable Yk, we propose a candidate value of the new latent

variable Y ′ by a symmetric jump function J(Y ′ | Yk), which follows a normal distribution

N(Yk,Φ). Taking log of (2.41), the new latent variable Y ′ will be accepted if

logL(O | Y ′,θ t)+ logL(Y ′ | θ t)− logL(O | Yk,θ t)− logL(Yk | θ t)> 0. (2.43)
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For either the current latent variable Yk or the proposed new Y ′, the log probability of

the observed outcomes conditional on Y and θ t has two parts:

logL(O | Y,θ t) = ∑
i

logL(xi | β i,α i,EQpost
i j , j ∈ J )+∑

j
logL(c j | Q j,θP).

The first term gives the likelihood of observing consumer choice outcome xi conditional on

the latent variables (calculation given in (2.20)), and the second term gives the likelihood

of observing product classification outcome c j conditional on latent variables and platform

classification parameters (calculation given in (2.36)).

The calculations of logL(Y ′ | θ t) and logL(Yk | θ t) can be arranged into three blocks:

Q j governed by θJ , αi and β i governed by θ

N, and EQpost
i j governed by θ ∆, each block is independent. logL(Q j | θJ ) and logL(αi,β i |

θ

N) are straightforwardly the log-likelihood of observing Q j, αi and β i from their corre-

sponding multivariate normal distributions. The calculation of quality belief level EQpost
i j

is given in (2.31) and (2.33), which requires numerical evaluation.

The numerical evaluation of equations (2.31) and (2.33) are similar, and we will use

(2.31) as an example below.

First, we sample K points {x1, ...,xK} from the distribution of Q′
i j | A j,qi j,Σ

∆
i j, which is

distributed multivariate normal N(µ1,i j,Σ1,i j) given in (2.23). Note that when Q j is given,

N(µ1,i j,Σ1,i j) only depends on ∆i j. For each of these points xk, we calculate its probability

density function fQ′|A,q,e(xk), and 1−Φ
(
r−ΛQxk −ΛAA j

)
, which is the probability that

this product is correctly classified to c j = 1 given xk. Then, (2.31) can be obtained as a

weighted sum of these K points:

EQpost
i j =

∑
K
k=1 xk fQ′|A,q,e(xk)

[
1−Φ

(
r−ΛQxk −ΛAA j

)]
∑

K
k=1 fQ′|A,q,e(xk)

[
1−Φ

(
r−ΛQxk −ΛAA j

)] . (2.44)
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Similarly, (2.33) can be calculated by sampling K points {x1, ...,xK} from the same

distribution N(µ1,i j,Σ1,i j), but weighted by the probability of having them classified to

c j = 0:

EQpost
i j =

∑
K
k=1 xk fQ′|A,q,e(xk)

[
Φ
(
r−ΛQxk −ΛAA j

)]
∑

K
k=1 fQ′|A,q,e(xk)

[
Φ
(
r−ΛQxk −ΛAA j

)] . (2.45)

Noticed that EQpost
i j is a function of ∆i j when Q j,A j,c j,ei are fixed, we can compute the

interpolation functions between EQpost
i j and ∆i j. In particular, for each set of parameters

θ t , we compute two interpolation functions for each product j, one for the experienced

consumer case and the other for the inexperienced consumer case in the beginning of the

E-step. These functions will be used throughout the E-step every time when a new sample

Y ′ is proposed and we need to decide whether to accept it according to (2.43). This way we

avoid the time-consuming calculation of EQpost
i j for every proposed sample.

M-step.

The purpose of M-step is to update the values of the parameters based on the samples

of latent variables obtained from E-step. At an iteration t, after the E-step, we obtain a

sequence of latent variables Yb, b = 1, ...,B. The parameters for the next step is set to be

the ones that maximize the M-step objective function:

θ t+1 =θ

B

∑
b=1

log L(O,Yb | θ t)

=θ

B

∑
b=1

[log L(O | Yb;θ t)+ log L(Yb | θ t)]

=θ

B

∑
b=1

[log L(xi : i ∈ N | Yb)+ log L(c j : j ∈ J | Yb;θP,t)+ log L(Yb | θ t)]

=θ

B

∑
b=1

[log L(c j : j ∈ J | Yb;θP,t)+ log L(Yb | θ t)],

(2.46)
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because L(xi : i ∈N |Yb) is not a function of the parameters θ t . Except for determining the

platform classification parameters θP for the t +1 iteration, we only need ∑
B
b=1 log L(Yb |

θ) as the M-step’s objective function.

To determine the parameters other than θP , let Y N
b = {Q j,∆i j,β i,αi}. Note that in M-

step we update ∆i j instead of EQpost
i j because when Q j,A j,c j,ei are fixed, the randomness

in EQpost
i j comes solely from ∆i j, and the value of EQpost

i j can be calculated from (2.44) or

(2.45). The elements in Y N
b are all from normal distributions, where Q j is from N(µa

0,Σ
a
0),

∆i j is from N(µ∆,Σ∆), and β i and αi are from N(µN ,ΣN ).

Let the means be denoted as µθ = {µ
a j
0 ,µ∆,µN }, and the variances denoted as Σ

θ =

{Σ0,Σ
∆,ΣN }. The parameters that maximize the M-step objective function are

µ
θ
t+1 =

1
B

B

∑
b=1

Y N
b ,

and

Σ
θ
t+1 =

1
B

B

∑
b=1

(Y N
b −µ

θ
t )(Y

N
b −µ

θ
t )

⊤.

To determine θP , the objective function is:

θP,t+1 =θ

B

∑
b=1

[log L(c j : j ∈ J | Q j;θP,t)+ log L(EQpost
i j | θP,t)]. (2.47)

It is evaluated numerically with the optimizer “minimize” from the Python SciPy package,

using BFGS method.

2.12 Appendix IV: Estimation Results

We present the results on parameters estimated according to the EM algorithm pre-

sented in Section 2.11. In Section 2.12.1, we discuss the estimated joint distribution of
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products’ quality levels Q j and attributes A j on the two sales channels 3P and 1P. In Sec-

tion 2.12.2, we report the estimated parameters related to signal noise ∆i j.

2.12.1 Results on Quality Distribution and Platform Classification

We estimated the joint distribution of (Q j,A j) ∼ N(µ,Ψ), where µ = [µQ,µA]
⊤, and

Ψ = [[ΣQ,ΣQA], [ΣAQ,ΣA]]. In estimating such joint distribution of quality and attributes,

note that the two dimensions of quality are both constructed, so their means µQ are only

meaningful when comparing with each other. In addition, the attribute means µA are ob-

served from data. We are the most interested in ΣQA, namely how the quality level of each

product is correlated with its attributes, because this is what enables consumers to learn

quality by observing attributes. We report the estimated values of ΣQA weighted by ΣQ in

Table 2.15.

In our model, we let the attributes A j consist of a product’s rating, return rates, experienced-

related complaint rate, product-related complaint rate,4 how long the product has been sold

on the marketplace (product tenure), how long the seller has been doing business on the

marketplace (seller tenure), and the product’s origin (Liao). We estimated how A j is cor-

related with Q1 (product type quality) and Q2 (SC-D quality). As shown in Table 2.15,

both dimensions of quality are positively correlated with the attributes rating, seller tenure,

product tenure, and Liao. Comparing the two dimensions of quality with each other, SC-D

quality is more correlated with seller tenure and product tenure than product type quality,

which makes sense because we would expect that sellers that are more experienced in the

4We are provided with data on whether an order is associated with a complaint filed after receiving the
product. Though the content of each complaint is not available, we are provided with the complaint types.
These complaints fall into two categories: those related to a product’s quality and those related to user experi-
ence. The former includes intrinsic quality issues, such as product preservation and chemical contamination,
packaging problem, such as improper packaging material, and misleading description such as size or weight
of the product not matching seller’s claim. The latter is more subjective. Examples include unsatisfactory
taste or texture and overprice. If a complaint is associated with both groups, it is counted once in each group.
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business have products with higher SC-D quality.

Both dimensions of quality are negatively correlated with the two consumer complaint

rates, where product type quality is more correlated with product-related complaints and

SC-D quality is more correlated with experience-related complaints as expected. Whereas

product type quality is negatively correlated with return rate, counter-intuitively, we find

that SC-D quality is positively correlated with return rate. This result may suggest that

sellers with higher SC-D quality products are more willing to facilitate return requests

from consumers, which leads to a higher return rate.

The platform employs a classification rule ΛX j +ν j ≥ r to select products sell through

its 1P channel and the remaining products are sold on 3P, where Λ consists of ΛQ and ΛA,

the coefficient of Q j and A j respectively. In table 2.16, we report the estimated results on

ΛQ and ΛA weighed by r.

With the estimated joint distribution of quality and attributes and the platform’s classi-

fication rule, we can recover the quality distributions on 1P and 3P. In Figure 2.9, we plot

the marginal distribution of quality on the two sales channels. When comparing the quality

distribution between 1P and 3P, we can see that the majority of the quality distribution on

3P and 1P overlaps, but the 1P distribution is higher in both quality dimensions.

2.12.2 Estimation Results of the Noise Parameters

The signal noise ∆i j is distributed N(0,Σ∆
i j), where the noise parameter Σ

∆
i j = [[σ∆

1,i j,ρ
∆
i j], [ρ

∆
i j,σ

∆
2,i j]].

We report the estimated noise parameters Σ∆
i j in this section. Noise parameters represent

the level of information asymmetry a consumer experiences when she tries to determine

a product’s quality. Smaller values in noise parameters indicate a lower level of informa-

tion asymmetry. In Appendix Table 2.17, we compare the level of information asymmetry

between blockchain traced products and non-traced products.
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Figure 2.9: Quality Distribution Generated from Estimated Parameters.

We estimated 24 Σ
∆
i j’s for all the combinations of (ei,c j, ty j, tr j) (please refer to Section

2.11.1 for details about the modeling of the noise parameters) using 5% of the orders placed

in the post-treatment period. The sample contains a monthly average of 571 consumers

placing orders on 616 products. In Table 2.17, we report σ∆
1,i j and σ∆

2,i j, the noisiness of

product type quality and SC-D quality respectively. The values of he noise parameters are

weighed by the mean value of quality Q j.

Similarly, 5% of the orders placed in the pre-treatment period were used to estimate

the signal noise of the ready-to-eat products. The sample contains orders placed by 513

consumers on 120 products. We estimated 8 different Σ
∆
i j for all the combinations of con-

sumer experience level, sales channel, and whether the cold-chain logistics is specified by

the seller. In Table 2.18, we report σ∆
1,i j and σ∆

2,i j, the noisiness of product type quality

and SC-D quality respectively. The values of he noise parameters are weighed by the mean

value of quality Q j.
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2.13 Appendix V: Consumer Surplus Calculations

In our model, a consumer’s belief of quality EQpost
i j differs from the true product quality

Q j. While EQpost
i j determines her purchasing decision, the true quality Q j determines the

consumer’s ex post utility. To account for this difference between quality belief and quality,

we use an adjusted formula to calculate consumer welfare [11, 12, 84].

Let Vi j denote a consumer i’s mean utility, excluding the random shock. When a con-

sumer makes her decision based on her posterior belief of quality, her mean utility is

Vi j(EQpost
i j ) = β iEQpost

i j −αi p j.

Had she observed the true quality, her mean utility is

Vi j(Q j) = β iQ j −αi p j.

Then, a consumer i’s expected surplus weighed by price elasticity αi is

E(CS)i =
1
αi

[
log
( J

∑
j=1

exp(Vi j(EQpost
i j ))

)
+

J

∑
j=1

πi j

(
Vi j(Q j)−Vi j(EQpost

i j )

)]
, (2.48)

where

πi j =
exp(Vi j(EQpost

i j ))

1+∑
J
j=1 exp(Vi j(EQpost

i j ))
.

The first term of (2.48) is the standard log sum formula to calculate consumer surplus in a

discrete choice model with a type-I extreme value random term. The second term captures

the fact that a consumer’s purchasing decision is made under her belief EQpost
i j rather than

the true quality Q j.
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Each consumer’s surplus is calculated according to (2.48). Table 2.19 below reports the

average values of the two consumer experience groups and the average values across all

consumers.
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Type Group (p, t,r) Treated Count Price Tenure Rating
1P Dried-

without-
salt

(1,1,1) Treated 2 18.87 54.00 1.00

(1.18) (1.41) (0.00)
Pool 12 18.36 52.35 1.00

(3.19) (8.18) (0.00)
(0,1,1) Treated 1 12.25 42.00 1.00

- - -
Pool 26 12.14 44.32 1.00

(4.22) (12.47) (0.00)
1P Ready-

to-eat
(1,1,1) Treated 4 16.26 40.75 1.00

(1.64) (10.11) (0.00)
Pool 15 16.11 38.65 1.00

(2.87) (13.62) (0.00)
(0,1,1) Treated 1 7.52 42.00 1.00

- - -
Pool 22 7.03 38.05 1.00

(3.81) (10.02) (0.00)
1P Non-

premium
(1,1,1) Treated 1 5.45 30.00 1.00

- - -
Pool 23 5.78 25.75 1.00

(2.11) (12.31) (0.00)
(0,1,1) Treated 4 3.17 45.25 1.00

(1.68) (11.06) (0.00)
Pool 33 3.25 32.71 1.00

(2.41) (13.18) (0.00)

Table 2.13: This table summarizes the key characteristics (prices, tenure, and rating) of the treated
unit and the donor pool within each group for 1P products. For each of the characteristics, we
present the group mean with standard deviation in parenthesis. Price is measured on a per-item
basis, calculated by dividing the unit product price by the quantity contained in each product. Tenure
is measured by the number of months since the product was first listed on the platform.

81



3P Dried-
without-
salt

(1,1,1) Treated 21 16.63 46.71 1.00

(2.32) (8.74) (0.00)
Pool 133 15.55 40.10 1.00

(4.23) (15.29) (0.00)
(1,1,0) Treated 1 16.76 41.00 0.67

- - -
Pool 18 16.12 40.20 0.76

(3.22) (7.22) (0.29)
(0,1,1) Treated 17 9.91 45.07 1.00

(2.22) (8.74) (0.00)
Pool 313 8.31 35.50 1.00

(3.07) (18.77) (0.00)
3P Ready-

to-eat
(1,1,1) Treated 8 12.02 46.33 1.00

(1.78) (11.57) (0.00)
Pool 34 12.15 46.87 1.00

(2.32) (14.31) (0.00)
(0,1,1) Treated 4 7.21 50.50 1.00

(0.58) (7.78) (0.00)
Pool 102 7.35 46.50 1.00

(2.86) (20.61) (0.00)
(1,0,1) Treated 12 10.54 46.33 1.00

(1.18) (11.57) (0.00)
Pool 34 10.05 36.75 1.00

(2.55) (13.01) (0.00)
3P Non-

premium
(1,1,1) Treated 3 5.88 44.50 1.00

(0.54) (14.85) (0.00)
Pool 59 4.36 40.50 1.00

(1.37) (17.55) (0.00)
(0,1,1) Treated 1 2.07 56.00 1.00

- - -
Pool 204 2.43 42.66 1.00

(1.07) (22.85) (0.00)
(1,0,1) Treated 1 5.01 25.00 1.00

- - -
Pool 38 4.95 22.50 1.00

(0.89) (10.24) (0.00)
(0,0,1) Treated 2 3.36 25.00 1.00

(0.78) (0.00) (0.00)
Pool 104 3.23 20.33 1.00

(1.57) (15.19) (0.00)

Table 2.14: This table summarizes the key characteristics (prices, tenure, and rating) of the treated
unit and the donor pool within each group for 3P products.
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A rating seller tenure product tenure complaints (exp)
Q1 (product type) 0.0277 0.0233 0.0251 -0.0110
Q2 (SC-D) 0.0333 0.0395 0.0345 -0.0571
A complaints (prod) return rate Liao
Q1 (product type) -0.0274 -0.0101 0.0210
Q2 (SC-D) -0.0043 0.0022 0.0166

Table 2.15: ΣQA: Covariance between quality Q and attributes A

λQ1 (product type) λQ2 (SC-D) λA1 (rating)
0.1027 0.1465 0.0960

λA2 (seller tenure) λA3 (product tenure) λA4 (complaints (exp))
0.1065 0.1910 -0.1135

λA5 (complaints (prod)) λA6 (return rate) λA7 (Liao)
-0.1169 -0.1104 0.1240

Table 2.16: Λ: The platform’s classification parameters (weighted by r)

Experienced Inexperienced
Count σ∆

1 σ∆
2 σ∆

1 σ∆
2

1P Dried-without-salt traced 10 0.1374 0.2104 0.1784 0.2572
non-traced 18 0.1375 0.2232 0.1800 0.2674

Ready-to-eat traced 5 0.1444 0.2070 0.1788 0.2608
non-traced 10 0.1631 0.2394 0.2083 0.2804

Non-premium traced 5 0.1424 0.2348 0.1828 0.2797
non-traced 14 0.1586 0.2473 0.1785 0.2803

3P Dried-without-salt traced 28 0.1676 0.2293 0.1715 0.2621
non-traced 289 0.1808 0.2603 0.2228 0.2984

Ready-to-eat traced 25 0.1651 0.2305 0.1811 0.2674
non-traced 80 0.2032 0.2806 0.2413 0.3057

Non-premium traced 7 0.1761 0.2437 0.2027 0.3077
non-traced 125 0.1968 0.2846 0.2322 0.3276

Table 2.17: Noisiness in Quality Signal: Traced vs. Non-traced Products.

Experienced Inexperienced
Count σ∆

1 σ∆
2 σ∆

1 σ∆
2

1P specified 7 0.1671 0.2324 0.2093 0.2909
non-specified 9 0.1862 0.2552 0.2321 0.3091

3P specified 31 0.2017 0.2770 0.2788 0.3108
non-specified 73 0.2087 0.2984 0.2883 0.3104

Table 2.18: Noisiness in Quality Signal: Cold-Chain Logistics Specified vs. Non-specified for
Ready-to-eat Products.
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Consumer Experience Level
Experienced Inexperienced Average

(1) Baseline: no tracing 13.36 9.70 11.90
(2) Current adoption of tracing 13.43 9.85 12.02
(3) All 3P products get traced 14.06 10.39 12.62
(4) All products get traced 14.35 10.88 13.03

Table 2.19: Average Consumer Surplus.
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Chapter 3: Impact of Price Strategy on Returns: a Price Transparency and

Valuation Uncertainty Story

We study how discount strategies affect net sales – sales after accounting for returns.

We evaluate two prevalent discount strategies: bundle discounts, which apply discounted

prices exclusively to product bundles, and single-item discounts, where the discount ex-

tends to all products. Two primary factors are considered in analyzing the discount strate-

gies’ performance in enhancing net sales: customers’ post-purchase valuation updates,

which influence their return behavior, and their attentiveness to the intricacies of the dis-

count pricing structure. The latter is particularly relevant under bundle discounts, where

customers retaining any items must pay full price, a detail that could be overlooked by

those inattentive to pricing, affecting both purchase and return decisions. We adopt a

forward-looking approach to customer behavior by modeling the interconnected purchase

and return decisions, incorporating post-purchase valuation changes and potential pricing

inattentiveness. Partnering with one of Turkey’s largest fashion retailers, we apply struc-

tural estimation to ascertain how customers reassess product valuations post-purchase and

their attentiveness to pricing details. Furthermore, we simulate generic retail scenarios to

discern the optimal discount strategy for retailers. Our findings reveal that factoring in re-

turns drastically shifts the retailer’s preference in discount strategies. By tailoring bundles

that account for customers’ post-purchase valuation, the Retailer’s net sales can be en-

hanced by 15.6%. We also find that customers tend to overlook complex pricing structures,

85



leading to impulsive buying and increased returns. Enhancing customer attentiveness of

pricing can decrease the Retailer’s return rates by 20.9%. Moreover, improving customer

attentiveness to pricing benefits retailers by enabling them to create more versatile bundle

offers, further optimizing their sales strategy.

discount strategy, bundling, product return, price transparency, bounded rationality,

structural estimation

3.1 Introduction

The fashion industry is under growing scrutiny owing to its significant environmental

impact, a considerable proportion of which stems from waste. Astonishingly, 92 million

tons of the 100 billion garments produced globally each year are discarded, contributing to

escalating landfills. Returns constitute a notable portion of this waste, accounting for 17

million tons of discarded garments in the United States alone [105]. In addition to their

environmental repercussions, product returns present a multifaceted logistical and financial

challenge for retailers. A substantial 5% to 15% of in-store purchases and a staggering

15% to 40% of online purchases are returned, accumulating to a whopping $816 billion in

returned merchandise in 2022 alone [69].

The problem of product returns is further exacerbated during sales seasons, where re-

tailers deploy significant discounts and additional promotions to liquidate inventory. While

these price reductions are effective in moving stock, they also tend to result in a signifi-

cant increase in returns. Consequently, the net sales – the volume of sales after accounting

for returns – may not experience a significant increase. Compounding this issue is the

seasonal character of these products, which often renders them non-saleable upon return,

thereby amplifying the logistical and financial burdens faced by retailers. There is an op-

tion to mitigate these issues by tightening return policies or increasing the cost of returns
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for customers. However, retailers may be hesitant to enforce more stringent return policies,

concerned that such measures could alienate customers and subsequently reduce demand

[26].

Intriguingly, the very strategies retailers employ to discount products also influence re-

turns. Take the bundle discount, for instance, a prevalent strategy in retail where customers

are incentivized with a price discount only upon purchasing multiple designated items to-

gether. This price structure implies that customers who opt to return a part of a bundle must

pay the full original price of the items they retain. However, such intricacies might not be

immediately apparent during the purchasing process, as customers are presented with a col-

lective bundle price, leading to a potential hidden “cost” of return that may not be initially

recognized. This complexity in pricing structure is not unique to bundle discounts but also

exists in other prevalent discount strategies, such as Buy One Get One (BOGO) offers. In

contrast, the price structure of a straightforward single-item discount, where each item is

sold at a reduced price, is more transparent by its nature.

Bundling, the strategy of selling multiple items for a collective price, is a common

practice in the retail industry. It has been shown to effectively enhance firm profits by

categorizing customers according to their diverse willingness to pay, thus facilitating the

extraction of consumer surplus. Despite extensive research on the efficacy of different

bundling strategies in optimizing firm sales, there is a notable gap in understanding how

the price structure of bundles affect customers’ grasp of pricing intricacies, especially when

customers might not be fully attentive to the pricing details. Specifically, customers who

pay full attention to price details would perceive the bundled products as less valuable

when considering the additional “cost” associated with future partial returns. Conversely,

initial demand may not be affected among inattentive customers. The realization of the

hidden cost associated with partial returns only surfacing at the return stage for inattentive

customers, which can either discourage them from making returns or, in some cases, lead
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them to return the entire bundle. Therefore, the price transparency issue inherent to the

pricing structure of bundle discounts can profoundly affect customers’ purchase and return

decisions, consequently impacting net sales.

In collaboration with one of Turkey’s largest fashion retailers (the “Retailer”), our re-

search delves into the impact of return considerations on a retailer’s choice of discount

strategies. We juxtapose bundle discounts against single-item discounts, evaluating their

effectiveness in terms of both sales and net sales quantities. Recognizing the intricate pric-

ing structure inherent in bundle discounts, our study examines how customer attentiveness

to pricing nuances impacts the retailer’s superior discount strategy. Our aim is to identify

and recommend discount strategies that can enhance net sales for retailers, while accom-

modating the varying degrees of customer attentiveness to pricing.

Our study makes several contributions. Firstly, we demonstrate that the inclusion of

return considerations significantly shapes a retailer’s choice of the most effective discount

strategy. After a purchase, customers often reassess their initial valuation of the product,

leading to post-purchase updates. For retailers focusing on net sales, ensuring that the

purchased products deliver a positive surplus to customers after the purchase, rather than

solely relying on ex-ante valuation, is crucial. Our empirical findings reveal a discernible

pattern: products initially highly valued by customers at the point of purchase are likely

to receive positive valuation updates, whereas products deemed less valuable initially are

prone to further devaluation. This insight is particularly valuable for retailers in predict-

ing the ex-post value of different product categories, aiding in more informed decision in

bundle design.

Secondly, we identify that customer inattentiveness to pricing intricacies influences

their purchasing and returning behavior, thereby affecting a retailer’s net sales. Our empir-

ical findings suggest that customers generally do not pay close attention to detailed pricing

when faced with complex structures like bundle pricing. Despite being aware of the option
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to return, most customers struggle to accurately factor in the pricing details associated with

returns for bundle purchases. Consequently, they often overvalue the bundle, leading to

impulsive buying and subsequent returns. Challenging the traditional view that retailers

favor non-strategic customers, our findings indicate that rational customers, those who pay

close attention to price structures and nuances, can actually benefit retailers.

Thirdly, our analysis underscores the necessity for retailers to consider both post-purchase

valuation updates and customer inattentiveness to complex pricing structures when devising

discount strategies. If a retailer prioritizes sales volume only, targeting a base of inatten-

tive customers with bundle discounts can prove more profitable. However, to enhance net

sales, attentive customers are found to be more beneficial due to their higher final purchase

quantities after returns. Furthermore, engaging with a more attentive customer segment

allows retailers the flexibility to incorporate a wider array of product categories into their

bundle offers. This strategy not only caters to a diverse range of customer preferences

but also enables the clearance of items that are less favored or those experiencing nega-

tive post-purchase surpluses. Effectively, this approach helps retailers strategically manage

inventory, moving products that are otherwise challenging to sell.

Lastly, our study delves into the bounded rationality of customers through structural

estimation. Acknowledging customers’ forward-looking behavior – that is, the anticipation

of potential returns at the time of purchase – our model incorporates both the purchase

and return decisions of customers, including the valuation updates that occur in between.

We also account for the likelihood that customers might miscalculate the cost implications

of partial returns when faced with complex pricing structures. Given the complexity of

the model, we employ the Monte-Carlo Expectation Maximization (MCEM) algorithm for

its computational efficiency in handling high-dimensional data. Through this method, we

gain valuable insights into the subtle intricacies of consumer behavior, offering a deep

understanding of how retailers can tailor their discount strategies to optimize their net sales
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outcomes.

The structure of this paper is laid out as follows: We begin with a review of the related

literature in Section 2. In Section 3, we delve into the data, offering initial empirical evi-

dence into the impact of bundles on product net sales. In Section 4 we present our model

of customers’ purchase and return decisions. We describe our structural estimation method

in Section 5. The results obtained from our model estimation are thoroughly detailed in

Section 6. This is followed by Section 7, which presents a series of counterfactual analyses

to explore the potential enhancements in bundle discount strategies and the pivotal role of

customer attentiveness. Section 8 presents managerial insights illustrated by simulations

using generic product categories, demonstrating how accounting for returns and customer

attentiveness significantly affect a retailer’s optimal discount strategy. Finally, we encap-

sulate our findings and present our conclusions in Section 9.

3.2 Literature Review

The extensive body of literature in operations and marketing explores various firm

strategies for managing product returns through the design of return policies. To mitigate

product returns, many studies suggest charging customers a restocking fee or a shipping

fee for returned products as an economically optimal solution, as evidenced in studies like

[42, 110], and [6] and [98]. However, [26] offer a contrasting viewpoint, suggesting that

allowing customers to return products for free can lead to an increase in their future pur-

chases. On the other hand, imposing return charges might lead to a decrease in subsequent

purchases from that retailer. Such finding elucidates why, despite the benefits of imposing

return costs, many retailers opt for more lenient return policies. Our research contributes a

fresh angle to this literature by examining the “hidden costs” inherent to discount strategies

with complex pricing structures. Our study finds that pricing strategies can subtly influ-
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ence return behaviors, offering actionable insights for retailers to strike a balance between

managing returns and nurturing customer relationships.

Another stream of literature on product returns focuses on understanding customers’

return behavior. [9] point out that the cost of return is the key to understand customers’

return behavior. They model individual customer’s purchase and return behavior and mea-

sure the cost of return. In the retail industry setting, studies have shown that return behav-

ior can be influenced by various factors that affecting customers’ decision-making, such

as product reviews [106], online image presentation [49], the form of discounts [54], web

technology [43], and return period policy [53]. Our research introduces a distinctive factor

influencing customer returns, which has not been extensively explored in existing literature

– customers’ inattentiveness to price details. Employing a model similar to [9], we quantify

the impact of this attentiveness to price on product sales and returns, thereby contributing

a novel perspective to the understanding of customer return behavior.

Our study, which focuses on the impact of bundle discounts on product sales and re-

turns, is built upon the extensive literature on product bundling. Since [4], a primary advan-

tage of bundling has been identified as its ability to enhancing a firm’s profit by reducing

consumers’ valuation dispersion and extracting their surplus. For a review of the early liter-

ature in this domain, please refer to [109]. Subsequent theoretical research has delved into

the performance of bundling, particularly examining its two forms: pure bundling, where

only the bundle is sold and not the individual products, and mixed bundling, where both the

bundle and the separate products within it are sold individually [e.g., 13, 21, 61, 93, 115].

More recent literature has explored various operational aspects of product bundling,

such as decision-making under demand uncertainty [94] and supply constraints [31]. Be-

yond product sales, [117] investigate how bundling can be utilized to manage customer

search behaviors. Our research contributes to this field by expanding the perspective of

retailers to include the product return stage. Specifically, we explore how the bundling of
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products can influence customers’ understanding of pricing and, consequently, their pur-

chase and return decisions. This addition offers a new dimension to the existing body of

knowledge on product bundling, particularly in the context of retail returns management.

Moreover, our research adds to the existing literature on the impact of information trans-

parency on customers, with a specific focus on price transparency and its influence on con-

sumer behavior. Previous studies emphasize how the disclosure and detailed explanation

of the components that make up a price can affect customer preferences, such as breaking

down a price into gross retail proceeds, royalties, and taxes [32], or dividing a product’s

price into its base cost plus shipping and handling fees [19]. In a related vein, [96] explores

cost transparency, demonstrating that providing customers with sensitive information about

product costs can build trust and consequently boost their willingness to buy. We delve into

the effects of price structure on consumer behaviors, considering both monetary and oper-

ational perspectives, thereby intersecting with the operational transparency literature. This

body of work illustrates how making a firm’s operational processes known to consumers

can amplify perceptions of product quality [29], elevate the likelihood of making a purchase

[28], and enhance the success of crowdfunding campaigns [95]. Our findings indicate that

rendering the price structure more transparent to customers can significantly boost sales

and mitigate returns for retailers, thereby offering a new dimension to the understanding of

transparency in consumer-retailer dynamics.

Finally, our research contributes to the empirical literature examining consumers’ lim-

ited rationality in marketplaces. Previous empirical studies demonstrate that general with-

holding of pricing information can make it challenging for consumers to navigate and un-

derstand complex information environments. In experimental studies, [50] demonstrate

the difficulties individuals face in processing and comprehending correlated information

within intricate informational contexts. [74] show that when faced with intentionally com-

plicated information, recipients often make systematic errors in their understanding and
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decision-making.

Looking at the marketplace from a broader perspective, it is evident that consumer pop-

ulations consist of both strategic and non-strategic individuals. In the context of durable

goods, [60] identify a segment of strategic consumers who hoard goods in anticipation of

future price drops, a behavior not observed in the rest of the population. This phenomenon

is similarly observed by [86] in the airline ticket sales market. [34] find a comparable trend

among students purchasing and reselling textbooks, although not all take into account the

potential resale value of their textbooks. Building upon these insights, our study employs

a structural model to delve into consumer purchasing and return behaviors, with a partic-

ular focus on their capacity to grasp complex price structures. Our analysis reveals that

customers tend to overlook price details, a finding that holds significant implications for

retailers in determining their optimal discount strategies.

3.3 Background and Data

3.3.1 Industry Overview

Our study is set in the context of the fashion retail industry. We collaborate with the

Retailer, a leading Turkish fashion retailer that Specializes in denim pants but also offers

a variety of other apparel including shirts, T-shirts, polos, and fashion pants. The Retailer

operates a network of 433 stores throughout Turkey, in addition to an online shopping

platform, with inventory, pricing, and promotional decisions centrally managed.

The Retailer frequently offer single-item discounts throughout the year, with an annual

end-of-season sale typically occurring from mid-June to July (the “Markdown Season”).

During the Markdown Season, additional bundle discounts are introduced. Under single-

item discounts, any purchase of a discounted product is charged at the discounted price

and fully refundable upon return. In contrast, bundle discounts require the purchase of any
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two products from designated categories as a combined basket to receive the discount. If a

single item from such a two-item basket is returned, the basket no longer qualifies for the

discount, and the retained item is charged at full price.

The Retailer upholds a generous return policy. Customers dissatisfied with their pur-

chases can return the items for a full refund within 30 days of purchase, with no shipping

or restocking fees incurred. Product returns are prompted by various factors, including de-

fective items, unknown fit attributes, and valuation uncertainty. While the Retailer offers

fitting rooms for customers to try garments on, consumers often only fully discern the suit-

ability of an item, especially regarding its fit or other experiential attributes, after they have

purchased it and experienced it in their own environment [107]. This delayed realization of

product value is a significant factor in the decision to return products.

3.3.2 Overview of the Data

The Retailer provided us with detailed customer-order level data a rich data set with

2,113,930 data points, encompassing in-store transactions from March 1st to July 31st,

2019, a total of 21 weeks. The Markdown Season spanned the last 6 weeks of this period,

from June 15th to July 31st, 2019. During this Markdown Season, 32% of the products

qualified for bundle discounts. These bundle discounts were limited to certain categories,

as outlined in Table 3.1.

As indicated in Table 3.1, the nature of these bundle discounts varies. Some are within-

category, allowing customers to select any two products from the same category for the

discount. Others are cross-category, permitting the selection of two products from any of

the specified categories. For instance, the “2FOR249” offer for pants is a within-category

bundle, where purchasing two pairs of pants would cost a customer 249 Turkish Liras (TL).

In contrast, the “2FOR149” offer for shirts and polos exemplifies a cross-category bundle
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2FOR59 2FOR79 2FOR99 2FOR149 2FOR179 2FOR199 2FOR249
Pants x
Shirts x x
T-Shirts x x x
Polos x x
Fashion Pants x

Table 3.1: The table above outlines 7 types of bundle discounts offered during the Markdown Sea-
son. Each bundle type’s name reflects the qualifying criteria and the bundled price point. For
instance, ‘2For59’ in the T-shirts category implies a bundle offer of 2 T-shirts for 59 Turkish Liras
(TL), equating to an average additional discount of 10.11% beyond the single-item discount. The
within-category bundles include ‘2For59’, ‘2For79’, and ‘2For99’ for T-Shirts, ‘2For199’ for fash-
ion pants, and ‘2For249’ for pants. The cross-category bundles, applicable to shirts and polos, are
‘2For149’ and ‘2For179’.

discount. Under this offer, a bundle consisting of a shirt and a polo, a shirt and a shirt, or a

polo and a polo would be priced at 149 TL.

Table 3.2 presents summary statistics relevant to our study, offering initial insights into

how bundle and single-item discounts might impact customer purchasing and return behav-

iors. The data suggest that bundle discounts, which only exist in the Markdown Season,

might lead to customers purchasing more items per transaction basket and that items sold

under bundle discounts generally have a lower return rate compared to those with single-

item discounts. However, a higher rate of whole basket returns with bundle discounts

indicates that customers may be more likely to return entire orders under these conditions,

likely to avoid paying the full price for items they wish to keep. To delve deeper into these

behaviors, we employ a regression model to analyze the impact of discount strategy on

sales and product returns.

3.3.3 Initial Insights into Customers’ Purchasing and Return Decisions

Utilizing a regression model, we examine how discount strategies affect sales and re-

turns across various product categories. Our analysis reveals that both bundle discounts and

single-item discounts yield higher sales volumes. However, the effect on return quantities
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Pre-Markdown Season Markdown Season
Purchases mean std. dev. mean std. dev.

Count of items per basket 1.23 0.54 1.44 0.74
Weekly sales quantity per product 199.87 158.72 235.14 278.82

Prices
Pants 172.34 11.54 154.37 31.91
Fashion pants 133.75 26.74 110.26 16.97
Polos 85.89 12.44 79.57 10.88
Shirts 119.78 23.65 101.44 18.58
T-shirts 44.68 11.19 42.09 9.65

Single-item Discount Bundle Discount
Returns mean std. dev. mean std. dev.
2-5 Product return rate 0.0903 0.0408 0.0734 0.0284

Whole basket return rate 0.0132 0.0046 0.0202 0.0039

Table 3.2: The table presents summary statistics for both the Pre-Markdown Season and the Mark-
down Season, the former referring to the period preceding the Markdown Season. During the Pre-
Markdown Season, only single-item discounts were offered. In contrast, the Markdown Season
featured additional bundle discounts, as detailed in Table 3.1. “Whole basket return” refers to in-
stances where the entire order is returned. This rate is calculated by dividing the total number of
whole-basket returns by the total number of orders placed.

is not uniform across categories: while the return rate for pants shows a significant decrease

under both bundle discount and single-item discount, it notably increases for T-shirts and

polos under bundle discount. These findings not only highlight the diverse effects of bundle

discounts but also indicate opportunities for more effective discount strategy design.

To assess the impact of discount strategies on sales quantities and return rates, we

conduct an analysis comparing the effects of bundle discounts and single-item discounts.

The data is aggregated at the week-product level, and we utilized the following regression

model:

y jt = β1 +β2SingleDiscount jt +β3BundleDiscount jt ×BundleType j + Item j +Weekt +ζ jt ,

where j represents a product and t denotes a week. For each of the five product categories,

the dependent variable y jt represents either the logarithm of weekly sales quantity or the
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logarithm of return rate (in percentage) for product j. The variable SingleDiscount jt is

defined as the percentage discount for product j under a single-item discount in week t,

while BundleDiscount jt represents the percentage discount for product j under a bundle

discount in the same week. BundleType j refers to the bundle types described in Table

3.1. Item j represents item-specific fixed effects, and Weekt accounts for time-specific fixed

effects. The error term is represented by ζ jt .

The primary coefficients of interest are β2 and β3, which capture the average effect of

single-item discount and bundle discount, respectively, on sales quantities and returns rates.

Specifically, as SingleDiscount and BundleDiscount are constructed as the percentage dis-

counts, estimating β2 and β3 facilitates a direct comparison of discount depth offered in

terms of the two different discount strategies. By focusing on these coefficients, our anal-

ysis aims to provide a clearer understanding of how the form of discount (i.e., single-item

vs. bundle), rather than discount depth, influence consumer behavior in terms of both pur-

chasing and returning products. We estimate the regression model using the full 21 weeks

data, with the Markdown Season spanning the final 6 weeks. During the weeks leading up

to the Markdown Season, no bundle discounts were available, allowing us to isolate and

identify β2, the coefficient for SingleDiscount. The coefficient for BundleDiscount β3 can

thus be determined using data from the Markdown Season.

The results, as shown in Table 3.3, indicate that deeper discounts, whether they are

single-item discount or bundle discount, are generally associated with an increase in sales

quantity. However, the effect of these discounts on return rates is less straightforward.

While steeper single-item discounts are linked to a decrease in the return rate of pants,

they do not significantly influence the return rates of other product categories. In the case

of bundle discounts, a similar pattern is observed for pants, with return rates diminishing

alongside more substantial discounts. Yet, for T-shirts and Polos, the opposite effect is

noted: increased bundle discounts are associated with higher return rates.
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Category Parameters log(Sales) log(Return Percentage)
Pants SingleDiscount 0.0292*** -0.0069***

(0.002) (0.002)
BundleDiscount×2FOR249 0.0550*** -0.0145***

(0.005) (0.005)
Shirts SingleDiscount 0.0091*** 0.0115

(0.002) (0.060)
BundleDiscount×2FOR149 0.0100* -0.0153

(0.005) (0.022)
BundleDiscount×2FOR179 0.0060* 0.0026

(0.003) (0.011)
T-shirts SingleDiscount 0.0130* -0.0200

(0.006) (0.011)
BundleDiscount×2FOR59 0.0113 0.0419

(0.009) (0.020)
BundleDiscount×2FOR79 0.0178* 0.052*

(0.009) (0.025)
BundleDiscount×2FOR99 0.0049 0.0795***

(0.007) (0.020)
Polos SingleDiscount 0.0672*** 0.032

(0.019) (0.028)
BundleDiscount×2FOR149 0.0731*** 0.1071***

(0.011) (0.024)
BundleDiscount×2FOR179 0.0642*** 0.1273**

(0.016) (0.043)
Fashion Pants SingleDiscount 0.0533*** 0.021

0.018 (0.022)
BundleDiscount×2FOR199 0.0769*** 0.028

-0.019 (0.029)

Table 3.3: *p < 0.05; **p < 0.01; ***p < 0.001.
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These diverse outcomes pose intriguing questions about the complex dynamics of con-

sumer behavior in response to different discount forms. In particular, they lead us to ex-

plore why bundle discounts, while boosting sales, have mixed effects on returns across

product categories but single-item discounts do not. One key difference between bundle

discount and single-item discount is its pricing structure and the implication of refund at

the return stage. To address such a question, we need to delve deeper into understanding

customers’ purchase and return decisions, especially how customers update their valuation

updates post-purchase and whether they understand the pricing structure of bundle dis-

counts. We develop a customer utility model that encompasses both purchase and return

behaviors. This model, which we detail in the subsequent section, is designed to shed light

on customer behavior patterns and pave the way for more intelligent and effective discount

strategy designs.

3.4 Model

In this section, we develop a model that capture the nuances of a customer’s purchase

and return decisions, which are related but occur at different times. We describe a cus-

tomer’s interaction with the Retailer as a two-stage journey: the purchase stage, where the

customer decides what to buy, followed by the return stage, where the decision is made on

whether to keep or return the purchased product(s). Our model highlights customers’ valu-

ation updates after their purchases, and the possibility that customers might be inattentive

to pricing details when given complex pricing structure.

Our model is built upon three key assumptions:

1. Valuation uncertainty: Customers, upon purchasing clothing items, do not have a

perfect understanding of their valuation of the product in the purchase stage. This

valuation becomes clearer once the customer has the opportunity to use or experience
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the clothing in the return stage. It is this delayed realization of the product’s true value

to the customer that primarily drives their decision to return it.

2. Forward-looking with bounded rationality: We assume that customers are forward-

looking, meaning they consider the future possibility of returning a product at the

time of purchase. However, they may exhibit inattentiveness to price details. Specif-

ically, a customer’s capability to fully understand the cost implications of making a

partial return varies. This aspect acknowledges the cognitive limitations and varying

levels of information processing ability among customers.

3. Limited basket size: We limit the model to consider that a customer’s purchase at

any given time consists of at most two items. This assumption is grounded in the

observation that 88% of customers at the Retailer purchase no more than two items

at once. Restricting the basket size to two items not only aligns with empirical pur-

chasing patterns but also simplifies the choice set, making it more manageable within

the confines of discrete choice models. Allowing for larger basket sizes would expo-

nentially increase the complexity and potentially overburden the model’s capacity to

provide clear insights.

We begin by presenting a utility model specifically designed for understanding the fac-

tors influencing a customer’s decision to return a product. Then, we introduce a utility

model for a customer’s purchase decision, which integrates the customer’s anticipation of

potential future returns into their purchasing choices. We end this section by providing

simulations that illustrate the implications of our model.

3.4.1 Model Setup

In our model, the market of the Retailer has J distinct products, denoted by j = 1, ...,J.

Each customer is represented by i= 1, ..., I. Each customer has the option to select a basket,
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b = 1, ...,B, from the entire range of products available in the market. We constrain each

basket to contain a maximum of two items, meaning the size of the basket can either be 1 or

2. Consequently, the total number of possible baskets available in the market is B=
(J

2

)
+J,

accounting for all combinations of two-item baskets as well as individual item baskets. For

baskets that include two items, we label the items within the basket as 1st and 2nd, such

that a two-item basket is denoted as b = {1st, 2nd}. In cases where a basket contains only

one item, it is simply represented as b = {1st}. This setup provides a structured framework

to analyze customer choices among a variety of combinations, while maintaining a man-

ageable level of complexity in modeling the potential basket compositions in the Retailer’s

market.

Each customer’s decision to purchase or return is shaped by her individual valuation

of a product and, in cases where the basket contains more than one item, by the additional

valuation stemming from the interaction between the items in the basket. This interacting

valuation term is designed to capture the potential complementarity or substitutability ef-

fects that may arise when multiple products are combined within the same basket. We first

introduce the return stage model, as a customer’s decision is myopic at this stage. Follow-

ing this, we detail the purchase stage model, wherein a customer’s decision integrates her

considerations of the potential return stage outcomes.

3.4.2 Return Stage Model

In the return stage, customers assess their valuation of the products based on their actual

use and experience. The refund amount associated with each return option is also clear to

the customers at this stage.
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One-item baskets.

We initiate our analysis with the simpler scenario where a purchased basket contains

only a single item. In this case, a customer i already purchased a basket b∗ that contains

one item 1st. Her option r at the return stage is binary: to keep or return the item. To be

consistent with the two-item basket case, we denote the keep option as “keep 1st” and the

return option as “keep none”. Thus, the value for each option is represented as follows:

V (r = keep 1st)i = vi,1st + zi,1st −αiPb∗,1st

V (r = keep none)i = 0.
(3.1)

The value of return, or keep none, is set to be zero, as the Retailer maintains a generous

return policy where no shipping or restocking fee is charged. The value of keeping the item

contains three terms. The first term, vi,1st , represents the purchase stage valuation of the

product, known to the customer at the time of purchase. This term captures the initial per-

ceived value derived from the product based on information available before the purchase.

The second term, zi,1st , is an update to the customer’s valuation post-purchase, reflecting

any changes in perception after actually using or experiencing the product. This term mea-

sures the discrepancy between a customer’s pre-purchase valuation and her re-evaluated

post-experience valuation. We assume that zi,1st is not observable by the researcher and

only becomes apparent to the customer upon post-purchase experience. The third term,

αiPb∗,1st , captures the product’s price Pb∗,1st (which is the 1st and only item in the pur-

chased basket b∗) and the customer’s sensitivity to this price, denoted by αi.
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Two-item baskets.

For scenarios where the purchased basket b∗ includes two items, the customer faces a

broader range of options at the return stage, including the possibility of a partial return. Let

r represent the customer’s return options, with the value for each option V (r)i being:

V (r = keep)i = vi,1st + vi,2nd + vib∗ + zi,1st + zi,2nd + zib∗ −αiPb∗ ,

V (r = keep 1st)i = vi,1st + zi,1st −αiPb∗,1st ,

V (r = keep 2nd)i = vi,2nd + zi,2nd −αiPb∗,2nd,

V (r = keep none)i = 0.

(3.2)

In this model, the option of returning both items (referred to as “keep none”) is assigned

a value of zero. The value of keeping both items (denoted as “keep”) includes the purchase

stage valuations of both items (vi,1st and vi,2nd), their valuation updates at the return stage

(zi,1st and zi,2nd), plus an additional interacting term. This interacting term, vib∗ , represents

the combined value of having both items in the same basket at the time of purchase, com-

plemented by a post-purchase valuation update, zib∗ . The value of retaining just one item

from the two-item basket (termed as “keep 1st” or “keep 2nd”) is analogous to the option

of keeping an item in a one-item basket scenario, which consists of the purchase stage

valuation and the post-purchase valuation update specifically for the retained item.

Once products are brought home, a customer’s experience with them is not influenced

by the discount type under which they were purchased – be it a bundle or a single-item

discount. However, the type of discount becomes crucial when considering returns, espe-

cially in cases of partial returns, due to different refund amounts. In particular, the values

associated with keeping just one item (V (r = keep 1st)i and V (r = keep 2nd)i) differ be-
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tween bundle and single-item discounts. Under a bundle discount, Pb∗,1st = Pj,1st , which is

the original price of the first item in the basket, and similarly, Pb∗,2nd = Pj,2nd , the original

price of the second item. Conversely, in the case of a single-item discount, Pb∗,1st is priced

at (1−d j)Pj,1st , the discounted price, where d j represents the discount fraction for product

j. Consequently, the value derived from partially returning an item under a bundle discount

is always lower than that under a single-item discount. To gain a deeper understanding of

how customers decide whether to return products, we analyze their return options in Figure

3.1.

Figure 3.1: Return Decision of a Two-item Basket. This figure visualizes a customer’s decision-
making process at the return stage when she has purchased a two-item basket. For simplicity, we
assume that the customer’s price sensitivity αi = 1, and there is no complementarity or substitutabil-
ity between the two items. The red diagonal line represents the threshold at which consumer surplus
is zero; areas to the upper right of this line indicate positive surplus. “Keep 1” and “keep 2” de-
note the customer’s potential decisions to retain either the first or second item in the basket, based
on their respective valuations. Plot (3) offers a comparative view by overlaying Plots (1) and (2),
highlighting the differences in customer decision outcomes under varying valuations.

In Figure 3.1, the return stage valuations of item 1 and item 2 of a two-item basket

are plotted along the x-axis and y-axis, respectively. The total valuation for item 1 is

vi,1st + zi,1st , and similarly for item 2, it is vi,2nd + zi,2nd . We assume price sensitivity αi = 1

and no complementarity or substitutability between these two items for simplicity. Plot (1)

in Figure 3.1 illustrates the return options under a bundle discount. The diagonal line marks

the borderline where the consumer surplus of such a two-item basket equals zero under
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bundle discount. The surplus of a basket containing two items is the difference between

their combined valuation and the basket’s price, i.e., vi,1st + vi,2nd + zi,1st + zi,2nd − Pb∗ .

The pentagonal region in the top right quadrant indicates where customers are keeping

both items. For comparison, Plot (2) of Figure 3.1 represents the scenario of a single-item

discount. In this case, customers keep both items only if vi,1st +zi,1st ≥ 0 and vi,2nd+zi,2nd ≥

0. Notably, the regions indicating the keeping of only one item are larger than in the bundle

discount scenario.

Overlaying these two plots, as shown in Plot (3) of Figure 3.1, highlights the differ-

ences. The red diagonal line represents the threshold at which consumer surplus is zero

under bundle discount. The solid green area marks where customers keep more items

under a bundle discount, while the lined region indicates where they would retain more

items under a single-item discount. This visual comparison underscores that bundle dis-

counts excel in scenarios where the basket’s surplus is positive (to the upper right of the red

borderline), resonating with the established wisdom in the literature that bundle discounts

efficiently extract consumer surplus. The implication is clear: for bundles to be more effec-

tive than single-item discount in terms of reducing returns, they need to offer some room

for consumer surplus.

Return decision.

At the return stage, a customer’s decision is to select from the set of options as defined

in Eq. (3.1) for a one-item basket, or from the options in Eq. (3.2) for a two-item basket.

Combining with an idiosyncratic preference term ξir, the utility of a customer i choosing

return option r is:

uir =V (r)i +ξir,
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where ξir is distributed i.i.d. extreme value.

Given that a customer has already purchased basket b∗, the probability that her return

decision yi being option r∗ is then

p(yi = r∗|b∗,vi j,zi j, j ∈ b∗,vib∗,zib∗,αi) =
exp(V (r∗)i)

1+∑r exp(V (r)i)
. (3.3)

3.4.3 Purchase Stage Model

At the purchase stage, a customer’s decision-making process involves choosing whether

to place an order for a basket containing either one or two products, or to refrain from

making a purchase altogether. This decision is based on the utility the customer associates

with placing an order for basket b, which is expressed as:

uib = E[V (Basket)]ib + εib, (3.4)

where E[V (Basket)]ib refers to a customer’s expected value of purchasing basket b, and

εib is included to account for her idiosyncratic preference, which follows an i.i.d. extreme

value distribution.

The focus of the model is E[V (Basket)]ib, the expected value of purchasing this basket.

At the purchase stage, a customer evaluates the ultimate utility she might derive from using

the items in the basket, balancing this against her options to keep or return the items. This

consideration involves weighing the probabilities of choosing between the various return

options detailed in Section 3.4.2, and integrating the expected utilities from these potential

outcomes. The customer’s ability in comprehending the pricing details is inherently woven

into her decision-making process, influencing her purchase decision.
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One-item baskets.

For baskets containing only one item, bundle discounts do not apply to the purchases in

such baskets. The only possible discount is single-item discount. To be consistent with the

two-item basket case, we denote the item as “1st”, which is also the only item in basket b.

The expected value of placing such an order is calculated as follows:

E[V (Basket)]ib =E[V (keep 1st)ib|keep 1st]P(keep 1st)ib+

E[V (keep none)ib|keep none]P(keep none)ib,

(3.5)

where

V (keep 1st)ib = vib,1st + zib,1st −αiPb,1st ,

V (keep none)ib = 0,

and

P(keep 1st)ib = P(V (keep 1st)ib ≥V (keep none)ib)) = P(vib,1st + zib,1st −αiPb,1st ≥ 0),

P(keep none)ib = 1−P(keep 1st)ib.

In this scenario, the customer knows exactly the price Pb,1st , which is the amount she

pays at the time of purchase for this one item in the basket. Should the customer decide to

return the item, she is entitled to a full refund.
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Two-item baskets.

When a customer purchases items within a two-item basket b, the discount type –

whether it is a single-item discount or a bundle discount – plays a crucial role in deter-

mining the pricing implications for returns. With single-item discounts, the process is

straightforward: any returned items, whether one or both, are eligible for a full refund.

However, the dynamics change under bundle discounts. Here, returning just one item from

the bundle results in the loss of the bundle discount, meaning the customer must pay the

full price for the item retained. This creates a hidden cost of return for products bought

under bundle discounts, a factor that customers might not be fully aware of at the time of

purchase. In the subsequent discussion, we construct a model for the customer’s expected

utility of placing an order, taking into account of potential customer inattentiveness to price

details associated with bundle discounts.

The expected value of placing an order of a two-item basket can be articulated as fol-

lows:

E[V (Basket)]ib =E[V ′(keep)ib | keep]P(keep)ib+

E[V ′(keep 1st)ib | keep 1st]P(keep 1st)ib+

E[V ′(keep 2nd)ib | keep 2nd]P(keep 2nd)ib+

E[V ′(keep none)ib | keep none]P(keep none)ib,

(3.6)

where “keep” refers to keep both items in the basket, “keep 1st” refers to keep the 1st item

only and return the 2nd, “keep 2nd ”refers to keep the 2nd item only and return the 1st,

and “keep none” denotes the option to return both items.

The detailed expression of (3.6) is laid out in Appendix 3.10. Below, we focus on V ′(·),

the value of a return option when a customer anticipates it in the purchase stage. For the
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return options keep 1st or keep 2nd, V ′ does not necessarily equal to V , the return stage

options (as expressed in Eq. (3.1) and Eq. (3.2)) because of customers’ inattentiveness to

price details under bundle discount. For instance, consider a customer who purchases a

two-item basket b = {1st,2nd} at a bundle discount price Pb, and later thinks about to keep

the 1st item while returning the 2nd item. At the time of purchase, she may not be fully

aware that a partial return will necessitate paying the full price for the 1st item. The full

price of the 1st item might also be unclear at the point of sale as it is sold as part of a bundle.

However, upon reaching the return stage, the customer becomes fully aware of the actual

price she needs to pay for the item she retains. To reflect this, we define V ′(keep 1st), the

anticipated value of keeping only the 1st item, as:

V ′(keep 1st)ib = vib,1st + zib,1st −αiP′
b,1st = vib,1st + zib,1st −αi∆iPj,1st ,

where P′
b,1st denotes the price that the customer anticipated she would pay should she

choose to return item 2nd, and Pj,1st represents the full price of item 1st without a bun-

dle discount, which is what she needs to pay at the return stage, where P′
b,1st = ∆iPj,1st .

Intuitively, an inattentive customer may expect that under a bundle discount, she would

receive a full refund for any returned item, similar to the refund amount she would receive

with a single-item discount. This belief is represented in the model as P′
b,1st = (1−d j)Pj,1st ,

where d j denotes the depth of the discount for product j (for example, d j = 0.2 for a

20% discount). On the other end of the spectrum, the most attentive customer correctly

understands that P′
b,1st = Pj,1st , recognizing that a partial return under a bundle discount

would necessitate paying the full price for the retained item. However, most customers

likely fall somewhere in between these two extremes. They might be aware that the refund

scenario under a bundle discount differs from that of a single-item discount, but they may
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not precisely calculate the exact price. This intermediate understanding is modeled as

∆i = 1− (1−δi)d j,

where δi ranges from 0 to 1. The variable δi captures the level of attentiveness to price of

customer i, with 0 indicating complete inattentiveness and 1 representing full attentiveness.

Single-item discounts involve no complexity in pricing structure that would challenge a

customer’s understanding, so we fix δi to 0 when an order is placed under single-item

discount. Thus, the anticipated value of each return option as perceived by a customer at

the purchase stage can be represented as follows:

V ′(keep)ib = vib,1st + vib,2nd + vib + zib,1st + zib,2nd + zib −αiPb,

V ′(keep 1st)ib = vib,1st + zib,1st −αiP′
b,1st = vib,1st + zib,1st −αi∆iPj,1st ,

V ′(keep 2nd)ib = vib,2nd + zib,2nd −αiP′
b,2nd = vib,2nd + zib,2nd −αi∆iPj,2nd,

V ′(keep none)ib = 0.

From these expressions, it is evident that V ′(keep)ib =V (keep)ib and V ′(keep none)ib =

V (keep none)ib. This means the anticipated values for the options of keeping both items or

returning both items align with their actual values at the return stage, as there is no price am-

biguity in these scenarios. However, V ′(keep 1st)ib ̸=V (keep 1st)ib and V ′(keep 2nd)ib ̸=

V (keep 2nd)ib, indicating that the anticipated values for keeping just one item out of two

differ from their actual values due to customer inattentiveness under bundle discounts.

Purchase decision.

Each customer in our model makes her purchase decision by choosing from all the

products or product combinations available in the marketplace, or opting not to make a
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purchase at all. As setup in Section 3.4.1, a customer chooses from all the available basket

b’s, which contains one or two items. With the utility model expressed in Eq. (3.4), the

conditional probability that a customer i’s purchase decision xi is to buy basket b∗ is:

p(xi = b∗|vi j,zi j,vib,zib, j ∈ J,b ∈ B,αi,δi) =
exp(E[V (Basket)]ib∗)

1+∑b exp(E[V (Basket)]ib)
. (3.7)

The expected value of a basket, denoted as E[V (Basket)]ib, hinges on several key vari-

ables: the valuation at the purchase stage (v), the valuation update at the return stage (z),

and the attentiveness to pricing (δ ). Intuitively, this expected value increases with both the

purchase stage valuation and the return stage valuation update. For baskets purchased un-

der bundle discounts, the expected value diminishes with increased pricing attentiveness;

inattentive customers are prone to overvalue the basket as they may not recognize that

partial returns could affect the discounted price they initially received. In contrast, the ex-

pected value of baskets acquired via a single-item discount is not affected by attentiveness

to pricing, as there is no complexity involved in its price structure. Additional simulations

are performed to demonstrate the variations in the expected value of a basket based on

customers’ valuation and attentiveness, as well as to understand the resulting purchase and

return behaviors. The findings from these simulations are detailed in the Appendix 3.11.

3.5 Estimation

By estimating the structural model described in Section 3.4, our objective is to learn the

valuation parameters and the attentiveness parameter. Below, we first outline our maximum

likelihood estimation model, followed by identification and the Monte-Carlo Expectation

Maximization (MCEM) method employed to estimate the model’s parameters.
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3.5.1 Maximum Likelihood Estimation

In our model, customers are differentiated by their attentiveness to pricing details (δ )

and price sensitivity (α). We assume that customers’ valuations of products vary across

different categories, so we aim to estimate valuation distributions that are specific to each

product category.

In the market, there are K distinct product categories, denoted as k = 1, . . . ,K. For

any given product j that belongs to category k, we posit that its purchase stage valuation

by a customer follows a normal distribution: vik ∼ N(µvk ,σ
2
vk
). Similarly, the valuation

update for product j belongs to category k at the return stage is also assumed to follow

a normal distribution: zik ∼ N(µzk ,σ
2
zk
). In scenarios where a basket contains two items,

it is possible for a customer to derive additional value from the interaction between these

items. This valuation is hypothesized to vary depending on whether the items in the basket

are complements or substitutes. Specifically, we consider tops paired with tops or bottoms

paired with bottoms as substitutes, whereas a combination of a top and a bottom is viewed

as complements. Accordingly, there are two distinct distributions for interaction valuation.

Each interaction valuation distribution is thus expressed as vic ∼ N(µvc,σ
2
vc
), where c =C

or S, with C representing complements and S representing substitutes. Similarly, the inter-

action valuation update is expressed as zic ∼ N(µzc ,σ
2
zc
), where c = C or S. Furthermore,

we assume that the customer’s price sensitivity parameter, αi, follows a normal distribu-

tion: αi ∼ N(µα ,σ
2
α). For the customer attentiveness parameter, δi, we allow for a range

between 0 (fully inattentive) and 1 (fully attentive). This parameter is modeled using a beta

distribution for purchases made under a bundle discount, δi ∼ Beta(αδ ,βδ ). If a purchase

is made under a single-item discount, we simplify the model by setting δi to 0. To align

the reporting of this parameter with others in our model, we convert the beta distribution’s

shape parameters, αδ and βδ , into its mean µδ and standard deviation σδ .
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Let θ represent the model’s parameters. They are partitioned into: θvk , which governs

the distribution of valuation of product j at the purchase stage that belongs to category

k; θzk , which governs the distribution of valuation update at the return stage of product j

that belongs to category k; θvc , which governs the distribution of the valuation of a basket

belongs to category combination c at the purchase stage; θzc , which governs the distribution

of the valuation update of a basket a basket belongs to category combination c at the return

stage; θα , which governs the distribution of customers’ price sensitivity; θδ , which governs

the distribution of customer attentiveness level to price details. Together, θ = {θvk ,θzk ,∀k ∈

K,θvc,θzc,c =C or S,θα ,θδ}.

Given the observed purchase choices, {xi : i ∈ N}, and return decisions, {yi : i ∈ N}, we

obtain the maximum likelihood estimates:

θ
∗
MLE =θ L(xi,yi : i ∈ N | θ)

=θ

∫
∏
i∈N

p(xi|vik,zik,vic,zic,k ∈ K,c =C,S,αi,δi;θ) · p(yi|vik,zik,vic,zic,αi,b∗;θ)

· p(vik | θvk ,k ∈ K) · p(zik | θzk ,k ∈ K)

· p(vic | θvc ,c =C,S) · p(zic | θzc,c =C,S)

· p(δi | θδ ) · p(αi | θα)

·dv1 · · ·dv|K| ·dz1 · · ·dz|K| ·dvC ·dvS ·dzC ·dzS ·dδ1 · · ·dδ|N| ·dα1 · · ·dα|N|,

(3.8)

where the conditional likelihood of the purchase decision is provided in Eq. (3.7) and the

conditional likelihood of the return decision is expressed in Eq. (3.3).
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3.5.2 Identification

Our model expands on the typical identifiable discrete choice model by introducing val-

uation update parameters (θzk) that require distinct identification from the initial purchase

valuation parameters (θvk). The identification of the two groups of parameters relies on

leveraging the customers’ return decisions as an additional source of information beyond

the initial purchase decisions.

At the purchase stage, our model calculates the expected value of a basket. Here, a

customer knows her purchase stage valuation (vi j) but faces uncertainty regarding her valu-

ation update (zi j). Thus, the expectation calculation is centered around zi j. The formulation

of this expectation is detailed further in the Appendix 3.10. Conversely, in the return stage

model, the customer knows both vi j and zi j, which enter into her utility linearly as shown

in Eq. 3.1 and Eq. 3.2. By analyzing the combined purchase and return decisions observed

for each customer, we can identify θzk . Moreover, the parameters for complementarity or

substitutability (θvc and θzc) are identifiable because of the heterogeneity in basket size

across customers, i.e., we have customers who purchase a single item j1 and those who

buy both j1 and j2. The parameters θvc and θzc are relevant only in the latter scenario.

The parameters thus identified describe how an average customer would behave in terms

of purchase and return within such a market.

3.5.3 MCEM Algorithm

To calculate the maximum likelihood estimator θ
∗
MLE as detailed in Eq. 3.8, we employ

the Monte-Carlo Expectation Maximization (MCEM) algorithm. This algorithm serves as

an iterative computational solution for situations where direct maximization of the likeli-

hood function is infeasible. It involves a set of latent variables that bridge the parameters

we want to estimate the observed outcomes.
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The likelihood function described in Eq. 3.8 is defined jointly by the observed outcomes

{xi,yi : i ∈ N}, alongside the model’s latent variables {vik,zik,vic,zic,δi,αi, : i ∈ N,k ∈ K}.

The MCEM algorithm leverages this joint likelihood, considering the latent variables as

unobserved outcomes. For the sake of clarity within the algorithm’s context, we refer to the

observed data {xi,yi : i∈N} collectively as O and the latent variables {vik,zik,vic,zic,δi,αi :

i ∈ N,k ∈ K} as Y . We then define L(O,Y | θ) as the joint likelihood function of both O and

Y , evaluated at the parameter values θ , effectively capturing the essence of the likelihood

function.

Each iteration t of the algorithm updates a current parameter value that we label as θ t .

Specifically,

θ t+1 =θ EY |O,θ t [log L(O,Y | θ)]. (3.9)

Thus, each round of the algorithm chooses the next parameter value θ t+1 to maximize

a specially constructed expectation. Typically, in practice, the expectation is evaluated

through simulation. In this case,

θ t+1 =θ

B

∑
b=1

log L(O,Yb | θ), (3.10)

where the values of Yb, b = 1, . . . ,B, are drawn, by simulation, from the posterior distribu-

tion of the latent variables Y conditional on O and θ t .

In order to compute θ t+1, the algorithm first performs an E-step that samples such

Yb, b = 1, . . . ,B and constructs the objective function. Then, the M-step performs the max-

imization of Eq.3.10. The E-step and the M-step are iteratively performed until no signif-

icant changes are observed between iterations. This iterative refinement process ensures

that with each cycle, the parameter values θ t+1 inch closer to the maximum likelihood es-
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mean std. dev.
Price sensitivity (α) 0.07 0.02
Attentiveness (δ ) 0.39 0.04

Purchase stage (v) Return stage (z)
Valuations mean std. dev. mean std. dev.

Pants 22.08 4.62 4.05 2.37
Fashion pants 19.28 5.63 1.51 1.21
Polos 4.78 1.68 -0.74 0.31
Shirts 5.54 1.56 -0.23 0.25
T-shirts 2.13 1.41 -0.25 0.14
Substitutes 0.28 0.34 -1.41 0.30
Complements 1.53 0.30 3.24 0.20

Table 3.4: The reported distribution of the attentiveness parameter δ pertains specifically to cus-
tomers who made purchases under bundle discounts. The price sensitivity parameter α has been
estimated across the entire customer base in the market. Valuation parameters have been calculated
for each individual product category, as well as for the interactions occurring within a basket. In
this context, “substitutes” refer to baskets comprising two items that are either both tops or both
bottoms, whereas “complements” refer to baskets that include one top and one bottom.

timates, effectively optimizing the likelihood function based on both the observed data O

and the estimated distribution of the latent variables Y . The convergence of the algorithm

signifies that the parameter estimates have reached a level of stability, offering a reliable

set of parameters θ
∗
MLE that best describe the underlying data generation process within the

specified model framework.

3.6 Estimation Results

In this section, we present our estimation results derived from the structural model de-

tailed in Section 3.4. Our analysis reveals an interesting pattern in how customers update

their valuation of products at the return stage. For product categories that customers ini-

tially value higher than their sales prices at the purchase stage, there is a tendency for them

to positively update their valuation at the return stage. This positive evaluation update ren-

ders the purchase even more appealing. Conversely, in categories where customers initially
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have a lower valuation, they tend to adjust their valuation downwards at the return stage,

further diminishing the perceived value of the purchase. Additionally, a significant insight

from our findings is the generally inattentiveness to price details exhibited by customers.

This inattentiveness often results in customers inadequately accounting for the hidden costs

associated with partial returns, leading them to overvalue a bundle at the purchase stage.

Consequently, customer inattentiveness contributes to irrational purchasing decisions, with

implications for both sales and returns of a retailer.

The estimation results are presented in Table 3.4. The attentiveness parameter reveals

customers’ inattentiveness to price details, with δ averaging 0.39 (on a scale from 0 to 1).

While customers do consider potential future returns, our results suggest they generally

struggle with accurately calculating the exact price required for a partial return. Conse-

quently, they tend to overestimate the value of a bundle, which could lead to impulsive

purchases and, potentially, an increase in returns.

For product valuations, we estimate the distributions of both the purchase stage valua-

tion and the return stage valuation update for each product category k. We notice that the

means of the valuation updates post-purchase (z) are considerably smaller than those of the

initial valuations at the purchase stage (v). This observation suggests a relatively minor

shift in customer valuations after purchase, implying that changes in customer perceptions

post-purchase are not substantial. This phenomenon could be attributed to the nature of

the data collected from brick-and-mortar stores, where customers have the opportunity to

physically interact with and try on the products.

To further contextualize these results, we define a customer’s mean myopic surplus at

the purchase stage, µvk − µα p̄k, as a baseline. It represents the difference between the

mean purchase stage valuation of a customer and the mean price of a product category

p̄k, adjusted by the mean price sensitivity µα . As shown in Table 3.5, categories like

pants and fashion pants exhibit a positive mean myopic surplus, categorizing them as high
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Purchase stage Return stage Mean myopic surplus Surplus category
valuation mean valuation mean (µvk −µα p̄k)

Pants 22.08 4.05 11.27 High
Fashion pants 19.28 1.51 11.56 High
Polos 4.78 -0.74 -0.79 Low
Shirts 5.54 -0.23 -1.56 Low
T-shirts 2.13 -0.25 -0.82 Low

Table 3.5: The values of purchase stage valuation mean (µvk ), return stage valuation mean (µzk ), and
price sensitivity mean (µα ) are taken from Table 3.4. The average price of each category (p̄k) is the
mean price during the Markdown Season as documented in Table 3.2.

surplus categories. Conversely, categories such as polos, shirts, and T-shirts demonstrate

a negative mean myopic surplus, placing them in the low surplus categories. Intriguingly,

these classifications align with the mean return stage valuation updates: positive surplus

categories exhibit positive mean updates, while negative surplus categories show negative

mean updates. This pattern suggests a form of confirmation bias, where initial perceptions

at purchase may influence post-purchase feelings about the products.

In addition, we observed that the interaction valuation terms for baskets containing

either substitutes or complements are positive, albeit with substitutes showing a smaller

magnitude. This somewhat counterintuitive finding might stem from the increased likeli-

hood of customers noticing and purchasing items when they are from categories that are

bundled together, thereby accruing added value that supersedes their substitutive nature.

However, at the return stage, the substitutive characteristics emerge, negatively impacting a

basket’s net value. The relatively minor magnitudes of these interaction valuations suggest

that, while present, their impact on the overall value of a basket is limited.

3.7 Counterfactual Analysis

The estimation results in Section 3.6 uncovers significant potential for optimizing the

Retailer’s bundle offerings. Based on the estimated customer valuation parameters of each

118



product category, many current bundles fail to deliver a net surplus post-purchase, which

may induce customer returns. By redesigning bundles to simply ensure a positive post-

purchase net surplus, we project an increase in net sales quantity by 15.6%. Additionally,

there exists an opportunity for the Retailer to enhance customer attentiveness about pricing,

which our counterfactual analysis suggests could lower the return rate by 20.88% with little

impact on net sales.

For the Retailer, we propose a more comprehensive and flexible bundle discount strat-

egy that allows for within-category and cross-category bundling, provided that the mean

net surplus post-purchase is positive. It allows customer to freely choose a product from

the high surplus categories as shown in Table 3.5, and bundle it with any other products.

This approach creates bundles involving all categories, but deliberately avoiding the cre-

ation of bundles within or across low surplus categories like polos, shirts, or T-shirts. For

example, a bundle combining a pair of pants and a shirt would be acceptable, as would a

bundle of two pairs of pants, but a bundle comprising two shirts would not be considered.

A comparison between our proposed bundle strategy and the Retailer’s current approach is

illustrated in Figure 3.2, highlighting the discrepancy between current bundles and those

meeting our positive net surplus criteria.

Figure 3.2: Proposed bundles vs. Current bundles. The proposed bundle combinations are denoted
with black check marks, whereas the current bundle combinations are denoted with red check marks.
The current bundles are the same as those listed in Table 3.1.

Through our counterfactual analyses, we delve into comparing the sales and revenue

of our proposed bundle strategy against the Retailer’s current strategy, utilizing the single-
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Sales Net Sales Net Revenue Return Rates
Current bundles (change in %) -1.19 -0.69 -0.07 5.33
Proposed bundles (change in %) 15.50 15.61 12.58 -1.60

Table 3.6: The sales, net sales, and net revenue reported for the baseline case represent averages
derived from 10 trials, each involving 10,000 customers making purchase and return decisions.
The numbers provided are percent changes relative to those under single-item discount, where all
products are sold under discounted prices.

item discount as a benchmark for this comparison. The single-item discount serves as a

straightforward baseline, offering every product at a reduced price without necessitating

bundling as a prerequisite for the discount. The outcomes, including sales quantities, net

sales, net revenue post-returns, and return rates, are presented in Table 3.6. Our findings

indicate that the Retailer’s current bundle strategy slightly underperforms compared to the

single-item discount. This is unsurprising, given that the majority of current bundles have

low net surpluses. In contrast, our proposed bundle strategy leads to a 15.6% increase in

net sales quantity and a 12.6% increase in net revenue, accompanied by a 1.6% reduction in

the return rate. These results suggest that at the current level of customer attentiveness (δ ∼

N(0.39,0.04)), customers are discerning enough to understand the real value of bundles.

As a result, bundles that offer a post-purchase positive net surplus outperform the single-

item discount strategy.

Next, we examine the influence of attentiveness levels on purchase and return deci-

sions. To do this, we simulated customer behavior under two distinct scenarios: one where

customers are completely inattentive (δ = 0), meaning they assume products bought under

a bundle discount will still qualify for the discount even if they make a partial return, and

another where customers are completely attentive (δ = 1), fully aware of the refund amount

for partial returns. We use the completely inattentive scenario (δ = 0) as our baseline and

compare it with the estimated attentiveness level and the completely attentive scenario. The

results are detailed in Table 3.7.
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Strategy Estimated Attentiveness Full Attentiveness
(change in %) (change in %)

Sales Current bundle -0.43 -0.81
Proposed bundle -1.38 -2.63

Net Sales Current bundle -0.40 -0.56
Proposed bundle -0.04 -0.05

Net Revenue Current bundle -0.28 -0.43
Proposed bundle 0.34 0.37

Return Rates Current bundle -0.25 -2.08
Proposed bundle -10.75 -20.88

Table 3.7: The sales, net sales, and net revenue reported for the baseline case represent averages
derived from 10 trials, each involving 10,000 customers making their purchase and return decisions.
The numbers shown represent the percent changes relative to those under single-item discount as a
baseline. The baseline remains constant across varying levels of δ because purchases and returns
under single-item discount are independent of the attentiveness level.

We observe that the most attentive customer base tends to purchase 2.6% less than their

inattentive counterparts. However, this decrease is marginal (only 0.05%) when consid-

ering net sales. Moreover, the net revenue increases slightly by 0.37%. These positive

outcomes are attributed to a significant reduction in return rates, which drops by 20.88%

among attentive customers compared to inattentive customers. In the more realistic sce-

nario, where customers are neither completely inattentive nor entirely attentive, the return

rate can be reduced by 10.75%, with a 0.04% decrease in net sales but a 0.35% increase in

net revenue. This suggests that more attentive customers tend to keep higher-priced prod-

ucts, resulting in a more profitable customer base for retailers. Therefore, fostering a more

attentive customer base can not only significantly diminish return rates but also slightly

enhance net revenue, with minimal impact on net sales.

As discussed in Section 3.6, the primary influence on customers’ valuations of the Re-

tailer’s products stems from their initial valuations at the purchase stage, which is likely

attributed to the dataset originating from brick-and-mortar stores. In such settings, the tan-

gible experience of physically examining products likely informs these valuations. How-

ever, the net surplus of a basket is influenced by various factors, including a customer’s
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initial valuations at the purchase stage, their valuation updates at the return stage, and

the complementarity between items in the basket. In the context of online retail, the in-

herent uncertainty a customer faces regarding the products she acquires is expected to be

significantly higher compared to in-store purchases, thereby amplifying the impact of her

post-purchase valuation updates. This increased uncertainty accentuates the importance

of incorporating considerations of returns and customer attentiveness to pricing details in

devising a retailer’s discount strategy. The subsequent section will delve deeper into the im-

plications of these factors in retail environment where high level of valuation uncertainty

exists, highlighting their critical role in shaping effective discount strategies.

3.8 Simulations and Managerial Insights

The estimation results from Section 3.6 suggest that the Retailer’s customers gener-

ally exhibit smaller magnitude of post-purchase valuation updates compared to their initial

purchase-stage valuations. This could be attributed to the data originating from the Re-

tailer’s brick-and-mortar stores, where the tangible experience allows customers to better

assess and try products, potentially reducing the inclination to revise valuations after the

fact. Yet, the online shopping environment presents a different scenario, characterized by

greater uncertainty around the product’s attributes and how well they match personal pref-

erences, which can significantly affect product valuation post-purchase and lead to higher

returns.

In this section, we explore the impact of a retailer’s discount strategies on sales and net

sales quantities within retail environments characterized by a high degree of uncertainty.

Through the use of simulated generic product categories, we aim to ascertain the most

effective discount strategy, taking into consideration varying levels of customer attentive-

ness to pricing. Our analysis reveals that accounting for returns significantly changes a
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retailer’s choice of discount strategy. Moreover, customizing discount strategies to align

with customer attentiveness to pricing can notably improve overall sales performance. A

customer base inattentive to pricing details tends to generate higher sales volumes, while

a more pricing-attentive customer base is associated with increased net sales quantities.

Engaging with attentive customers also grants retailers the flexibility to devise bundle of-

ferings across a wider range of product categories, expanding to include products of lower

value that might otherwise be difficult to sell. Cultivating customers’ understanding of

pricing details and thereby increasing transparency of bundle pricing structure proves to be

beneficial for retailers.

Consider a hypothetical scenario where a retailer, drawing on historical sales data, has

calibrated its pricing to closely match customer valuations at the time of purchase for four

product categories: A, B, C, and D. However, the retailer faces a challenge in predicting

how customers’ valuations of these categories might shift after the purchase. To mirror this

situation, we assume that the retailer sets discounted prices to align with customers’ initial

valuations, yet remains uncertain about the post-purchase appeal of the product categories.

In our simulations, we explore three scenarios (Table 3.8) where customers experience

varying degrees of mean valuation update post-purchase, up to a 50% change from the ini-

tial product valuation. These scenarios are designed to minimize mean consumer surplus at

the purchase stage to nearly zero, allowing for a focused examination of how post-purchase

valuation updates influence consumer behavior. According to the model described in Sec-

tion 3.4, each customer independently determines her valuation (v) and valuation update (z)

for each potential one or two-item basket from the four categories. For clarity, we exclude

potential complementarity or substitutivity effects within baskets.

Our analysis of bundle discounts versus single-item discounts reveals the comparative

sales quantities under each strategy. With single-item discounts, all products are offered

at a reduced price. In contrast, bundle discounts apply only when customers purchase two
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Product Scenario I Scenario II Scenario III
Categories Balanced Updates Positive Updates Negative Updates

A +50% +50% 0%
B +25% +25% -12.5%
C -25% +12.5% -25%
D -50% 0% -50%

Table 3.8: Each percentage value represents the average change in customer valuation at the return
stage. For example, if the mean of the purchase stage valuation (v) is 80, then a +50% update implies
that the mean of valuation update (z) is 40. Conversely, a -25% update indicates that the mean of
valuation update is -20.

items from the specified categories within the bundle, without extending the discount to

individual item purchases. Items from categories not included in the designated bundle still

benefit from single-item discounts. For example, in the scenario involving an AB bundle,

a customer who buys any combination of two items from categories A or B is eligible for

the bundled discount. However, should they opt to purchase only a single item from either

category, the price reverts to its original rate. Meanwhile, items from categories C and D,

regardless of being purchased singly or in pairs, receive a single-item discount since they

fall outside the bundle’s scope.

We consider four different bundle designs: A, AB, ABC, and ABCD, and compare their

performances in terms of sales and net sales with respect to single-item discount. These

particular designs were selected based on the sequence of mean valuation updates, starting

with category A, which exhibits the highest update, and subsequently including additional

categories in order of decreasing mean valuation. These bundle discounts render the in-

cluded products less attractive compared to an overarching single-item discount strategy,

as single purchases of the bundled items are default to the original price.

Figure 3.3 demonstrates the most advantageous discount strategies for maximizing sales

and net sales quantities. Our analysis distinguishes between strategies suited for inattentive

and attentive customer bases, with varying responses to pricing intricacies. The shaded ar-

eas indicate which customer base – attentive or inattentive – exhibits greater sales volumes
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Figure 3.3: The three scenarios are detailed in Table 3.8. The labels represent discount strategies,
with A, AB, ABC, and ABCD referring to various bundle discount configurations and “Single-
item” referring to single-item discount. The discount strategies shown above represents the strategy
that provides the retailer with the highest sales or net sales quantities. Attentive customers are
fully attentive with δ = 1, whereas inattentive customers have δ = 0. The shaded areas in the
figure indicate which customer group – attentive or inattentive – generates higher sales or net sales
quantities in each scenario.

under each strategy. Further details on the underlying simulations are provided in Appendix

3.12. Generally, bundle discounts surpass single-item discounts in effectiveness, except in

scenarios with negative post-purchase updates. This finding confirms our earlier assertion

that bundle discounts are preferable when the post-purchase net surplus is non-negative.

Focusing on scenarios that bundle discount is the preferred over single-item discount

(balanced or positive updates), the choice of an optimal bundle strategy is influenced by

customer attentiveness. A comparison of sales versus net sales reveals that, a retailer makes

more sales with inattentive customers but makes more net sales with attentive customers.

This suggests that targeting inattentive customers may initially seem more profitable based

on sales alone; however, when returns are factored in, catering to a base of attentive cus-

tomers becomes more profitable.

In examining net sales more closely, the versatility of the optimal bundle appears to

hinge on customer attentiveness too. In scenario I (balanced updates), the comprehensive

ABCD bundle achieves the highest net sales increase among attentive customers, whereas

the AB bundle stands out for inattentive customers. Similarly, scenario II (positive updates)

identifies the ABCD bundle as the optimal choice for attentive customers, while the ABC

bundle fares best for inattentive ones. These results demonstrate that attentive customers
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can navigate complex pricing structures and discern true value. For retailers, this suggests

a tactical approach: with an attentive customer base, broader and more inclusive bundle

discounts can be offered, spanning a range of product categories with varying valuation

levels. Conversely, for an inattentive customer base, it is more beneficial to provide bundles

that focus on categories with higher inherent valuations, mitigating the potential for these

customers to overestimate the bundle’s value due to the complexity of the pricing structure.

The implication is twofold: attentive customers not only lead to higher net sales and

fewer returns, facilitating effective inventory management during sales seasons, but they

also enable retailers to design bundles that encompass lower-value categories, assisting in

the sale of products that might otherwise be difficult to sell. These findings suggest that

cultivating customer rationality in the retail setting, especially by improving price trans-

parency, can actually benefit the retailer.

3.9 Concluding Remarks

We examine how retailers should choose their discount strategy taking into considera-

tion of returns and customers’ inattentiveness to pricing. We find that returns significantly

influence the discount strategy a retailer should adopt. To effectively move inventory, a

retailer must account for both the ex-ante valuation that drives initial sales and the ex-post

valuation that influences returns. Central to managing this balance is understanding how

customers update their valuation post-purchase. We provide empirical evidence of a confir-

mation bias in customer behavior, suggesting that customers are likely to positively update

valuations for products they initially favored and negatively for those they did not.

The issue of customer inattentiveness to complex pricing structures emerged as a criti-

cal factor in determining a retailer’s discount strategy. Our empirical analysis indicates that

customers typically overlook intricate pricing details. Data from brick-and-mortar stores
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show that enhancing customers’ understanding of pricing can significantly reduce return

rates by 20.9% with only a minimal impact on net sales. Simulations further illustrate that

under high post-purchase uncertainty retail settings, attentive customers contribute more to

net sales than their inattentive counterparts. Furthermore, an attentive customer base per-

mits the retailer to offer a broader array of bundles, which can effectively include products

that are otherwise less appealing.

For retailers, this means that when the primary objective is to clear inventory, partic-

ular attention should be given to ex-ante customer valuations. In addition, when discount

strategies involve complex pricing structures, it becomes necessary to factor in the gen-

eral inattentiveness of customers. Our findings suggest a novel perspective on price trans-

parency: How the structure of pricing could inherently obfuscate full comprehension of the

customers and thus influence sales and returns. For retailers, cultivating customer attentive-

ness to pricing is a strategic move that can lead to better sales performance and inventory

management.

Online Supplement for “Smarter Bundles Need Smarter Customers”

3.10 Appendix I: Expression of Expected Value of a Two-item Basket

We provide the details of the expected value of a two-item basket in this appendix. As

stated in Eq. 3.6, a customer i’s expectation of the value of a two-item basket b is the

following:

At the purchase stage, a customer anticipates her valuation of the products and the

basket in the return stage and makes her purchasing decision. Her expectation of valuation
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of a order of basket b can be expressed as

E[V (Basket)]ib =E[V ′(keep)ib | keep]P(keep)ib+

E[V ′(keep 1st)ib | keep 1st]P(keep 1st)ib+

E[V ′(keep 2nd)ib | keep 2nd]P(keep 2nd)ib+

E[V ′(keep none)ib | keep none]P(keep none)ib,

(3.11)

where “keep” refers to keep both items in the basket, “keep 1st” refers to keep the 1st item

only and return the 2nd, “keep 2nd ”refers to keep the 2nd item only and return the 1st,

and “keep none” denotes the option to return both items.

In Eq. 3.11, we use V ′(·) to denote the value of the return options when a customer

anticipates it in the purchase stage. In particular, for each of the return options, we have:

V ′(keep)ib = vib,1st + vib,2nd + vib + zib,1st + zib,2nd + zib −αiPb,

V ′(keep 1st)ib = vib,1st + zib,1st −αiP′
b,1st = vib,1st + zib,1st −αi∆iPj,1st ,

V ′(keep 2nd)ib = vib,2nd + zib,2nd −αiPb,2nd = vib,2nd + zib,2nd −αi∆iPj,2nd,

V ′(keep none)ib = 0,

where ∆i = 1− (1− δi)d j. δi captures the level of attentiveness to price of customer i,

ranges from 0 to 1.

When making a purchase decision, a customer knows her valuation of the product vi j,

but she is uncertain about the valuation update zi j. Thus, the expectation of E[V (Basket)]ib
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is about zi j. The probability of keeping both items is:

P(keep)ib =P(V ′(keep)ib ≥ max(V ′(keep 1st)ib,V ′(keep 2nd)ib,V ′(keep none)ib))

=P(vib,1st + vib,2nd + vib + zib,1st + zib,2nd + zib −αiPb

≥ max(vib,1st + zib,1st −αi∆iPj,1st ,vib,2nd + zib,2nd −αi∆iPj,2nd,0))

=P(zib ≥ αi(Pb −∆iPj,1st)− vib,2nd − zib,2nd − vib,

zib,1st + zib ≥ αi(Pb −∆iPj,2nd)− vib,1st − vib,

zib,1st + zib,2nd + zib ≥ αiPb − vib,1st − vib,2nd − vib),

and the expectation valuation of keep both is

E[V ′(keep)ib | keep]

=E[vib,1st + vib,2nd + vib + zib,1st + zib,2nd + zib −αiPb | vib,2nd + zib,2nd + vib + zib ≥ αi(Pb −∆iPj,1st),

vib,1st + zib,1st + vib + zib ≥ αi(Pb −∆iPj,2nd),vib,1st + vib,2nd + vib + zib,1st + zib,2nd + zib ≥ αiPb]

=vib,1st + vib,2nd + vib −αiPb +E[zib,1st + zib,2nd + zib | zib + zib,2nd ≥ αi(Pb −∆iPj,1st)− vib,2nd − vib,

zib,1st + zib ≥ αi(Pb −∆iPj,2nd)− vib,1st − vib,zib,1st + zib,2nd + zib ≥ αiPb − vib,1st − vib,2nd − vib].
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The probability of keeping the first item only is:

P(keep 1st)ib = P(V ′(keep 1st)ib ≥ max(V ′(keep)ib,V ′(keep 2nd)ib,V ′(keep none)ib))

=P(vib,1st + zib,1st −αi∆iPj,1st

≥max(vib,1st + vib,2nd + vib + zib,1st + zib,2nd + zib −αiPb,vib,2nd + zib,2nd −αi∆iPj,2nd,0))

=P(zib,2nd + zib ≤ αi(Pb −∆iPj,1st)− vib,2nd − vib,

zib,1st − zib,2nd ≥ αi∆i(Pj,1st −Pj,2nd)− vib,1st + vib,2nd,

zib,1st ≥ αi∆iPj,1st − vib,1st),

and the expected value of keep first:

E[V ′(keep 1st)ib | keep 1st]

=vib,1st −αi∆iPj,1st +E[(zib,1st | zib,2nd + zib ≤ αi(Pb −∆iPj,1st)− vib,2nd − vib,

zib,1st − zib,2nd ≥ αi∆i(Pj,1st −Pj,2nd)− vib,1st + vib,2nd,zib,1st ≥ αi∆iPj,1st − vib,1st ].

The probability of keeping the second item only is:

P(keep 2nd)ib = P(V ′(keep 2nd)ib ≥ max(V ′(keep)ib,V ′(keep 1st)ib,V ′(keep none)ib))

=P(vib,2nd + zib,2nd −αiδiPj,2nd

≥max(vib,1st + vib,2nd + vib + zib,1st + zib,2nd + zib −αiPb,vib,1st + zib,1st −αi∆iPj,1st ,0))

=P(zib,1st + zib ≤ αi(Pb −∆iPj,2nd)− vib,1st − vib,

zib,2nd − zib,1st ≥ αi∆i(Pj,2nd −Pj,1st)− vib,2nd + vib,1st ,

zib,2nd ≥ αi∆iPj,2nd − vib,2nd)
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and the expected value of keeping the second item only:

E[V ′(keep 2nd)ib | keep 2nd]

=vib,2nd −αi∆iPj,2nd +E[(zib,2nd | zib,1st + zib ≤ αi(Pb −∆iPj,2nd)− vib,1st − vib,

zib,2nd − zib,1st ≥ αi∆i(Pj,2nd −Pj,1st)− vib,2nd + vib,1st ,zib,2nd ≥ αi∆iPj,2nd − vib,2nd].

Lastly,

E[V ′(keep none)ib | keep none]P(keep none)ib = 0

since the expected value of returning both items is zero.

3.11 Appendix II: Insights from Simulations of the Model

Building upon the model developed above, we aim to gain insights into customer pur-

chase and return behaviors through simulation exercises. Our simulations reveal that the

post-purchase net surplus of a basket is a critical determinant in the decision to purchase

and subsequently keep the products. Furthermore, when a retailer offers bundle discounts,

sales tend to increase in scenarios where customers display higher levels of inattentiveness

in the market. However, this increase in sales is often accompanied by a significantly higher

number of returns, which suggests that the benefit of increased sales due to inattentive cus-

tomer purchases may be offset by the corresponding rise in returns.

3.11.1 Expected Value of a Basket.

The expected value of a basket, E[V (Basket)]ib (expressed in Eq. (3.5) and Eq. (3.6))

largely determines a customer’s purchase decision. We analyze how it is influenced by
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factors such as a customer’s initial valuation (v), subsequent valuation update (z), and their

level of attentiveness (δ ). For simplicity, our analysis is limited to two products: Item 1

and Item 2. We examine the dynamics when Item 1 is constantly in the basket, and we

explore how the inclusion of Item 2 alters the basket’s expected value. This exploration

involves varying Item 2’s valuation and valuation update, as well as the customer’s level

of attentiveness. For the purposes of the simulation, we assume both Item 1 and Item 2

have an original price of p = 10. When purchased together, they are available at a bundle

discount price of 16. We fix a customer’s initial valuation of Item 1 at v1 = 8 and set her

valuation update as a random variable drawn from a normal distribution N(0,2).

In Figure 3.4, we illustrate how the expected value of the basket changes under three

different conditions: (1) varying v2, the valuation of Item 2, (2) varying the mean µ2 of

the valuation update z2 for Item 2, where z2 is drawn from N(µ2,2), and (3) varying δ ,

representing the customer’s level of attentiveness to price details. This analysis aims to

provide a nuanced understanding of how these variables interact and influence a customer’s

expected value of a basket, which determines her purchase decision.

Figure 3.4: Expected Value of a Basket (E[V (Basket]ib) under Bundle Discount.

In Plot (1) of Figure 3.4, we set z2 ∼ N(0,2) and δ = 1, indicating that the valuation

update for Item 2 has a mean of zero and customers are fully aware of price details. As
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illustrated in this plot, adding Item 2 to a basket would at least weakly increase its expected

value, which is intuitive because customers always have the option to return without incur-

ring any cost. As the valuation of Item 2 (v2) increases, so does the expected value of the

basket. In Plot (2), while keeping δ = 1, we introduce scenarios with positive and nega-

tive mean valuation updates. When the valuation update has a positive mean, the basket’s

expected value is consistently larger compared to the scenario with a zero-mean update.

Conversely, a negative mean valuation update results in a lower expected value of the bas-

ket. These observations affirm that the basket’s expected value heightens with increasing

product valuation, irrespective of whether this increase occurs at the purchase stage or the

return stage.

Plot (3) of Figure 3.4 explores how different levels of attentiveness (δ ) impact the ex-

pected value of a basket, under the condition that the mean valuation update remains zero.

Here, we find that the expected value curve for an inattentive customer (δ = 0) is consis-

tently higher across all valuations of Item 2 than that for an attentive customer (δ = 1).

This suggests that an inattentive customer tends to ascribe higher value to the basket than

an attentive customer, making her more inclined to proceed with the purchase.

These simulations on the expected values of baskets play a crucial role in determining

a customer’s likelihood of purchasing a basket or exiting the market without a purchase.

In the subsequent section, we will conduct further simulations to demonstrate how these

expected values translate into actual purchase and return behaviors.

3.11.2 Impact of Customer Inattentiveness on Purchases and Returns.

We analyze sales and return quantities under our model and compare the performance

of bundle discount with single-item discount in terms of sales and net sales. As shown in

Section 3.11.1 above, both a higher product valuation (v) and a higher return stage valuation
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update (z) lead to a higher expected value of a basket, which leads to a higher probability

of purchases. As v and the realized z go linearly into a customer’s return decision, it is

also apparent that higher v and z will lead to less returns. However, the influence of cus-

tomer attentiveness (δ ) on purchase and return behavior is more nuanced and merits closer

examination. We explore this aspect under varying levels of valuation update z.

We find that customer attentiveness is a key determinant in both purchase and return

decisions. While customers may initially be drawn to two-item baskets under bundle dis-

counts, they reevaluate and recognize the true value of their purchase at the return stage.

Interestingly, despite higher sales volumes observed with less attentive customers, the net

sales – accounting for returns – align closely with those involving more attentive customers.

This suggests that the perceived benefit of increased sales from inattentiveness behavior is

offset when considering the impact of returns, highlighting a critical factor that retailers

need to consider in designing discount strategies.

In these simulations, we consider a market scenario with a single product priced at

p = 10. The retailer introduces a bundle discount: purchasing two units of this product in

one order costs 16, effectively a 20% discount for buying two. However, if a customer buys

just one item, the price remains p = 10. Customers’ valuations of the product are modeled

as independent and identically distributed draws from a normal distribution, v ∼ N(8,2).

Additionally, their post-purchase valuation updates are drawn from another independent

and identically distributed normal distribution, z ∼ N(µz,2). We allow µz to range from -

50% to 50% of the mean of v to assess the impact of attentiveness under different scenarios

of customer return stage valuation update.

At the purchase stage, customers have three options: to buy one item, to buy two items

(thus benefiting from the bundle discount), or not to buy at all. Opting not to buy is assumed

to yield a surplus of 0. During the return stage, customers re-evaluate their surplus for

each item by factoring in their valuation updates, which can differ between the two items
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purchased. For comparative purposes, we also simulate a scenario where a single-item

discount of 20% reduces the individual product price to 8. The valuation distributions and

the prices are designed to mirror retail situations where pricing strategies aim to extract

extra consumer surplus at the time of purchase. Consequently, in our simulations, positive

post-purchase valuation updates lead to positive surpluses, while negative updates result in

negative surpluses, allowing us to explore the effects of various consumer post-purchase

valuation scenarios.

Our investigation is particularly focused on whether the presence of attentive customers

(δ = 1) versus inattentive customers (δ = 0) leads to discernible differences in the effec-

tiveness of bundle discount strategies. As the distribution of customer valuation updates is

less predictable in reality, we are also keen to investigate how varying the mean valuation

update (µz) alters customer decisions. It is noteworthy that in scenarios with single-item

discounts, customer attentiveness level remains constant and does not affect purchase or

return decisions. Thus, we use single-item discount as the baseline to examine the perfor-

mance of bundle discounts in terms of both sales and net sales.

Figure 3.5 visualizes the results of our simulation analysis. The blue shaded areas in the

first two columns represent the conditions under which a retailer experiences higher sales

(first column) and net sales (second column) with bundle discounts compared to single-item

discounts, suggesting that the bundle discount is the superior strategy in these regions. The

third column illustrates return volumes, with the blue area indicating a higher number of

returns resulting from the bundle discount than from the single-item discount. This column

is instrumental in elucidating the shift from the blue/red regions in the sales column to the

red/blue regions in the net sales column, offering insights into how return volumes influence

the overall efficacy of the discount strategies.

Upon examining Figure 3.5, it is clear that a retailer’s optimal strategy can differ

markedly when focusing on net sales instead of just sales, as shown by the contrast be-
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Figure 3.5: Bundle Discount vs. Single-item Discount. The charts displayed visualize the compar-
ative performance of bundle discounts against single-item discounts, examining sales quantities, net
sales, and return volumes. The axes of each plot correspond to the valuation updates for two items
of the product. Scenarios with varied post-purchase valuation updates z ∼ N(µz,2) were simulated,
where the mean update µz spans from -50% to +50% of the initial purchase stage valuation mean
µv. Each scenario represents the behavior of 10,000 simulated customers as they navigate through
purchase and return decisions, contingent on their attentiveness levels.

tween the first and second columns. Additionally, the comparison between the behaviors of

inattentive and attentive customers indicates that customer base attentiveness significantly

affects the retailer’s choice of superior strategy. When considering sales alone, the bundle

discount is favored for inattentive customers across all scenarios. For attentive customers,

however, the bundle discount is preferable only in scenarios with positive mean valuation

updates for both items.

When analyzing net sales, which take returns into account, the disparity in behavior

between attentive and inattentive customers narrows. This pattern suggests that inatten-

tive customers tend to return more products, especially when faced with negative valuation

updates, ultimately resulting in net sales volumes that are similar to those of attentive cus-

tomers. Yet, upon closer inspection, differences still persist between attentive and inatten-

tive customers. For inattentive customers, a non-negative post-purchase surplus is sufficient

for bundle discounts to outperform single-item discounts. In contrast, attentive customers
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demand a positive post-purchase surplus for the bundle discount to be considered the supe-

rior strategy.

The simulation exercises conducted in this section demonstrate two critical factors for

the effectiveness of bundles as a discount strategy in terms of enhancing net sales. Firstly,

constructing bundles that offer customers non-negative post-purchase net surpluses. Such

surpluses make bundles more appealing and increase the likelihood of customers opting to

keep them at the return stage. Secondly, by ensuring that customers understand the price

tags of bundle discounts, retailers can significantly reduce the volume of returns.

The simulations presented in this section highlight two key elements that contribute

to the success of bundle discounts as a strategy to improve net sales. First, the creation of

bundle offers that result in non-negative post-purchase net surpluses for customers is essen-

tial. These positive surpluses enhance the appeal of bundles and raise the probability that

customers will choose to retain their purchases rather than return them. Second, retailers

can benefit from having more attentive customers. By providing clear and comprehensi-

ble pricing information for bundle discounts, retailers can substantially decrease product

returns with little impact on sales.

In the upcoming section, we will return to the sales and return data from the Retailer to

address a series of empirical questions. We aim to determine the sources of consumer post-

purchase surpluses: Are they primarily derived from the initial purchase stage valuation,

from the valuation updates at the return stage, or from the complementary values between

bundled products? Additionally, we seek to ascertain the typical level of customer atten-

tiveness to prices in a real-world fashion retail context. Understanding these aspects will

provide valuable insights into customer behavior and help the design of discount strategies.
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Figure 3.6: Quantities Sold under Bundle Discounts Compared to Single-item Discount. The
numbers displayed are the percentage change in quantity of each bundle discount relative to that
under single-item discount.

3.12 Appendix III: Simulations with Generic Categories

Our simulations were conducted across three scenarios as described in Table 3.8, each

consisting of 10 trials with 10,000 simulated customers making purchasing and returning

decisions. The standard price for each product category was set at $100 with a correspond-

ing discount price of $80. The initial valuation at the purchase stage for each customer

was independently drawn from a normal distribution v ∼ N(80,202). The post-purchase

valuation update was similarly drawn from a normal distribution z ∼ N(µz,102), with the

mean µz varying according to the product category, as elaborated in Table 3.8. For clarity,
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no complementarity or substitutivity is considered. The parameter δ denotes the level of

customer attentiveness to pricing, with δ = 1 for fully attentive customers and δ = 0 for

those who are completely inattentive.

Figure 3.6 displays the results of simulations analyzing a retailer’s sales and net sales

under different discount strategies with attentive and inattentive customer bases. The opti-

mal strategy in each plot is summarized in Figure 3.3.
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