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The retail landscape is undergoing a profound transformation driven by technological ad-
vancements, changing consumer behaviors, and intensifying competition between online and
offline channels. This dissertation explores three critical aspects of this evolving ecosystem:
leveraging spatiotemporal data for strategic decision-making, forging partnerships between
physical retailers and e-tailers for consumer returns, and harnessing crowd wisdom in the
crowdfunding context. Chapter 3 employs tensor completion methods to estimate the treat-
ment effect of deploying smart vending machines across various urban settings, demonstrat-
ing the superiority of this approach over traditional causal inference techniques. Chapter 4
investigates the impact of a returns partnership between a physical retailer and an e-tailer
on their demand-side competition, revealing conditions under which both firms can benefit,
but consumer surplus may decrease. Chapter 5 examines how atypical idea combinations
on crowdfunding platforms influence project success, identifying an optimal balance between
familiarity and novelty. Collectively, these chapters contribute to the literature on retail
strategy, data-driven decision-making, and platform economies, offering valuable insights for

firms navigating the complex and dynamic retail ecosystem.
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Chapter 1

INTRODUCTION

The retail industry is in the midst of a profound transformation, shaped by the rapid
growth of e-commerce, the proliferation of data, and the blurring of boundaries between
online and offline channels. As firms strive to adapt and compete in this evolving landscape,
they must harness the power of data, forge strategic partnerships, and leverage the wisdom

of crowds to gain a competitive edge.

This dissertation comprises three essays that explore critical aspects of the modern retail
ecosystem. Chapter 3, "Impacts of Smart Vending Machines in Different Urban Settings:
Tensor Completion with Spatiotemporal Data," investigates how firms can leverage high-
dimensional, spatiotemporal data to make strategic decisions. By applying advanced tensor
completion methods to estimate the treatment effect of deploying smart vending machines
across various urban settings, this chapter demonstrates the superiority of this approach
over traditional causal inference techniques and highlights the importance of data-driven
decision-making in optimizing retail operations.

Chapter 4, "Frenemies in the Retail Market: A Partnership Between a Physical Retailer
and an E-tailer for Consumer Returns," examines the impact of a returns partnership between
a brick-and-mortar retailer and an online retailer on their demand-side competition. By
developing an analytical model, this chapter reveals the conditions under which both firms
can benefit from such a partnership, but also uncovers a potential trade-off between retailer
profitability and consumer surplus. This research contributes to the growing literature on

omnichannel retailing and the strategic interactions between online and offline players.

Chapter 5, "Afraid of Niche, Tired of Mass: Atypical Idea Combination on Crowdfunding

Platform," explores how the combination of familiar and novel elements in project ideas



influences success on crowdfunding platforms. By analyzing a large dataset from a leading
crowdfunding website, this chapter identifies an optimal balance between familiarity and
novelty that maximizes project funding. This research sheds light on the role of crowd
wisdom in shaping the success of new ventures and contributes to the literature on platform
economies and innovation.

Collectively, these three chapters provide valuable insights into the evolving retail ecosys-
tem, highlighting the importance of spatiotemporal data, partnerships, and crowd wisdom
for strategic advantage. The findings have significant implications for retailers, e-tailers, and

platform operators seeking to navigate the complex and dynamic landscape of modern retail.



Chapter 2
LITERATURE REVIEW

This chapter provides an overview of the existing literature relevant to the methodologies
and topics addressed in this paper. We begin by examining the intersection of econometric
and machine learning techniques for causal inference in panel data settings. We then explore
the dynamics of online-offline partnerships. And next we discuss atypicality in crowdfunding

projects.
2.1 Casual Inference using Tensor Completion

The estimation of causal effects from observational data is a fundamental problem in many
disciplines, including economics, statistics, and machine learning. In panel data settings,
where units are observed across multiple time periods, a key challenge is to impute the missing
potential outcomes for treated units had they not received treatment. This literature review
explores several approaches to tackling this problem, focusing on the connections between
econometric methods for causal inference and machine learning techniques for matrix and
tensor completion. By examining these links, we lay the groundwork for the novel tensor
completion methodology developed in this paper, which aims to unify and generalize existing

approaches to estimating causal effects from panel data.

2.1.1 Unconfoundedness and Synthetic Controls

The unconfoundedness or selection on observables approach (Rosenbaum and Rubin 1983,
Imbens and Rubin 2015) assumes that treatment assignment is independent of potential
outcomes conditional on observed pre-treatment covariates and outcomes. In a panel data

setting, this implies using control units with similar pre-treatment outcome trajectories to



impute the missing potential outcomes for treated units (Athey et al. 2021). In practice,
this approach is often implemented by regressing post-treatment outcomes of control units
on their pre-treatment outcomes, and using that model to predict counterfactuals for treated
units.

In contrast, the synthetic control method (Abadie and Gardeazabal 2003, Alberto Abadie
and Hainmueller 2010, Abadie et al. 2015) constructs a weighted average of control units
designed to match the pre-treatment outcomes of a treated unit. The weights are chosen so
that the weighted combination of control units closely tracks the treated unit’s pre-treatment
outcome trajectory. The post-treatment outcomes of this “synthetic control" unit serve as
the counterfactual for the treated unit.

The two methods also tend to be applied in different data configurations - unconfounded-
ness with many treated and control units but few time periods, and synthetic controls with

few treated units but many pre-treatment time periods.

2.1.2  Matriz Completion

An emerging literature connects these approaches to causal inference to matrix completion
techniques. With panel data, one can view the causal inference problem as filling in the
missing entries of the potential outcomes matrix, assuming it is low-rank plus noise (Athey
et al. 2021).

The econometrics literature on interactive fixed effects (Bai and Ng 2002, Bai 2009, Xu
2017) models the outcome matrix as a combination of covariates, time-varying coefficients,
unit and time fixed effects, and a low-rank matrix of unobserved factors. Estimation typically
fixes the number of factors. Xu (2017) extends this to causal inference under restrictions on
the treatment assignment mechanism.

In the machine learning and statistics literature, the matrix completion problem aims to
impute missing entries of a low-rank matrix (Candeés and Recht 2009, Candes and Plan 2010,
Mazumder et al. 2010). Regularization, such as the nuclear norm penalty, is employed to

encourage low-rankness without specifying the rank a priori. However, most work assumes



missing data is uniformly random.

Athey et al. (2021) draw connections between these literatures. They show that un-
confoundedness, synthetic controls, and matrix completion methods can all be framed as
minimizing the same least squares objective function, but differ in their restrictions or reg-
ularization on the underlying factor model. They propose a nuclear-norm regularized esti-
mator that encompasses and generalizes these approaches. Their estimator adapts flexibly
to different data configurations and outperforms unconfoundedness and synthetic controls in

simulations.

2.1.8 Tensor Completion

Low-rank tensor completion has been widely used for estimating missing values in three-
dimensional data, such as visual data (He and Atia 2021), seismic data (Kreimer et al.
2013), and traffic data (Chen et al. 2021). Tensor completion extends the matrix comple-
tion problem to higher-order arrays, aiming to impute missing entries of a low-rank ten-
sor from a subset of its observed entries. Tensor factorization models, which decompose a
tensor into a combination of lower-dimensional factors, are commonly used to capture the
low-rank structure (Kolda and Bader 2009). Popular tensor decompositions include CAN-
DECOMP/PARAFAC (CP), Tucker, and tensor train (TT) models.

Early tensor completion algorithms adopted convex relaxation approaches based on min-
imizing the tensor nuclear norm (Liu et al. 2013, Signoretto et al. 2011), generalizing tech-
niques from compressed sensing and matrix completion. However, computing the tensor
nuclear norm is NP-hard for general tensors (Friedland and Lim 2016).

More recently, many tensor completion algorithms optimize factorization models directly,
often using alternating minimization schemes. For the CP model, Acar et al. (2011) proposed
a weighted least squares approach called CP-WOPT. For the Tucker model, an alternating
least-squares approach called Higher-Order Orthogonal Iteration (HOOI) has been widely
used (Filipovi¢ and Juki¢ 2015, Karlsson et al. 2016). TT-based methods have also been de-

veloped (Yuan et al. 2019). While these techniques work well empirically, global convergence



guarantees are often lacking.

Another line of work establishes recovery guarantees for tensor completion under inco-
herence assumptions. Jain and Oh (2014) gave an alternating minimization method that
provably recovers tensors whose factors are incoherent. Barak and Moitra (2022) showed the
tensor nuclear norm can be approximated by a sum of matrix nuclear norms. Xia and Yuan
(2020) proposed a Riemannian gradient descent method over the tensor train format and
provided local convergence guarantees. However, these approaches still lack global optimality
guarantees and can be computationally expensive.

Some recent works aim to bridge this gap between theory and practice. Cai et al. (2022)
proposed a fast non-convex algorithm that provably completes tensors with near-orthogonal
factors. Liu and Moitra (2020) introduced a provable alternating minimization method for
tensor completion, analyzing its convergence under incoherence assumptions on the tensor
factors. However, strong global guarantees, especially for tensors with highly correlated

factors, largely remain an open problem.
2.2 Online-Offline Partnership

Our study is mainly related to three streams of literatures: (i) consumer return, (ii) consumer
learning and product information disclosure, and (iii) supply chain contracts. In this section,
we briefly discuss the relevant works in each stream and then highlight our contributions with

respect to those studies.

2.2.1 Consumer Return

There is a wealth of literature that explores various aspects of customer returns in the retail
industry. Shulman et al. (2009) develop analytical model that describes how consumer pur-
chase and return decisions are affected by a seller’s pricing and restocking fee policy. They
find that it is impossible to eliminate returns costlessly through the provision of information
but re-turns could still be part of the optimal product sales process. In the case of multi-

channel retailers, Ofek et al. (2011) demonstrate that an online channel can help increase



investment in store assistance levels and decrease profit, when differentiation among com-
peting retailers is not too high. Anderson et al. (2009) empirically show that there are large
increases in demand when the option value is large using a structural model for consumer’s

decision to purchase and return a product.

2.2.2  Consumer Learning about Product Information

There is a large amount of literature regarding information disclosure and learning in om-
nichannel. On the modeling side, Hao and Tan (2019) investigate a retailer’s and a supplier’s
incentive to facilitate information disclosure under the agency pricing model and the whole-
sale pricing model and find that information disclosure facilitation has a different interplay
with the two models. Sun (2011) investigates how do multiple attributes of a product jointly
determine a seller’s disclosure incentives. He finds that monopolist in equilibrium does not
always choose disclosure. Kwark et al. (2014) show the effect of online product reviews on
different players in a channel structure. They find that quality information homogenizes con-
sumers’ perceived utility differences. It intensifies the upstream competition but benefits the
retailers. Fit information heterogenizes consumers’ estimated fits. It softens the upstream
competition but hurts retailers. Moreover, Gao and Su (2017) show physical showrooming
may cause retailers to reduce store inventory, and virtual showrooming may increase online
returns and hurt profits. On the empirical side, Bell et al. (2018) demonstrate how show-
rooming benefit the two most basic retail objectives: demand generation and operational
efficiency using quasi-experimental data. They find that show-rooming increase demand
overall; generate operational spillovers to the other channels; improve overall operational
efficiency; and amplify demand and operational benefits with customers who have acute
need. Kumar et al. (2019) use customer-level data to estimate the effect of store presence
on the online purchase behavior of its existing customers. They find that the retailer’s store
openings promote sales from existing customers.

Balakrishnan et al. (2014) characterize the conditions that consumers will do showroom-

ing. They show that consumer showrooming intensifies the competition between a physical



retailer and an e-tailer, and eventually hurts both firms’ profits. Mehra et al. (2018) demon-
strate that showrooming is detrimental to the profits of the brick-and-mortar stores. They
study price matching and find that with an increase in the fraction of customers who seek
price matching, the store’s profits initially decrease and then increase. For exclusivity of
product assortments strategy, their analysis suggests that, when the product category has
few digital attributes, implementing exclusivity through store brands is better than exclu-
sivity through known brands. Also, showrooming intensifies competition and lowers both
firms’ profits, thus hurt the physical retailer when consumers’ search cost is not sufficiently
high (Jing 2018). When webrooming interacts with showrooming, the webrooming behavior
might increase both the physical retailer’s and the e-tailer’s profit as it partially resolves

consumers fit uncertainty.

2.2.3 Supply Chain Contracts

In the extensive body of research surrounding supply chain contracts, our study is particularly
relevant to those that explore how shifts in consumer purchasing behavior impact firms’
profits and strategies within distribution channels operating under either wholesale or agency
contracts. Su (2009) demonstrates that allowing product returns can distort supplier and
retailer strategies under common supply chain contracts, affecting channel coordination. To
address this, the author proposes a new coordination strategy that accounts for consumer
returns. Yue and Raghunathan (2007) investigate the impact of full returns policies, finding
that while the retailer always benefits, the manufacturer and supply chain may sometimes
suffer. Kwark et al. (2014) examine how the informativeness of online product reviews
influences the profits of a retailer and two competing manufacturers in a wholesale contract
distribution channel. Hao and Fan (2014) explore the effects of consumers’ complementary
consumption of e-books and e-readers on the profits of a publisher, who earns revenue from
both e-book and physical book sales, and an e-tailer, who profits from e-book and e-reader
sales, under both wholesale and agency contracts. Kwark et al. (2017) show that a retailer

can benefit more from informative online product reviews by switching from an agency to



a wholesale contract with two competing manufacturers. Hao and Tan (2019) reveal that
suppliers and retailers may have conflicting interests regarding facilitating consumer learning
about product fit, with the nature of this misalignment depending on whether the supply

chain operates under a wholesale or agency contract.
2.3 Atypicality in Crowdfunding

Multiple factors determine the success of a crowdfunding project. Researchers usually ap-
proach this question from two perspectives, intrinsic and extrinsic. Extrinsic factors include
social network, geographic locations (Mollick 2014), scarcity strategy (Yang et al. 2020), cam-
paign design (Chakraborty and Swinney 2021), information control level (Lin et al. 2021,
Burtch et al. 2016), and founder race (Younkin and Kuppuswamy 2018), etc. Though many
extrinsic factors have been observed and thoroughly investigated, the intrinsic factors re-
main underexplored. The intrinsic factors are associated with the quality of the projects.
Researchers have suggested that high-quality signals can improve crowdfunding performance
(Chakraborty and Swinney 2021). However, little work has sought to directly understand
how the quality of crowdfunding projects affects their success due to the intangible nature
of the quality feature. Creativity, one of the most important aspects of a crowdfunding
project’s quality, receives even less attention.

Therefore, the second stream of literature we contribute to is idea generation and creativ-
ity. Campbell (1960) first applies Darwinism to creative cognition. Idea combination as an
essential part of “Blind variation” provides a cognitive view of idea generation. Later in cog-
nitive psychology, the Geneplore model proposed by Finke et al. (1992) considers creativity
iterative and alternating between the generative process and exploratory process. People
prepare pre-inventive structures, which can be imagined as seeds of ideas in the first phase.
Then these structures are analyzed, interpreted and combined to form new ideas. In some
studies, researchers use creativity as a general concept without further definitions (Kornish
and Jones 2021). In our context, we define creativity as a good balance between familiarity

and atypicality (Toubia and Netzer 2017). In Table 2.1, we summarize the papers studying
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this topic. We advance prior studies in multiple important ways.
Table 2.1: How the current paper advances prior studies
Context Study Content Similarity Interpretable  Model Com- Across Prod- Underlying Audience Audience
Analysis Network Innovation parison uct Cate- Mechanisms Sentiment Behavioral
Classification gories Analysis Sequence
Analysis
Crowdfunding The Current Study v v v v v v v
Chan  and  Parhankangas v
(2017)
Taeuscher et al. (2021) v
Wei et al. (2022) v v
Scientific Research ~ Uzzi et al. (2013) v
Foster et al. (2015) v
Wang et al. (2017) v
Patent Youn et al. (2015)
Fleming (2001) v v
Zhang et al. (2019) v v
Ideation Tasks Stephen et al. (2016) v v
Toubia and Netzer (2017) v v
Music Berger and Packard (2018) v
Askin and Mauskapf (2017) v
Motion Pictures Wei (2020) v v
Social Identity Chan et al. (2012) v
Product Design Schnurr (2017) s v

Though Wei et al. (2022) propose to use the proportion of singletons in the focal prod-

uct’s similarity network to simulate the atypicality of idea combination, the proportion itself

is hard to interpret. Furthermore, it could be questioned why only singletons are considered

atypical elements, given that small-sized clusters are also not commonly observed in main-

stream ideas. Wang et al. (2017) employ cosine similarity to measure the novelty level of

scientific research, then assigned them into three groups based on novelty scores. Using sim-

ilarity scores can lead to ambiguity in terms of what the threshold of novelty is in a different

scenario. Schnurr (2017) circumvent the question by using Amazon Turk to manually distin-
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guish between typical and atypical design. In conclusion, prior studies have limitations from
different perspectives. Both Wang et al. (2017) and Wei et al. (2022)’s approaches are valid
in their respective contexts. However, there is still value in improving the interpretability
of atypicality measures for broader applications. In addition, using only singletons instead
of small-sized clusters, as Wei et al. (2022) do, can dilute the measurement of atypicality.
Schnurr (2017)’s approach is static and hard to be automated in a large-scale setting. Con-
sequently, there is a pressing need for a more robust and nuanced definition of atypicality.
We propose a paradigm that follows the way how ideas are combined that can be easily
interpreted and readily applicable to other contexts. Our proposed method also survives

different robustness checks and shows a prominent effect with all outcome metrics.

Atypicality has usually been regarded as a one-side problem in prior research. Specifi-
cally, researchers learn from the perspective of initiators, but rarely from how the audience
perceives the ideas. However, how well customers adopt atypicality is of great empirical
implications. Yet the underlying mechanisms of atypicality in crowdfunding success from
the audience’s perspective have been understudied. To our knowledge, only two previous
studies broadly relate to the topic of users’ perception of atypicality. Fleming (2001) studies
how recombination affects the usefulness and uncertainty of patents. He uses the dispersion
parameter, i.e. variability of citations to measure uncertainty and mean of citations for use-
fulness. However, low variability does not necessarily implies low uncertainty. Customers
may avoid products that are associated with high levels of uncertainty, leading to a combina-
tion of low mean and low variability in the demand for such risky products. Similarly, high
citation indicates popularity rather than usefulness. This is especially true on crowdfunding
platforms, where people fund projects about video games, food, or even movies. Popularity
does not guarantee usefulness. Schnurr (2017) expand the study to how perceived interest-
ingness and functionality are influenced by typical or atypical product designs. But their
definition of atypicality is not based on idea combination. Instead, they artificially identify
atypical designs. We fill this gap by implementing sentiment analysis on donors’ comments

and tracking donors’ sequential behaviors after classifying projects based on their idea com-
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bination types. We also conduct analysis across product types, which further testifies to the

uncertainty theory.

2.3.1 Theoretical Background

Compared to typical products, atypical ones are usually more appealing. Maslow (1943) pro-
poses the famous hierarchy of needs theory that describes a progression of needs that motivate
individuals. Creativity and self-expression belong to the highest level of self-actualization.
In other words, people have a fundamental need to be recognized for their unique qualities
and talents. This need is met by niche products, which offer an opportunity to express
oneself and stand out from the herd. Later, Berlyne (1970) further testify to the appealing
effect of novelty by increasing people’s evaluation. He demonstrates that people’s evalua-
tion is mediated by their cognition of pleasingness and interestingness. More empirical
studies also find evidence for this claim. Yang and Smith (2009) argue that by increasing
persuasive and emotional effects, creative ads exert more influence on consumers. Landwehr
et al. (2013) show that the typical car design loses appeal in the long run, whereas atypical
design gains more attention. Berger and Packard (2018) point out that songs with lyrics
more differentiated from their genres are more popular.

Though psychological researchers support this favorable view of novelty, people have long
been perplexed by the observation that organizations, scientific institutions, and decision-
makers frequently reject new ideas (Staw and Cameron Ford 2004). Noseworthy and Trudel
(2011) find that consumers struggle to make sense of incongruent products, essentially atyp-
ical products. As a result, atypicality negatively affects their adoption of the product. This
negative effect is attributed to uncertainty by Fleming (2001). It is even the case that the
more novel an idea is, the more uncertainty customers perceive (Amabile 2018). Mueller
et al. (2012) also verify in their study that this ‘bias against creativity’ is mediated by un-
certainty. People view creative ideas as novel and unpredictable, impractical and unreliable,
which inevitably leads to uncertainty. Combining the positive and negative effects atypicality

has on donors, we expect a dual pathways mechanism in our context.
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In addition to that, time also plays an important role in the adoption of new ideas
according to the theory of diffusion of innovation (Rogers et al. 2014). As Goldenberg et al.
(1999) points out, generative learning process is an important property of creativity. The
learning nature of innovation is not only shown by organizers borrowing from previous ideas,
but also by donors adopting creative projects. Hence, we expect an atypical project in the
later stage to be better received compared to the earlier stage. In the following chapters, we
will further demonstrate these findings. In chapter 5.2, we construct the project similarity
network. Then in chapter 5.3, we show four types of projects with different idea combination
patterns. In chapter 5.4 and 5.5, we demonstrate our analysis and results. Then in chapter

5.6, we validate the results through robustness check. Lastly, chapter 5.7 concludes the

paper.
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Chapter 3

IMPACTS OF SMART VENDING MACHINES IN
DIFFERENT URBAN SETTINGS - TENSOR COMPLETION
WITH SPATIOTEMPORAL DATA

3.1 Introduction

Vending machines have become an integral part of our daily lives, providing convenient
access to snacks, beverages, and various other products. With the rapid advancement of
technology, the vending machine industry has undergone a significant transformation, giving
rise to smart vending machines that offer enhanced features and services. In the United
States, the vending machine market was valued at $15.21 billion in 2022, with an estimated
6.9 million machines in operation as of 2020. Similarly, in China, vending machines generated
28.91 billion yuan (approximately $4.05 billion USD) in retail revenue in 2022, accounting
for nearly 97% of the unmanned retail market. The industry’s robustness and potential
for further expansion in both countries are evident, with approximately 300,000 vending

machines now making up 80% of total unmanned retail sales in China.

Smart vending machines have revolutionized the retail landscape and significantly in-
fluenced consumer purchasing behavior. These machines not only offer a wider variety of
products and services but also provide a seamless user experience through advanced tech-
nologies such as item recognition, computer vision, weight sensors, and RFID tags. The
convenience and aesthetic appeal of smart vending machines has made them increasingly
popular among consumers, as they can now easily access a broader range of items, includ-
ing frozen goods and hot meals, thanks to the incorporation of heaters and coolers in some

models.

Our research leverages a unique and comprehensive dataset from a leading manufac-
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turer of technologically advanced vending machines in China. The dataset contains detailed
transaction information from over 10,000 vending machines across 25 major Chinese cities,
spanning the period from 2019 to 2022. These machines, which we refer to as smart vending
machines, are equipped with advanced features such as digital payment acceptance through
QR codes and facial recognition, item identification using camera sensors, weight sensors,
and Radio Frequency Identification (RFID), as well as heaters and coolers for carrying a
wider variety of products (Table 3.1). The dataset includes information on the specific item
purchased, total order amount, anonymized user identification, vending machine identifica-
tion, payment method, geographic location, machine type (smart or traditional), and the
scene in which the machine is situated (e.g., school, hospital, train station). In total, the
dataset encompasses 21 million transactions undertaken by more than 3.8 million distinct

users, providing a rich and diverse source of information for our analysis.

Vending Machine Type Smart Machine

Gravity Yes
RFID Yes
Dynamic Vision Yes
Gravity + Vision Yes
Closed Cabinet No

Table 3.1: Types of Vending Machines and Their Classification as Smart Machines

Estimating the treatment effect of smart vending machines on sales across different sce-
narios presents several challenges due to the high-dimensional and sparse nature of the data.
One of the primary challenges in understanding the effect of smart vending machines on
sales is the lack of sufficient observations for accurate treatment effect estimation. In our
research setting, we have data spanning 25 cities, 20 distinct scenes, and 81 weeks, lead-

ing to a substantial amount of missing data of over 70%. This sparsity in the data makes
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it difficult to directly compare the performance of smart and traditional vending machines
across different urban settings (region-scene pairs) and time periods. Moreover, the prob-
lem is further complicated by the presence of complex and heterogeneous interaction effects
among regions, scenes, and time periods. The impact of smart vending machines on sales
may vary significantly depending on the specific combination of these factors. For instance,
the treatment effect of a smart vending machine in a hotel scene in New York City may differ

from that of a similar machine in a school scene in Los Angeles.

Traditional approaches like difference-in-differences (DID) may struggle to capture the
complex interactions in panel data, prompting the exploration of more capable methods such
as matrix completion. DID is a common approach for estimating average treatment effects in
panel data settings. It relies on the assumption that the counterfactual outcome matrix has
a simple structure that captures unit and time-fixed effects. Under this assumption, DID can
estimate the average treatment effect by comparing the pre-post treatment difference for the
treated units to the same difference for the control units. However, DID may perform poorly
if the assumption on the outcome matrix is violated, i.e., if there are more complex patterns
over time and across units beyond just additive fixed effects. An alternative approach to
estimating treatment effects in panel data is to view the unobserved counterfactual outcomes
for treated units/periods as "missing" and use matrix completion techniques to impute them.
This allows M* to have a more flexible low-rank structure. Athey et al. (2021) propose using
a nuclear norm regularized estimator to impute the missing counterfactuals and estimate
the average treatment effect, but they do not provide theoretical guarantees. Farias et al.
(2023) propose an improved estimator that first computes a regularized estimate, then "de-
biases" it. They prove this achieves the optimal rate for recovering the average treatment
effect under nearly minimal assumptions on the structure of the outcome matrix and the
treatment assignment pattern. The matrix completion approach allows for complex, time-
varying patterns in the outcome matrix and can handle very general treatment assignment

mechanisms.

However, while matrix completion methods consider more complex effects compared to
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traditional approaches, they still do not fully utilize the intrinsic data structure present in
panel data with multiple dimensions such as regions, scenes, and time periods. In such
settings, the data can be naturally represented as a tensor, which is a multi-dimensional
array. Tensor completion methods, which extend matrix completion to higher-order arrays,
have the potential to better capture the complex non-linear interactions among different

dimensions, leading to more accurate predictions and treatment effect estimates.

Given these challenges, our research aims to address the problem of estimating the treat-
ment effect of smart vending machines (treatment) compared to traditional vending machines
(control) across various urban settings while accounting for the high-dimensional and sparse
nature of the data. Our research aims to answer two primary questions: (1) How to predict
vending machine sales in different urban settings (region-scene pairs)? (2) What is the treat-
ment effect of deploying smart vending machines across these urban settings? By framing
this problem as a tensor completion task, we seek to leverage the intrinsic structure of the
data and employ advanced learning methods to predict missing sales outcomes and estimate
the treatment effect accurately. Understanding the impact of smart vending machines on
sales in specific urban settings can help companies make informed decisions regarding the in-
stallation and maintenance of these machines. By efficiently deploying smart and traditional
vending machines based on their potential benefits in a given setting, firms can optimize

their warehouse planning process and improve overall revenue management.

Our research makes several contributions to the field of causal analysis by applying ad-
vanced learning methods and value insights to the vending machine industry. First and
foremost, we frame the treatment effect learning task as a high-dimensional machine learn-
ing problem. This approach deviates from traditional methods, which may struggle to handle
the complex and large number of heterogeneous interaction effects present in our data. By
formulating the problem in this manner, we open up the possibility of employing advanced
learning methods, specifically tensor completion, to tackle the challenges associated with
estimating treatment effects in high-dimensional settings. Secondly, we identify the intrinsic

tensor structure of our data. By recognizing that our data naturally fits into a 3D tensor for-
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mat, with dimensions corresponding to regions, scenes, and time, we can capture the complex
interactions and dependencies among these dimensions. This tensor representation allows
us to move beyond the limitations of traditional panel data analysis and matrix completion
techniques, which may overlook the important role of the scene dimension in determining the
treatment effect of smart vending machines. Thirdly, we provide a tensor completion-based
method to estimate the treatment effect for smart vending machines, which outperforms
state-of-the-art methods such as matrix completion. Our approach effectively handles the
high-dimensional and sparse nature of the data, leveraging the low-rank structure of the
tensor to predict missing sales outcomes and estimate the treatment effect across various
urban settings.

Furthermore, our research highlights the importance of utilizing advanced learning meth-
ods in causal analysis. Our work showcases how machine learning techniques, specifically
tensor completion, can be effectively applied to address these challenges and provide more
accurate sales prediction and treatment effects estimation. The implications of our contri-
butions extend beyond the vending machine industry. The framework and methodology we
propose can be applied to various domains where high-dimensional and spatiotemporal data
are prevalent, such as retail, healthcare, and transportation.

The rest of this paper is organized as follows. We describe the problem formulation in
Section 3.2. Section 3.3 introduces the proposed tensor completion method, HQ-TCASD.
The estimation procedure is presented in Section 3.4.1, followed by the benchmarks used for
comparison in Section 3.4.2. Synthetic tests and their results are discussed in Section 3.4.3.

Finally, Section 3.5 concludes the paper and provides directions for future research.
3.2 Problem Formulation

In this section, we explain how we shape the vending machine sales outcomes as tensors
and introduce our causal problem: estimating the average treatment effect for the treated
(ATT) of deploying smart vending machines compared to traditional vending machines across

various urban settings.
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We use calligraphic letters (e.g. ) for tensors, bold capital letters for matrices (e.g.,
B), and non-bold capital letters for vectors (e.g., V). However, there are exceptions, we
use non-bold capital letters N1, N2, and T for the dimensions of the tensor. For a positive
integer m, we denote the set of integers {1,...,m} by [m]. For a tensor ), V;;; refers to its
entry at (7,7, k), V. refers to its i-th horizontal slice (fixing the first dimension), V.. to its
j-th lateral slice (fixing the second dimension), and ). to its k-th frontal slice (fixing the
third dimension). For a matrix B, B,; refers to its entry at (4, j), B, refers to its i-th row,

and B; refers to its j-th column.

3.2.1 Vending Machine Sales Potential Outcome Tensors

There are N; = 25 regions corresponding to 25 major Chinese cities where the vending
machines are installed; there are Ny = 20 scenes corresponding to 20 scenarios that each
machine is in (such as educational institutions or medical facilities); and there are 7' = 81
time periods corresponding to 81 consecutive weeks from October 2020 to May 2022. Figure
3.1 illustrates such Ny x Ny x T tensor ) with T slices, where each slice is an N7 X Ny
matrix. For these two types of machines, we can represent the potential vending machine
sales with two N; X Ny x T potential outcome tensors: a potential control tensor )(0)
representing the potential sales outcomes if all units were control (traditional) machines,
and a potential treated tensor )(1) representing the potential sales outcomes if all tuples
were treated (smart) machines.

In this paper, we consider the deployment of smart vending machines as a treatment
for traditional machines, and we focus on the treatment effect of deploying smart vending
machines.

For the observed entries, we define P ()) such that:

yz’jt lf (iaja t) € Q

Po(Y)(i,7) = :
0 if (i,7,t) ¢ Q,

where Q C {1,..., N1} x{1,...,No} x {1,...,T} denote the indices of observed sales out-
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Figure 3.1: Illustration of a N; x Ny x T tensor with T slices of N; x N, matrices M*..MT.

come. Pqu()) is a projection of the tensor ) onto the observed entries. However, in reality,
at each region-scene-time period tuple (4, j, ) we would either observe sales from smart ma-
chines, traditional machines, or no sales at all. So we define a treatment indicator tensor W,
where W, = 1 indicates the observed sales is from treated units (smart vending machines)
for region-scene pair (i, j) at time period ¢, and W,j;; = 0 indicates the observed sales is from
control units (traditional vending machines). In addition, we let W;;; be missing if the no

sales observed.

With the definition of W, we could further define the observed treated sales tensor
Po(Y(1)) and the observed control sales tensor Py()(0)). For example, if we observe sales

outcome Pq()).., a N1 X Ny slice of tensors ) at time period ¢, then we could define W.;:

Vi Vi 0 oo Vit 017 ...0
0 0 Vost ... 0 70 ... 7

PQ(y)::t: y31t 0 0 ygNlt ) and W::t: 0 707 01 ;

Yvre 0 Yz ... O 1?20 ... 7
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then the sales outcome slice Py())..+ can be split into Po()(1)).; and Po()(0))..:

0 Vi 0 ... 0 Yie 00
0 0O 0 ... 0 0 0 Do

PQ(y<1))t - 0 0 0 e ygNlt ) and PQ(y(O))t = y31t O 0
Ynvae 00 ... 0 0 0 Yyt

Since we will mainly discuss the observed sales outcomes, for simplicity, for the rest of the
paper we will use ) instead of Pn()) to discuss the observed sales outcome. And we refer

to the potential sales outcome as potential ).

3.2.2 (Causal Problem

We want to estimate the treatment effect of deploying smart vending machines (treatment)
compared to traditional vending machines (control) in different urban settings across time,
i.e., region-scene pairs, as aforementioned. Similar to Athey et al. (2021), we focus on
estimating the ATT as defined below:
TATT — Z [yijt(l) - j)ijt(o)] / Z Wz’jt-
(i, Wije=1 (i,,): Wiji=1

Note that ATT only focuses on the treatment effect on the observed treated entries. The
ATT formula suggests that we only need to impute the missing entries in Y(0) for tuple
(i,7,t) since we observed the treated outcome in (1), i.e., W;jy = 1. Thus, we translate the

causal inference problem into a missing data problem of imputing )(0).

3.3 Tensor Completion as a Causal Inference Method

In this section, we introduce how we apply tensor completion to our causal inference task
to estimate the ATT for deploying smart vending machines using the sales outcome tensor.
We use the observed values in the Ny x Ny X T control tensor to impute the missing entries
in Y(0) for treated units. The imputed values represent the counterfactual outcomes for the

treated units had they not received the treatment.

lelt
0

0
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3.3.1 Low-Tubal-Rank Observation Model

Inspired by the literature on tensor completion, we model the observed control sales outcome

Y with fixed effects and tensor factor model. We start with fixed effects the three dimensions:
Vijt(0) :== By +a; +bj +c + e (3.1)

where a;, b;, ¢; are region, scene, and time period specific fixed effects; fy is the intercept

79
term, and ¢, is the independent error term, e.g., observation error.

Let £* € RMxNoXT [ g fixed low-tubal-rank r counterfactual tensor which indicates the

expected sales outcomes absent treatment and noise, then L7, denotes the expected sales
outcome for tuple (7,7,¢). Kilmer et al. (2013) define the tensor tubal rank as follows: for
any £ € RNM>N2xT "the tensor tubal rank, rank,(£), is the number of non-zero singular tubes

of § from the t-SVD (described in Appendix A.2.2), i.e.,

rank, (L) = #{i: S(i,14,:) # 0}.

Intuitively, the tubal rank captures the intrinsic dimension of tensors, which can be viewed
as the counterpart of the rank of a matrix. It can be shown that, when 7" = 1, multiplications
and factorizations based on the t-product will reduce to the standard matrix operations and
factorizations. This allows researchers to generalize tools like singular value decomposition
(SVD), QR decomposition and eigendecompostions to third-order tensors (Kilmer et al.
2013). Methods for estimating the rank R in matrix setups are discussed in Bai and Ng
(2002) and Moon and Weidner (2015)). With the tubal rank definition, the low-tubal-rank

assumption imposed on the sales outcome tensor L is as follows:
Assumption 1. We assume that tensor L is low-tubal-rank and
rank;(£) < max {Ny, No}.

With the defined £*, we can model sales outcome tensor ), in the absence of covariates,

as

Y(0):=py+L"+¢e, where E[e|L]=0. (3.2)
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RN1xNaXT' can he

The goal is to estimate the tensor £*. With assumption 1, the tensor £ €
factorized into the tensor-tensor product (t-product, denoted by operator *) of two tensors
through low-tubal-rank factorization £ = U * V, where U € RN*™T and YV € R™M2*T and
r is the tubal rank of £ (Zhou et al. 2018). Note that since r is small, & and V are much

smaller tensors than the original sales outcome tensor. The tensor-tensor product (t-product,

introduced by Kilmer and Martin (2011)) of ¢ and V is defined as
U xV = fold(beire(U) - unfold(V)).

The definition of beirc(), fold(), and unfold() is defined in Appendix A.2.1. In the canonical
domain, a three-way tensor of size N;x Ny x T can be considered as an N; X Ny matrix whose
entries are 1 x 1 X T" tubes lying in the third dimension. The t-product is then analogous to
matrix-matrix multiplication, but where circular convolution replaces scalar multiplication

between the matrix elements. Now we can rewrite 3.2 with the tensor factorization:
Y(O):Bo+UxV +e.

Analogous to matrix factor models, this setup can account for complex interaction effects
between the three dimensions. Note that here the fixed effects are absorbed in L£* since they
are rank 1 tenors and their addition does not affect our low-rank assumption on £*. But we
separate fixed effects from the factorization, according to Athey et al. (2021), in practice,

not regularizing the fixed effect terms will improve the quality of the imputations:

Vijt(0) :=Bo+a; +bj+c,+ (U * V)i + €t (3.3)

3.83.2  Tensor Completion Algorithm

We adapt the low-rank tensor completion algorithm by He and Atia (2022) to estimate
the ATT of deploying smart vending machines. To recover )(0), our objective is to find a

combination of I/ , ]7, a, ?), and ¢ that minimizes the sum squared error between the observed
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value and the predicted value for all entries in the control tensor (Y, = 0):

N1 N
Uu,v,a,b,c, argal?ilg}vz Z Z 1 - z]t (yljt Bo — a; — bj — Gt — (Z/{ * V)ijt>2 : (34)
i=1j=1t=1

The the low-tubal-rank constraint is employed through tensor factorization where ) €
RN1xXNoxT p e RNXrXT and Y € R™N2XT The objective is to ensure that the recov-
ered values for the observed entries are not too far away from the actual observations and
a low-rank constraint. Tensor factorization can avoid the high complexity associated with
performing the SVD, which is reduced due to the inherent low-rank property. Low-tubal-
rank-based tensor completion offers several advantages over tensor completion using other
tensor rank models (e.g., CP rank, Tucker rank, and tensor ring rank). Other methods
usually impose low-rank constraints through the nuclear norm minimization on the unfolded
matrices of the tensor, which may destroy the original multi-dimensional structure of the
tensor data. By contrast, based on tensor algebra, the tubal-rank-based methods directly
impose a low-tubal-rank constraint on a tensor, and can well capture the inherent low-rank
structure of a tensor.

When the observed entries );;; are corrupted or contain large outliers, the ¢, error measure
can bias the optimization, which degrades the performance of tensor completion. To enhance
robustness, He and Atia (2022) use the correntropy as the error measure. Correntropy is a
local and nonlinear similarity measure between two random variables. Given a finite number
of samples {z;,y;}ir, and using the Gaussian kernel G,(z) = exp(—3; ) The Maximum
Correntropy Criterion (MCC) can be formulated as minimizing the correntropy-induced loss

(C-loss) function:

1 X, ,
Jo10ss = i ;a (1 —Gy(er))). (3.5)

By replacing the /5 error measure with correntropy, the objective function becomes

N1 No

mln Ja, U, V) Z Z ZthU Go (Vijt — Bo— @i —bj —cy — (U *V)ij)).  (3.6)

i=1j=1t=1
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He and Atia (2022) proposed Half-Quadratic based Tensor Completion by Alternating
Steepest Descent (HQ-TCASD) to solve the objective function. The formulation in (3.6)
generalizes the correntropy-based formulation for matrix completion. HQ-TCASD adaptively
selects the kernel width o to improve convergence rate and performance. The algorithm is
summarized in Algorithm 1 in the Appendix A.3.4, with the matrices M and \% updated
alternately until convergence. Please see Appendix A.3 for more details regarding the tensor
completion algorithm.

Investigating the asymptotic distribution of L~ L to develop confidence intervals is not
within the scope of this paper, but it presents an intriguing opportunity for future research.
However, re-sampling techniques (Alberto Abadie and Hainmueller 2010) can be utilized to

examine the statistical fluctuations of the imputed tensor.
3.4 Empirical Results & Managerial Insights

We analyze the effects of smart vending machines using tensor completion on a real-world
dataset. The data is structured as a three-dimensional tensor, and we estimate the aver-
age treatment effect on the treated (ATT) and the overall average treatment effect (ATE).
Our proposed tensor completion algorithm, HQ-TCASD, is compared against the gener-
alized Difference-in-Differences (DID) method and the matrix completion (MC) algorithm
De-biased Convex Panel Regression (DC-PR). We evaluate their performance in predicting
sales outcomes and estimating treatment effects using real-world data and synthetic datasets
with known ground truth effects. We also examine the heterogeneity of treatment effects
across different urban settings to identify contexts where smart vending machines have the

most significant impact on sales.

3.4.1 Estimations

In this section, we present our analysis and findings on estimating the treatment effects
of smart vending machines using tensor completion. We begin by introducing the vending

machine dataset and discussing how we structured it into a three-dimensional tensor. We
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then explain our methodology for estimating the average treatment effect on the treated

(ATT).

Vending Machine Dataset

The vending machine sales dataset used in this study contains comprehensive and granular
transaction data from various cities across China. The dataset encompasses itemized sales
records from over 10,000 vending machines, serving more than 3 million users and generating
over 21 million transactions between January 2019 and May 2022. The dataset includes
several key variables: order amount, item details, machine locations, machine scenes, machine
types, and timestamps. The machine locations are specified by coordinates, which can be
used to identify the city in which the vending machine is located, such as Beijing, Shanghai,
Chongqing, or Wuhan. The machine scenes variable indicates the surrounding settings of the
vending machines, including schools, hotels, parks, and stations, providing valuable context
for understanding the sales patterns in different environments. Furthermore, the dataset
distinguishes between two machine types: smart vending machines, which are equipped
with advanced technology and features, and traditional vending machines, which lack these
enhancements. The timestamp variable records the time of each transaction in seconds.

The weekly sales data exhibits a long-tail distribution, with 95% of the sales not exceeding
10,000 CNY, despite the maximum recorded sales surpassing 130,000 CNY. This disparity
poses challenges for analysis and modeling, as the presence of extreme values can skew results
and make it difficult to identify underlying patterns. To address this issue and standardize
the distribution, log transformation and Z-score normalization were applied. Figure 3.2
illustrates the distribution of the data after applying the log normalization to the weekly
sales. The transformed data exhibits a symmetrical and bell-shaped distribution, albeit
with a long left tail.

To enable tensor completion, the data was organized into a three-dimensional tensor Y
with dimensions corresponding to Region, Scene, and Time Period. The Region dimension

encompasses 25 major Chinese cities where the vending machines are deployed, while the
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Figure 3.2: Histogram of log-normalized weekly sales

Scene dimension includes 20 categories describing the specific settings of the vending ma-
chines, such as educational institutions or hospitals. The Time Period dimension spans 81
continuous weeks from October 2020 to May 2022. Each tensor entry, denoted as Y;;;, repre-
sents the cumulative sales across all machines in region 7, under scene j, during time period
t. The treatment variable W;j; indicates whether vending machines at this region-scene-time
period tuple are smart machines or traditional machines. Figures A1 and A2 show the log-
normalized observed results for )(0) and Y(1) by slice, respectively. These visualizations
provide an overview of the observed data entries in both the control and treated tensor for
each of the 81 time periods; the color, from dark blue to yellow, denotes the magnitude of

the sales at each entry.

The pattern of missing entries and random treatment adoption in the dataset pose chal-
lenges for traditional causal inference methods. Approximately 58.57% of the entries in sales
outcome tensor ) are missing, primarily due to the absence of vending machines in certain

combinations of region and scene or the lack of recorded data for specific weeks. The control
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Figure 3.3: Visualization of Missing Entries. The color-coded matrix represents data avail-
ability, with different colors indicating the presence or absence of data across region-scene

and time.

tensor Y(0) has a 31.26% non-missing rate, and the treated tensor )(1) has a 26.74% non-

missing rate, suggesting that smart vending machines have a slightly higher proportion of
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missing data compared to traditional machines. Figure 3.3 visualizes the pattern of missing
entries for ) in an unfolded matrix format. The x-axis represents 500 region-scene pairs,
and the y-axis represents 81 time periods. Each row in the matrix corresponds to the sales
from a specific region-scene pair at each time period. The color coding indicates the type
of data observed at each region-scene-time period tuple: black for missing entries, blue for
sales from control units (traditional vending machines), and red for sales from treated units
(smart vending machines). Moreover, Figure 3.3 shows that the pattern of treatments is ran-
dom, with no clear treatment adoption timeline across different region-scene pairs. Moreover,
treated units do not necessarily remain treated after the initial treatment, with some revert-
ing to being untreated in subsequent time periods. This random treatment pattern violates
assumptions of traditional causal inference methods, such as the Difference-in-Differences
(DID) approach, necessitating the use of more flexible and robust methods for estimating

the treatment effect for smart vending machines.

Treatment Effect Estimation

Having prepared the tensor for the tensor completion algorithm, we now examine the em-
pirical results from the vending machine dataset. After applying tensor completion on the
Y(0) tensor, we obtain the estimated control outcomes for the treated units. Visualizations
of the estimated log-normalized sales for Y(0) and Y(1) by slice are presented in Figure A3
and Figure A4, respectively. The color scale, ranging from dark blue to yellow, denotes the
magnitude of the estimated sales at each entry.

Using formulation mentioned in Section 3.2.2, we are able to estimate the ATT. To
interpret the results, we reverse the log-normalization process on the estimated tensors. After
the transformation, the estimated ATT is 967.52 CNY, meaning on average, smart vending
machines have 967.52 CNY higher weekly sales than traditional vending machines. The
estimated 7 represents the average difference in outcomes between the treated and control
groups after accounting for the fixed effects. A positive 7 suggests that the treatment had a

beneficial impact on the outcome variable, while a negative 7 indicates an adverse effect.
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3.4.2 Benchmarks

In this section, we implement Difference-in-Differences (DID) and matrix completion algo-
rithm De-biased Convex Panel Regression (DC-PR) as benchmark methods for estimating
treatment effects in panel data settings. We compare the performance of these methods with
our proposed tensor completion algorithm, HQ-TCASD, by evaluating the estimated testing
dataset root mean square error (RMSE). Finally, We report the statistics for the average
treatment effect of the treated (ATT) from three algorithms.

To apply the benchmark methods, DID and DC-PR, we first transform the sales outcome
tensor into a panel data format. We couple regions and scenes as region-scene pair dimension
P, with index p, and keep the time period dimension 7" unchanged. The transformation
unfolds the 25 x 20 x 81 sales outcome tensor into a matrix Y € RP*? with dimensions
500 x 81. Y, represents the sales outcome for region-scene pair p for week ¢. In addition
to the outcome matrix Y, we also construct a treatment indicator matrix Z € R"*T. Z,
is a binary indicator that takes the value of 1 if we observed treated sales outcome (smart
vending machine) for region-scene pair p at time period ¢, and 0 if observed control sales
outcome (tradition vending machine). Similar to the setup to W, we set Z,; to missing if no

outcome is observed.

Difference-in-Difference

Difference-in-difference (DID) is a widely used approach for analyzing panel data and esti-
mating the causal effect of a treatment or intervention. The method compares the change
in outcomes over time between a treated group and a control group, assuming that both
groups would have followed parallel trends in the absence of the treatment. In this study, we
employ a two-way fixed effects regression, a generalization of the standard DID estimator,
to estimate the ATT.

The two-way fixed effects model extends the DID idea to settings with multiple time

periods and multiple units. By including unit and time fixed effects, the model accounts for
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any time-invariant differences between units and any common time trends affecting all units.

They assume the observational model:
Y;;t =Bo+ TZpt +a, + by + Ept (37)

The objective of a two-way fixed effects regression is to minimize the sum of squared resid-
uals between the observed outcomes and the predicted values (Athey et al. 2021). Formally,

we solve the following linear regression problem:

a,b,7 = argmin > (Y — ap — by — 7Zp)° (3.8)
a,b,T ot
where G = (a1, a2, . .., a,) is the vector of estimated unit fixed effects, b= (31, by, ..., ET) is

the vector of estimated time fixed effects, 7 is the estimated ATT. The objective function
finds the combination of @, b, and 7 that solves the least square problem between the observed

outcomes (Y,;) and the predicted outcomes (a, + by + 7Z,;).

De-biased Convexr Panel Regression

We also consider the state-of-the-art matrix completion algorithm, De-biased Convex Panel
Regression (DC-PR), introduced by Farias et al. (2023), extending the work by Athey et al.
(2021) to a more generalized setting.

The limitation of the DID model is that the additive model of unit fixed effect and time
fixed efffect a, + b; is often too simplistic to capture the complex nature of the outcome
variable. To address this, a low-rank factor model has been proposed as a generalization of
ap + by.

The observation model is given by:

Y, = Bo+ 7Ly +a, + b+ U V] + €y 39
U,ceR",V, eR"
where Y, is the outcome variable for unit p at time ¢, 3, is the intercept, 7 is the treatment

effect, Z,; is the binary treatment indicator, a, and b, are the unit and time fixed effects,

and U, and V; are r-dimensional latent factors.
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The objective function solves the following low-rank regression problem with a hard-rank
constraint:

A__A

2
UV #=arg min > (Y —a,—b— U V] —7Zy) (3.10)

rank(UVT)<r ot

where UV is the estimated low-rank matrix (panel data), and 7 is the estimated treatment
effect. The objective is to find the values of a, b, U, V, and 7 that minimize the sum of
squared residuals between the observed outcomes (Y,) and the predicted outcomes (a, +
b+ U, V! + 7Z,) across all region-scene pairs and time periods.
Then DC-PR mitigates the bias introduced by the regularization parameter \:
<Z,UVT >
1Pe (Z)]5

The orthogonal space of T*, denoted as I**, is the subspace of R™*" with columns and rows

=7 — A

that are orthogonal to the spaces U* and V*, respectively. P-i(-) represents the projection
operator onto T*+:
Pro(A)=(1-UUT)A(1I-VVT).
The De-biased Convex Panel Regression algorithm offers several advantages over existing
approaches. It allows for the application to a wide range of settings with general treatment

patterns.

Results

To obtain benchmark estimations, we generate 100 training and testing sets by randomly
splitting the vending machine sales dataset, with 80% assigned to the training set and 20%
to the testing set. We train three methods: tensor completion (TC) algorithm HQ-TCASD,
generalized Difference-in-Differences (DID) method two-way fixed effects regression, and ma-
trix completion (MC) algorithm DC-PR, and evaluate their performance in predicting the
corresponding testing set.

Figure 3.4 compares the performance of the three estimation algorithms. The TC algo-

rithm achieves the lowest root mean square error (RMSE) when predicting entries in the
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(a) Box plot for Estimated Treatment Effects (b) Box plot for Training and Testing RMSE
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Figure 3.4: (a) Box plot of estimated treatment effects from TC, DID, and MC on normalized
sales data (b) Box plot of root mean square error (RMSE) for both training and testing
datasets from TC, DID, and MC.

testing dataset, suggesting it effectively identifies underlying patterns and makes accurate
predictions. The DID method shows a higher testing RMSE compared to TC, possibly due to
its assumptions or approach to handling temporal variations and control group comparisons.
The MC algorithm has the highest testing RMSE, which could be the result of overfitting.
Although the true treatment effect is unknown, TC estimates the highest average treatment
effect on the treated (ATT), followed by DID, and then MC. The variation in the ATT es-
timates is small for TC and DID but large for MC, suggesting TC and DID’s estimates are
more consistent across different data subsets.

Given TC’s higher accuracy in predicting vending machine sales, as evidenced by the low
testing RMSE, we can conclude that its ATT estimates are more reliable. The low RMSE
values indicate that the algorithm is learning the underlying relationships between variables,
which is crucial for accurate treatment effect estimation. In contrast, MC’s high variance in
ATT estimates and poor performance on the testing set raises concerns about the reliability

of its treatment effect estimates. DID’s ATT estimates, while lower than TC’s, show lower
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variability, indicating consistency across data subsets. However, given DID’s higher testing
RMSE, its ATT estimates may be less accurate.

In summary, the benchmark results highlight the effectiveness of the tensor completion
algorithm, TC, in estimating the treatment effect of deploying smart vending machines. Its
low testing RMSE values suggest that TC performs better in handling the complexities of

the data and provides more accurate treatment effect estimates compared to DID and MC.

Treatment Effects by Urban Settings

Building upon the estimations for the control tensor )7(0), we conduct a comprehensive
analysis of the average treatment effect of the treated (ATT) across different urban settings
characterized by region-scene pairs. We calculate the ATT for each region-scene pair over
time. Furthermore, we aggregate the results to single-dimension levels of region and scene to
study the effects at a more consolidated level. This analysis allows us to identify the specific
urban settings, scenes, and regions where smart vending machines have the greatest impact,
both positively and negatively, on sales.

Table 3.2 presents the summary statistics for the top 20 region-scene pairs with the highest
average ATT. The results show heterogeneous treatment effects across different regions. For
instance, university dormitories in Beijing exhibit a highly positive ATT of 60,611 CNY, while
those in Shaanxi Hanzhong and Shaanxi Shangluo have much lower, though still positive,
ATT of 8,867 CNY and 5,834 CNY, respectively. Similarly, within the same region, the
treatment effect differs across scene types. In Beijing, university dormitories, various stations,
and university teaching buildings all show strong positive effects, while hospitals have a
more modest positive effect. This suggests that both geographical location and scene play
significant roles in determining the impact of smart vending machines on sales.

Table 3.3 presents the ATT aggregated by scene type. University dormitories exhibit the
most positive effect, with an ATT of 4,131 CNY, indicating that college students are a key
driving force behind the sales of smart vending machines. This can be attributed to several

factors, including college students’ greater familiarity with technology, newly acquired finan-
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Region-Scene Mean Std Min Max
Beijing_ University Dormitory 60611.62 44933.41 1401.66 128889.62
Beijing Various Stations 21176.14  15626.55 386.17  70328.22
Beijing University Teaching Building 20063.19 18408.21 123.30  59232.43
Hubei Wuhan_ Various Stations 18704.02 11890.12 2338.64 61030.05
Jiangsu Yancheng Factory 17494.85 11655.71  -679.29  40885.56
Beijing Administrative Office 9718.20  8311.33  -312.29  33500.81
Shaanxi Hanzhong University Dormitory 8867.44  8139.32  -568.01  33169.17
Shandong Qingdao_ Various Stations 6507.56  3603.83 168.63  19347.12
Jiangsu Yancheng University Teaching Building  6461.61  8438.70 -5640.24  37574.00
Jiangsu Changzhou Factory 6176.56  3583.14 168.77  13966.90
Ningxia Yinchuan_ Hospital 6071.34  3990.96 -694.23  17583.25
Shaanxi Shangluo University Dormitory 5834.27  4341.25  -291.86  16014.75
Beijing Hospital 5128.39  3378.16 -2434.68  14052.22
Jiangsu Yancheng Employee Dormitory 4735.76  2738.81  -253.09 9989.57
Chongqing_ Various Stations 4182.05  2979.48 -64.37  13525.99
Xinjiang Urumqi_Hospital 4173.15  1755.85 -1479.31 8164.57
Ningxia Yinchuan University Dormitory 3682.40  4046.70  -466.81  14662.80
Jiangsu Yancheng Hospital 3330.74 161291  -258.15 6845.94
Chongqing Factory 3199.99 599.95  2014.97 4486.38
Henan Zhengzhou Various Stations 3007.63  2281.93 368.95  14790.05

cial independence, and willingness to experiment with new products. Various stations and

administrative office areas also show positive effects, suggesting that smart vending machines

perform well in business settings characterized by diverse demand profiles. In contrast, mid-



36

dle schools have the most negative effect, with an ATT of -7,851 CNY, despite being an
educational setting similar to university dormitories. This discrepancy can be explained by
several factors. First, high school students typically have more limited budgets compared to
college students, which may restrict their spending on vending machine products. Second,
high school students may have less access to digital payment methods, which are often re-
quired for using smart vending machines. Finally, parents may have concerns about their
children overspending on vending machine products, leading to lower sales in middle school
settings in China. University canteens and sports venues also exhibit negative effects, possi-
bly because they have single-demand profiles. Smart vending machines, which often offer a
wider variety of products, may not be as well-suited for these settings where consumers have

more specific and limited needs.

Table 3.4 shows the ATT aggregated at the region level. The results show significant
heterogeneity in treatment effects across regions. Beijing stands out with the highest positive
effect, with an ATT of 8,217 CNY, followed by several regions in Shandong and Jiangsu
provinces. On the other hand, Wuhan in Hubei province exhibits the most negative impact,
with an ATT of -3,990 CNY. These regional variations could be attributed to differences in

lifestyle, population demographics, and receptiveness to new technologies.

In conclusion, the tensor completion algorithm allows us to estimate the counterfactual
control outcomes for the observed treated units in JA)(O) By calculating the ATT for each
urban setting, we can pinpoint the specific contexts where smart vending machines have
the most significant impact on sales and those where the effect is less favorable. This in-
formation can be invaluable for companies looking to optimize their deployment strategies
and maximize the benefits of smart vending machines in the most promising urban settings.
By considering the region and tailoring the setting accordingly, companies can drive sales

growth and improve the overall effectiveness of their smart vending machine networks.



37

3.4.3 Synthetic Tests

This section introduces synthetic tests to evaluate the performance of the proposed tensor
completion method for causal inference. These tests are designed to simulate the structure
of real-world datasets, such as the vending machine dataset, while providing control over
the underlying structure and treatment effects. By generating synthetic data with known
properties, the effectiveness of the proposed method in estimating treatment effects under

different scenarios can be assessed.

Synthetic Low-rank Tensors

Synthetic data is generated by creating a low-rank tensor with dimensions N; x Ny x N3,
where Ny, Ny, and N3 represent the number of regions, scenes, and time periods, respectively.
Region, scene, and time period fixed effects are added to the tensor to introduce additional
structure, and noise is incorporated to simulate real-world variability. Treatment effects are
introduced by assigning a subset of region-scene-time period tuples to the treatment group
and adding a corresponding treatment effect to their entries. Finally, entries are randomly
masked out as missing values to simulate incomplete data.

In causal social science applications, missingness in data often arises from treatment as-
signments and the choices that lead to these assignments. As a result, there are often specific
structures on the treatment pattern that depart substantially from complete randomness.
Two main treatment patterns are considered: blocked and staggered, which are applied at

the region-scene-time period tuple level.

Block Structure

A leading example of a treatment pattern is the block structure, where a subset of region-
scene-time period tuples adopts an irreversible treatment at a particular point in time 7+ 1.

In the tensor setting, this can be represented in a unfolded panel format as:
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where v' marks indicate observed values and 7 marks indicate treatment values.

There are two special cases of the block structure: 1. Single-treated-time-period block
structure: This is an extension of the single-treated-period block structure to the tensor
setting, where the only treated region-scene tuples are in the last time period of the tensor.
2. Single-treated-region-scene block structure: This is an extension of the single-treated-unit
block structure to the tensor setting, where a single region-scene tuple is treated for a number

of time periods from time period Ty + 1 onwards.

A special case that fits both these settings is the one with a single treatment region-

scene-time period tuple:

v v v v

v vV v v
YN NaxNg =

v v v .oV

v v v o7

This specific setting is useful for contrasting methods developed for the single-treated
time period (unconfoundedness) case with those developed for the single-treated region-scene

tuple (synthetic control) case, as both sets of methods are potentially applicable.
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Staggered Adoption

Another treatment pattern that has received attention in the literature is the staggered
adoption design. In this setting, region-scene-time period tuples may differ in the time they
are first exposed to the treatment, but the treatment is irreversible. In the tensor setting,

the structure of the staggered adoption design can be represented as:

v v Vv oY
v Vv o7
yN1N2><N3: \/ \/ ? ?
v oo

where each row represents a region-scene tuple, and columns represent time periods.
Region-scene tuples that adopt the treatment early will have more post-treatment obser-
vations than those that adopt later or never adopt at all. This structure presents unique
challenges and opportunities for estimating treatment effects in the tensor setting, as the
timing of adoption may be informative about the region-scene tuples’ characteristics and

potential outcomes.

Results

Synthetic test results from both blocked and staggered structures are presented in Figure
3.7 and Figure 3.8, respectively. The ground truth for the treatment effect in the synthetic
data is known to be 1.5.

The synthetic test results reveal similar patterns in terms of RMSE across both blocked
and staggered missing data structures. Tensor completion (HQTCASD) consistently out-
performs the other methods, demonstrating its ability to accurately capture the underlying
patterns and estimate the treatment effect. Although none of the methods precisely hit the
ground truth value of 1.5, tensor completion provides the closest estimates, making it the

most accurate among the three algorithms.
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(a) Box plot for Estimated Treatment Effects (b) Box plot for Training and Testing RMSE
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Figure 3.5: (a) Box plot of estimated treatment effects from TC, DID, and MC on synthesized
data with blocked structure (b) Box plot of root mean square error (RMSE) for both training
and testing datasets from TC, DID, and MC.

DID, in contrast, exhibits poor predictive performance in both missing data patterns,
as evidenced by its higher RMSE values. This suggests that DID may not be the most
suitable method for estimating the treatment effect in the context of deploying smart vending
machines, regardless of the missing data structure.

MC suffers from an overfitting issue, performing well on the training set but poorly on
the test set. This indicates that while matrix completion can capture patterns in the training
data, it struggles to generalize effectively to unseen data, resulting in less accurate treatment
effect estimates.

Notably, tensor completion demonstrates even stronger performance in the staggered
treatment results compared to the blocked treatment effects. The estimated treatment effects
from tensor completion are closer to the ground truth value of 1.5 in the staggered missing
data pattern. This observation highlights tensor completion’s robustness and adaptability
to different missing data structures, solidifying its position as the best-performing algorithm

among the three.
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(a) Box plot for Estimated Treatment Effects (b) Box plot for Training and Testing RMSE
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Figure 3.6: (a) Box plot of estimated treatment effects from TC, DID, and MC on synthesized
data with staggered structure (b) Box plot of root mean square error (RMSE) for both
training and testing datasets from TC, DID, and MC.

TC’s superior performance can be attributed to its ability to leverage the multi-dimensional
structure of the data, capturing the complex interactions and dependencies among various
factors. By simultaneously considering the temporal and spatial dimensions, tensor com-
pletion effectively imputes missing values and estimates the treatment effect with greater
accuracy.

However, it is crucial to recognize that while tensor completion surpasses the other meth-
ods, there remains room for improvement in precisely estimating the ground truth value.
Further research and refinements to the tensor completion algorithm, such as incorporat-
ing domain-specific knowledge or exploring different regularization techniques, may help to
enhance its accuracy and bring the estimates even closer to the true treatment effect.

In summary, the synthetic test results demonstrate the superiority of tensor completion
algorithms in estimating the treatment effect of deploying smart vending machines, regardless
of the missing data pattern. Its ability to provide accurate estimates closer to the ground

truth, combined with its robustness and adaptability, positions it as the most promising
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method among the three algorithms. Nonetheless, ongoing research and development efforts
are essential to further improve its performance and minimize the discrepancy between the
estimated and true treatment effects.

Figure 3.7(a) and Figure 3.8(a) show the box plots of the estimated treatment effects
from three methods: TC, DID, and MC on synthesized data with a blocked structure. Figure
3.7(b) and Figure 3.8(b) displays the box plots of the root mean square error (RMSE) for
both training and testing datasets from these methods. The ground truth treatment effect

in the synthetic data is 1.5.

(a) Box plot for Estimated Treatment Effects (b) Box plot for Training and Testing RMSE
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Figure 3.7: (a) Box plot of estimated treatment effects from TC, DID, and MC on synthesized
data with blocked structure (b) Box plot of root mean square error (RMSE) for both training
and testing datasets from TC, DID, and MC.

The synthetic test results reveal consistent patterns in terms of RMSE across both blocked
and staggered missing data structures. TC consistently outperforms DID and MC, demon-
strating its ability to accurately capture underlying patterns and estimate the treatment
effect. Although none of the methods precisely match the ground truth value of 1.5, TC
provides the closest estimates, making it the most accurate among the three algorithms.

DID exhibits poor predictive performance in both missing data patterns, as evidenced by its
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(a) Box plot for Estimated Treatment Effects (b) Box plot for Training and Testing RMSE
2.14
2.0 5
Ea

1.91 o

1.81
1.84

ATT
RMSE
=
o

1.71
1.4+
1.6 1
1.24
1.54

S M=

<L

Figure 3.8: (a) Box plot of estimated treatment effects from TC, DID, and MC on synthesized
data with staggered structure (b) Box plot of root mean square error (RMSE) for both
training and testing datasets from TC, DID, and MC.

higher RMSE values, suggesting it may not be suitable for estimating the treatment effect
in the context of deploying smart vending machines, regardless of the missing data struc-
ture. MC suffers from overfitting, performing well on the training set but poorly on the test
set, indicating it struggles to generalize effectively to unseen data, resulting in less accurate
treatment effect estimates. Notably, TC demonstrates even stronger performance in the
staggered treatment results compared to the blocked treatment effects, with estimated treat-
ment effects closer to the ground truth value of 1.5 in the staggered missing data pattern.
This highlights TC’s robustness and adaptability to different missing data structures.

TC’s superior performance can be attributed to its ability to leverage the multi-dimensional
structure of the data, capturing complex interactions and dependencies among various fac-
tors by simultaneously considering temporal and spatial dimensions. However, while TC
surpasses the other methods, there remains room for improvement in precisely estimating
the ground truth value. Further research and refinements to the TC algorithm may help

enhance its accuracy and bring estimates closer to the true treatment effect.
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The synthetic test results demonstrate the superiority of TC in estimating the treatment
effect of deploying smart vending machines, regardless of the missing data pattern. Its
accuracy, robustness, and adaptability position it as the most promising method among the
three algorithms. Nonetheless, ongoing research and development efforts are essential to
further improve its performance and minimize the discrepancy between estimated and true

treatment effects.

3.5 Conclusions

This paper investigates the treatment effect of deploying smart vending machines compared
to traditional vending machines across various urban settings. By framing this as a high-
dimensional machine learning task and identifying the intrinsic tensor structure of the data,
we developed a novel tensor completion-based method to accurately estimate the treatment
effect.

Our research makes several key contributions. First, we demonstrate the value of for-
mulating treatment effect estimation as a high-dimensional machine learning problem, en-
abling the application of advanced learning methods. Second, we recognize the inherent
tensor structure of our data, with dimensions corresponding to regions, scenes, and time, to
capture intricate dependencies. Third, we propose a tensor completion-based method that
outperforms state-of-the-art approaches like matrix completion by leveraging the low-rank
tensor structure.

The implications extend beyond the vending machine industry. Our work showcases
how machine learning techniques like tensor completion can address challenges of high-
dimensional, spatiotemporal data and provide more accurate treatment effect estimates.
The framework can be adapted to various domains, including retail, healthcare, and trans-
portation.

Future directions include incorporating instrumental variables and covariates, extending
the methodology to handle time series components, and applying our approach to other

domains like online advertising or personalized medicine.
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In conclusion, our research underscores the power of leveraging advanced learning meth-
ods like tensor completion for causal analysis on high-dimensional, spatiotemporal data.
Our novel tensor completion-based approach provides valuable insights for the vending ma-
chine industry and demonstrates the broader potential of these techniques for empowering

informed decision-making across a wide range of applications.



Table 3.3: Summary statistics for ATT by Scene

Scene Mean Std Min Max
University Dormitory Area (Mixed) 4131.44 2451298 -81287.44 128889.62
Various Stations 3177.21  8114.74  -22042.72  70328.22
Administrative Office Area 810.62  3181.14 -7669.85  33500.81
Employee Dormitory Area 703.85  1989.12 -3512.30 9989.57
Hospital 485.79  4557.20  -27231.72  17583.25
Business Office Area 360.83  1093.61 -2775.90 6943.97
University Teaching Buildings 277.18 12666.82  -77079.18  59232.43
Service Halls, Banks 193.79  1188.04 -5278.96  12580.93
Hotel 55.43 729.58 -5772.69 2644.35
Park 54.77 860.04 -7551.64 4133.19
Scenic Area -12.66 843.77 -8024.84 2769.79
Exhibition Hall -119.41 418.27 -2282.27 920.06
Library -189.75  1303.96 -9838.74 1578.87
Shopping Center, Cinema -205.12  1368.88 -9967.05 3109.82
Industrial Park -212.96  2194.12  -13979.03 3037.74
Community -379.20  3270.97  -35827.67 3928.81
Factory Workshop -739.98 15047.11  -77765.59  40885.56
University Sports Venues, Gyms -743.36  1852.18  -11907.98 2754.73
University Canteens -810.65  4112.25  -33289.26 8527.04
Middle School -7851.78 15708.38 -133677.29 2805.14
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Table 3.4: Summary statistics for ATT by Region

Region Mean Std Min Max
Beijing 8217.22 21046.38  -13357.80 128889.62
Qingdao, Shandong 1830.44  3263.79 -2160.85  19347.12
Yancheng, Jiangsu 1823.26  5529.24  -11907.98  40885.56
Chongqing 1326.54  2234.66 -1152.40  13525.99
Yinchuan, Ningxia 1220.83  2734.54 -844.82  17583.25
Zhengzhou, Henan 839.34  1846.99 -4447.61  14790.05
Changzhou, Jiangsu 804.28  2608.03 -3756.99  13966.90
Nanjing, Jiangsu 794.87  1855.36 -7823.29  12508.41
Hanzhong, Shaanxi 424.36  3537.15  -10599.01  33169.17
Shangluo, Shaanxi 414.60  1919.23 -324.49  16014.75
Shenyang, Liaoning 406.53  1178.52 -323.26 8345.04
Lanzhou, Gansu 362.49  1149.69 -3399.70 7705.13
Taizhou, Jiangsu 152.11  1299.86 -8464.77 5230.55
Yichang, Hubei 68.19 304.99 -1993.03 321.16
Baoji, Shaanxi -133.84 827.60 -5282.72 1807.26
Yibin, Sichuan -179.92  1021.78 -5946.55 324.16
Tianjin -180.13  1081.69 -8211.09 324.16
Suzhou, Jiangsu -238.98  1154.92 -7551.64 3928.81
Urumgqi, Xinjiang -1153.06  5614.51  -31599.42 8164.57
Zhoukou, Henan -1696.90  6414.27  -33401.75 483.07
Liupanshui, Guizhou -1914.78  5899.49  -47915.67 324.16
Qianxinan, Guizhou -2037.50  5785.15  -54866.08 323.16
Directly Governed Counties, Hubei -3247.81  9623.37  -58299.20 3559.63
Xi’an, Shaanxi -3339.46 10071.28  -81287.44  10063.99
Wuhan, Hubei -3990.78 16634.01 -133677.29  61030.05
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Chapter 4

FRENEMIES IN THE RETAIL MARKET: A PARTNERSHIP
BETWEEN A PHYSICAL RETAILER AND AN E-TAILER
FOR CONSUMER RETURNS

4.1 Introduction

The e-commerce market has experienced phenomenal growth, emerging as a significant force
in the global retail landscape. As of 2023, the global e-commerce market has expanded
to an impressive $3.183 trillion, marking a substantial increase from the previous year and
reflecting a compound annual growth rate of 12.2% (Statista, 2023). This growth underscores

the sheer size and influence of the e-commerce sector in contemporary commerce.

When there is a misfit between consumer and product, returns occur. Consumer returns
have become a prevalent aspect of online shopping - in 2021, it was reported that 30% of
online shoppers intentionally overbuy with the intention of returning items they do not want,
highlighting the significant role returns play in consumer behavior. Moreover, the cost of
e-commerce returns is estimated to be a staggering $400
billion annually in the United States alone (McKinsey & Company, 2020). E-tailers, in
particular, face significant challenges as the returns process not only involves the direct
costs associated with shipping and handling but also encompasses indirect expenses like
processing and restocking. This complex scenario underscores the importance of efficient
return management for maintaining profitability and customer satisfaction in the e-commerce

domain.
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4.1.1  Problem Background

Under this context, an intriguing partnership for consumer returns has been established
between physical retailers and e-tailers. In this partnership, retailers like Kohl’s have agreed
to accept Amazon returns in exchange for store foot traffic. The partnership allows customers
who purchased products online to return them at a physical store location, offering more
convenient choices than the traditional returning method such as the parcel shipping stores

or post offices.

Commentators have offered varied perspectives on who stands to benefit or suffer from
such partnerships. On one hand, it seems beneficial to all the stakeholders. These collabora-
tions are seen as a strategic move for retailers to increase foot traffic and potential sales. For
e-tailers, this arrangement addresses the logistical and financial challenges of managing re-
turns. For consumers, the partnership provides an added convenience for returns, potentially
enhancing customer satisfaction and loyalty. On the other hand, retailers, by facilitating re-
turns for their online competitors, might drive their customers who would visit the physical

storefronts towards buying directly from e-tailers.

The situation is even more complex than it appears when we consider the potential impact
on a particular shopping behavior, known as showrooming. While partnerships between e-
tailers and retailers create foot traffic, their impacts on competition between e-tailers and
retailers are far from clear. Will the increased foot traffic and potential sale opportunities
for retailers outweigh the advantage given to etailers in terms of enhanced customer service
and reduced return cost?” Moreover, how will these partnerships impact consumer shopping
behaviors? Of the consumers who return products through this partnership, how many of
them would choose to showroom and purchase online; how many would make purchases
at the retailer? To fully understand the effect of these partnerships on the demand-side

competition between e-tailers and retailers, we look at their competitive dynamics in this

paper.
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4.1.2  Research Questions and Findings

Our paper aims to look at how the partnership on consumer returns will affect e-tailers” and
physical retailers’ profit by taking into account the indirect effect, i.e., the effect of cross-

return on demand-side competition. Specifically, we ask the following research questions:

First, we ask the following question: With the partnership on consumer returns, what
is the equilibrium strategy for physical retailer’s profit and the e-tailer? To answer this
question, we develop an analytical model to describe the consumer return process with or
without a partnership between the physical retailer and the e-tailer. The physical retailer
sells a product via the offline channel, and the etailer sells the identical product via the online
channel. Without the partnership, the consumer can only return the product to the original
seller, while with the partnership, the consumer has the option to return the product bought
from the e-tailer to the physical retailer. With the presence of this retailer return partnership,
when the offline shopping cost is very low and the physical retailer’s marginal return cost
is below a certain threshold, the e-tailer and physical retailer can set their compensation
and prices such that they both achieve an equilibrium with higher profit compared to the
scenario with the retailer return partnership. Conversely, where the offline shopping cost
is high, and the physical retailer’s marginal return cost is also high, the equilibrium prices
will be higher than without the retailer return partnership, and the physical retailer’s profit
will depend on the e-tailer’s marginal return and offline shopping costs. Under this setting,

consumers no longer conduct showrooming at the physical store.

Next, we ask the second question of our paper: What’s the impact of the return partner-
ship on the physical retailer’s profit and the e-tailer’s profit? Our model reveals that forming
a return partnership softens price competition between the e-tailer and physical retailer. The
e-tailer can gain from the return partnership under two specific conditions. One condition
is that when the offline shopping cost is below a certain threshold so that the inconvenience
or additional costs associated with offline shopping are not excessively high, the e-tailer can

benefit from the partnership. The e-tailer can utilize the physical retailer to facilitate re-
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turns, thus increasing their profits by lowering return costs and providing more options to the
consumer. The other condition is that when the offline shopping cost is above this threshold,
as long as the physical retailer’s marginal return cost is below another threshold, the e-tailer
still benefits from the partnership. This situation suggests that if the physical retailer’s cost
of handling returns is relatively low, the e-tailer can effectively outsource the return service at
a cost lower than managing returns independently, thereby improving e-tailer’s profitability.

On the other hand, the physical retailer can also benefit from the consumer return part-
nership with two conditions. The first condition is when the offline shopping cost is above
a threshold, implying that if consumers find it sufficiently inconvenient or costly to shop
offline, they may be more inclined to purchase online. In this case, a partnership with an
e-tailer can introduce more foot traffic to the physical retailer, thus capturing some of the
online market. The second condition is when the physical retailer’s marginal return cost
is above a threshold, suggesting that if it is relatively expensive for the physical retailer
to handle returns, partnering with the e-tailer for return service can alleviate some of the
financial burden associated with returns, thus increasing the retailer’s profitability. Over-
all, the return partnership can lead to a more collaborative relationship between e-tailers
and physical retailers, reducing direct price competition and potentially leading to higher
prices and profits for both retailers. This strategic collaboration could reposition physical
retailers as valuable partners in the e-commerce ecosystem rather than merely competitors

or showrooms for online purchases.

Finally, we ask the third question of our paper: What’s the impact of the return part-
nership on consumers? Would consumers treat physical retailers as showrooms? The results
indicate that consumer surplus can be lower in the cross-return scenario compared to the
no-cross-return scenario under two conditions. The first condition is when the offline shop-
ping cost is above a threshold, suggesting that if consumers find it relatively inconvenient or
costly to shop offline, they may be more inclined to purchase online. The second condition
is when the e-tailer’s marginal compensation to the retailer for handling returns is above a

threshold, implying that if the e-tailer pays a relatively high compensation to the retailer for
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each returned item, it can lead to a decrease in consumer surplus. This finding highlights a
potential trade-off between the benefits of the return partnership for retailers and its impact
on consumers. While the partnership can lead to higher profits for both the e-tailer and the
retailer under certain conditions, it may come at the expense of reduced consumer surplus.
This reduction in consumer surplus could be attributed to the softening of price competition

between the two retailers, leading to higher prices for consumers.
4.2 The Model

Our model considers two firms: a physical retailer and an e-tailer. Both firms offer the same
product, but the physical retailer sells the product through an offline channel, while the
e-tailer sells the product through an online channel. The price of the product in the online

channel is denoted by po, and the price of the product in the offline channel is denoted by

PF.

4.2.1  Consumers’ Choices of Shopping Methods

According to Bell et al. (2018), one of the main reasons consumers visit a physical showroom
is to resolve uncertainty about how well a product fits their preferences by examining it
in person. If consumers find that the product does not suit their tastes, they may choose
not to purchase it. In light of this, our model considers consumers to have heterogeneous
preferences regarding their individual product fit. Following the approach of Gao and Su
(2017), we classify consumers into two categories: (i) fit consumers, for whom the supplier’s
product aligns with their tastes, and as a result, they derive a (gross) utility of v from the
product; and (ii) misfit consumers, for whom the product does not suit their tastes, and
consequently, they receive zero gross utility. In our model, we assume that 6 proportion of
the

consumers in the market are fit consumers, while the other 1 —6 are misfit consumers. Before
the shopping process begins, each consumer is aware of # but unaware of their true fit type.

Consumers have the option to directly purchase a product at a physical retailer’s store,
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a method referred to as "buy-offline." To buy offline, all consumers, regardless of their fit
type, incur a cost related to shopping offline, such as the transportation cost of visiting the
physical store. Forman et al. (2009) have empirically demonstrated the existence of these
disutility costs associated with shopping offline. In this paper, we refer to these costs as the
consumers’ offline shopping cost, denoted by [. If the product fits the consumer’s preferences,
they can purchase it and gain a net utility of v — pg, concluding their shopping experience.
However, if the product does not fit, the consumer will end their shopping without making
a purchase because their net utility of buying the misfit product at the store is negative,
i.e., —pr. Note that before visiting the store, a consumer only knows that the product has a
proportion of @ fitting their taste. Therefore, the expected utility of choosing to buy offline
is
Up=—-1l4+6(v—pFr).

Consumers also have the option to buy the product from the online retailer, which Bal-
akrishnan et al. (2014) call "e-Direct" shopping. When choosing e-Direct, the consumer faces
disutility of online purchasing irrespective of product fit, such as shipping costs and delivery
wait times. Forman et al. (2009) provide empirical evidence that the disutility of buying
online are significant. We refer to this disutility as the online shopping cost, denoted by the
symbol hp. If the delivered product matches the consumer’s preferences, she will retain it,
realizing a net utility of v — pg, concluding her shopping journey.

If the product does not suit the consumer’s taste, she will want to return it because it
only brings a negative utility of —p,. For analytical tractability, we consider that a consumer
receives a full refund po during the return process (Gao and Su 2017), which is becoming
an increasingly common practice in the online retail industry (Green 2018). Additionally,
consumers must bear a return hassle cost ¢ (Anderson et al. 2009, Balakrishnan et al. 2014).
When the physical retailer and the e-tailer do not form a partnership for consumer returns
(referred to as the no-cross-return scenario, or N scenario), consumers must return the prod-
uct through the channels designated by the e-tailer, such as local UPS stores. The return

hassle cost under the N scenario is considered to be ¢ = h,.On the other hand, when both



54

firms form a partnership for consumer returns (referred to as the cross-return scenario, or C
scenario), consumers have an additional option to return their e-Direct purchases by drop-
ping off the misfit product at the physical retailer’s store. Since cross-returning the product
requires consumers to visit the physical retailer’s store, the return hassle cost under the C
scenario is considered to be approximately equal to the offline shopping cost, i.e., ¢ = [.

Note that we consider [ < h,., which suggests that consumers will find it more convenient
to return their e-Direct purchases through the physical retailer’s store compared to other
channels once this option becomes available. Consumers who feel differently are unlikely to
be affected by the return partnership, as they will not consider the cross-return option in
the first place. Therefore, these consumers are not considered in the model.

It is important to mention that when consumers return their Amazon.com purchases at
Kohl’s stores, they may make additional purchases, resulting in demand spillover. A strong
demand spillover is undoubtedly favorable for both consumers and the physical retailer,
making cross-returns a more attractive option for both parties. However, as mentioned in
the introduction, our study aims to identify mechanisms other than demand spillover that
may benefit both the physical retailer and consumers. Consequently, we normalize such
additional sales to zero for the purpose of this analysis.

We assume that the return hassle cost in both the N and C scenarios is sufficiently low,
such that a consumer will always return the product when a misfit occurs. This assumption
has become much more acceptable than it was a decade ago due to the efforts of large e-
tailers and partnering physical retailers to make product returns easy for consumers (Levy
2017, Ketzenberg et al. 2020, USPS 2022). As a result, the expected utility of choosing
e-Direct is

Up=—ho+(0)-(v—po)+(1-10)-(=9).

The third shopping method is showrooming. To engage in showrooming, a consumer
must incur an offline shopping cost [ to inspect the product at the store. If the product
does not fit her taste, she will end her shopping without making a purchase. If the product

fits, she can order it from the e-tailer at the online price pp and bear an additional online
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shopping cost ho, such as waiting for delivery. It is important to note that before visiting
the store, a consumer only knows that the product has a proportion of § to fit her taste.

Therefore, the expected utility of choosing showrooming is

US:_Z‘l’(e)(U_po_ho)'

Consumers are heterogeneous in their online shopping costs, denoted as hp. For instance,
the same two-business-day shipping time may incur different levels of disutility for different
consumers. Consumers with relatively high online shopping costs may consider the price gap
between offline and online purchases to be insufficient to justify the additional disutility they
must bear when buying online, such as extra waiting time for delivery. As a result, these
consumers may not switch to the e-tailer after examining the product at the store. In this
model, we consider that the online shopping cost ho is uniformly distributed in the range of
0, 1].

Consumers will choose their shopping methods based on the highest expected utility
among Ug, Up, and Ug. Unless otherwise noted, we hereafter use the term "demand" to refer
to the quantity of the product purchased and kept by consumers. In other words, it counts
the purchases from consumers who find the product to be a good fit but not the purchases
from consumers who find the product to be a misfit, as the latter will either not purchase
or return the product. Specifically, e-Direct demand ap counts all the e-Direct purchases
from the fit consumers. Showrooming demand ag and buy-offline demand ar count all the
showrooming and buy-offline purchases, respectively, from the same group of consumers. For
the sake of simplicity, we assume that half of the consumers in the market are fit consumers,
i.e., § = 1/2, while the other half are misfit consumers. Before the shopping process begins,
each consumer is unaware of their true fit type. They only possess the knowledge that there
is a 50% probability (1/2) that the product will match their taste and a 50% probability
(1/2) that it will not. The derivation details for each demand can be found in Section A of

the online appendix.
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4.2.2  Cross-Return and Firms’ Profits

This paper focuses on product returns due to misfit, which account for over 90% of total
returns according to existing research (Shulman et al. 2010). When consumers choose show-
rooming or buy-offline, they do not incur returns since misfit consumers would not purchase
the product. The average return rate for brick-and-mortar retailers is around 8.89%, while
for e-tailers it is approximately 30% (Saleh 2016, Garcia 2018).

In the N scenario, the e-tailer bears the cost of handling e-Direct returns, incurring a
marginal return cost of s. We hereafter refer to s as the e-tailer’s marginal return cost. In
the C scenario, the physical retailer handles e-Direct returns, and the e-tailer subsidizes them
with a payment of sp per unit returned. The physical retailer’s cost for handling each unit
return is f.

The firms’ marginal cost of selling the product is normalized to zero, following previous
studies (e.g., Kuksov and Liao 2018). Half of the consumers in the market are fit, while the
other half are misfit. Only misfit e-Direct consumers will make returns. Unless otherwise
noted, hereafter we use superscript ¢ € {N,C} where N indicates variables under the N
scenario, and C' indicates variables under the C scenario. The physical retailer’s and e-
tailer’s profit functions in the N scenario are the following, respectively. Note when 6 = 1/2,

the unfit e-direct demand (%) ag equals ag.

Wg:PF'aF; andﬂg:pO'(aE-Fas)—S'(aE).

In the C scenario, their profit functions are the following, respectively,
78 =pp-ap+ (f —sp) -ag, and 75 = po - (ap +as) — f - ag

The game sequence is as follows: In the N scenario, the physical retailer and e-tailer
simultaneously decide offline price pr and po in the first stage. In the C scenario, the
e-tailer chooses marginal compensation f in the first stage, followed by price competition

between the physical retailer and e-tailer in the second stage. Consumers then make decisions
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based on pp and pg, and the firms’ profits are realized. Each firm aims to maximize its own
profit.

The analysis considers parameter values that satisfy the following conditions in market
equilibrium: (i) the product value is large enough for full market coverage; (ii) at least one
consumer chooses buy-offline; (iii) a decrease in offline shopping cost [ triggers showrooming
before eliminating e-Direct consumers; (iv) offline shopping cost is below threshold [ and e-
tailer’s marginal return cost is below threshold s for showrooming consumers to exist in the
N scenario equilibrium; and (v) physical retailer’s marginal return cost is below threshold sp
for e-Direct consumers to exist in the C scenario equilibrium. Additional technical conditions
for market equilibrium are provided in the online appendix (Section C). Table 1 summarizes

the important notations.
4.3 Results and Managerial Insights

For the remainder of the paper, we use tilde accents for equilibrium variables and hat accents

for variable thresholds. All proofs of lemmas and propositions are in the online appendix.

4.3.1  Equilibrium Analysis

Lemma 4.3.1. Consumers’ choices of shopping methods in the no-cross-return (N) and
the cross-return (C') scenarios are summarized in the following table based on their online
shopping cost and the online price. Note that i = N, C.

The expressions of the thresholds in the table are pY, = pr + 2l — h,, 5, = pr + I,

ﬁg2 = pr — 2l + h,, 2582 = pr — I, ﬁgs = 1383 = pr — 1, thF = (pp—po—f—Ql—h,«)/Z,

4

EgEF = (pr—po +1)/2, iLgES =2l — h,, ﬁgEs =1, and iLgSF = iL(C)’SF = Pr — Po-

Lemma 4.3.1 shows that consumers exhibit similar shopping patterns across the N and
the C scenario. Specifically, when the online price is above an uppermost threshold (i.e.,
po > P, in Case F), all consumers will choose to buy offline. When the online price drops

below the uppermost threshold (e.g., Case E-F), consumers with the low online shopping
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Table 4.1: Key model parameters and variables

Parameters Description
ho Consumers’ online shopping cost
h, Consumers’ return hassle cost through channels other

than the physical retailer

l Consumers’ offline shopping cost

S The e-retailer’s marginal return cost

Sp The physical retailer’s marginal return cost

Variables Description

PE Product’s offline price

PO Product’s online price

f The e-tailer’s compensation to the physical retailer for

each consumer return handled

a; Consumer demand (i = E: e-Direct, i = S: showroom-
ing, i = F": buy-offline)

O The e-tailer’s profit

TE The physical retailer’s profit

cost (e.g., ho < iLbEF in Case E-F) will start to choose e-Direct. When the online price
becomes considerably low (e.g., Case E-S-F), consumers with medium online shopping cost
(e.g., hips < ho < higp ) will choose to do showrooming due to the considerable gap
between the offline and the online price. Consumers with high online shopping cost (e.g.,
he > iL’bSF ) will still stay with buy-offline because they do not want to further incur the
online shopping cost, for example, the disutility of waiting for delivery, after she has borne
the offline shopping cost to visit the store. Lastly, in Case E-S where the online price is

extremely low (i.e., po < Pbs ), no consumer will choose to buy offline.
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Consumer segments based on online shopping cost ho

e-Direct (E) Showrooming (S) Buy offline (F)

Case Online price po

Extremely high

(o > Pp1)
High - -
E-F Ny N [0, ko] o (hopr, 1
(Poa < po < Doy)
Low 74 74 74 74
E-S-F [07 hOES) [h0357 hOSF] (hOSF7 1]

(Pos < po < Dog)

Extremely low

E—S " [07 }AleES) [}AliOESV 1] o
(o < Pps)

The main difference between the N and the C scenario in terms of consumers’ choices of
shopping methods is that the C scenario is a special case of the N scenario where consumers
return hassle cost is equal to the offline shopping cost. To see this analytically, note that
w5, = b, - for j = 1,2,3, hSpp = hup oy 8nd WS = hYps p_y Lhis is because
consumers will return the product to the physical retailer’s store in the C scenario.

It is also worth noting that in both the N and the C scenario, showrooming consumers will
emerge only when the offline-online price gap reaches to a certain threshold. Specifically,
according to the table of Lemma 1, it happens when po < pb,, which is equivaelnt to

pr — po > 2l — h, in the N scenario or pr — po > [ in the C scenario. This will play an

important role in formulating the market equilibrium later.

Lemma 4.3.2. Given the e-tailer’s choice of marginal compensation f in the C' scenario, the
physical retailer’s best response pj. to the e-tailer’s choice of online price po is summarized
in the following table. Note that the column titled "Seg" shows which case in Lemma 1 the

best response p} will lead to.
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Compensation Sub ) )
Case E-tailer’s choice of po D Seg
f case
Po < 15811 =-1 131(1:1 E-S
) D511 < Po < Do = Do E-S-F
High
F1 ( . ) 1-21
f>fm
PS12 < Po < PG5 = P%s E-F
f — Sp — 3l+2
Po13 < PO < Pors = P E-F
f—sp+1+2
PO > Do P%s F
Po < 15821 = 13811 ﬁgl E-S
o Medium D591 < PO < PG9n = 7% E-S-F
(fF2<f§fF1) V2(f—sp—1+1)—
f+sp—1
PHaz < PO < Do = P E-F
13814
po > ﬁ823 ﬁlg5 F
Po < 13831 = ﬁgll ﬁlgl E-5
Low o % o
F3 A A Po31 < PO = Pp3a = Dr2 E-S-F
(fF3 <f<f F2)
1=2\/(=f+sr—1)1
PO > Doz P%s F
Extremely low R N
N Po < p841 = pz(;l E-S
F4 (f < ng)
(f—sp+1)1
po > ]5841 151% F

The expressions in the table above are: fpl = sp+ 10— 1,fp2 = sp— (34+2V2) —

1;fF3 = SF — (1/l) -

(po+ f—sr—1+2)/2,

17 p\gl = p0+17

ﬁng - (pO + 1) /27

and  p%; = po —[. Meanwhile, the e-retailer’s best response py,

ﬁzgzs =po+1, p% =
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to the physical retailer’s choice of offline price pg is summarized in the following table.

Compensation Sub Physical retailer’s
Case v Seg
f case choice of pp
1 pr <prn=f—1 %, F
o1 Low 2 Pr11 < pr < Priz = 5, E-F
(f<f01) V2(f +1) — f+1
3 Pri2 < prp < ppi3 =2 P55 E-S-F
4 PF 2> Pr13 P54 E-S
Hich 1 pr < pra1 =2V f1 P51 F
1g
02 P - 2 Pr21 < pr < Pro2 = P55 E-S-F
(f01 <f< f02) A
PF13
3 PF > DF22 754 E-S
Extremely high A A
. pr <pr31 = fl+1 %, F
03 (f > foz)
2 PF > PF31 P54 E-S

The expressions in the table above are: fo; = (34 2v2)1, fos = 1/1,95, = pr + 1,95, =
(pr+ f+1)/2, 955 = pr/2, and p$, = pr — 1. The physical retailer’s and the e-tailer’s best

responses in the N scenario are relegated to Section B of the online appendix for brevity.

Lemma 4.3.2 shows the physical retailer’s (the e-tailer’s) best response functions given its
competitor’s choice of the online price (the offline price) in the C scenario. As the tables show,
the best response functions are step-wise and depend on the compensation f. Regarding the
e-tailer’s responses (i.e., Case O1-O3 in the second table), when compensation f is low (i.e.,
f< fol ), as the offline price increases from low to high, the e-tailer would respond with an
online price that induces market segmentation from F, E-F, E-S-F, and E-S. This is because
when the offline price is extremely low, i.e., O1-1, the e-tailer would simply give up the entire

market as it is not profitable to compete with such a low offline price. As the offline price
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increases into the range of Case O1-2, the e-tailer would choose a online price p§, that is
relatively close to the online price

The main difference between the N and the C scenario in terms of consumers’ choices of
shopping methods is that the C scenario is a special case of the N scenario where consumers
return hassle cost is equal to the offline shopping cost. To see this analytically, note that
5, = Do, - for j =1,2,3, hSpp = h¥up oy 20d hSps = hYps .y This is because

consumers will return the product to the physical retailer’s store in the C scenario.

Proposition 4.3.1. In the N scenario, the firms’ equilibrium prices and equilibrium profits

are summarized in the following table.

Case Equilibrium profits Equilibrium prices  Seg

N1 ﬁgp ﬁg1 25%1 = %aﬁgl = % E-S-F

In the C scenario, depending on offline shopping cost [ and physical retailer’s marginal
return cost sg, the equilibrium compensation, the equilibrium prices, and the equilibrium

profits are summarized in the following table.

Offline shopping cost [ Equilibrium N )
Case Equilibrium prices Seg
& Marginal return cost sp compensation & profits
lgiﬁ and 0 < sp < S, or
Cl (4 <1<ifand0< sp < 8p, or AL, 78,78, P
o o . Prj = 3,P0; = 3
o o ~ ~ : O ~C (]:17273)
C2 Iy <1<} and 511 < sp < 5p. f2, T THo
7C C s =
o3 I <1 <Ili3and 512 < sp < 5F, or f ~C =
o o R . 3" F3: 103
I3 <1 <1, and 5p12 < sp < 8p13.
. - ~ f4 can be any value in . PR
o4 {3 <1<, and 313 < sp < 5F, or Ppy = [+ 73—, -

[fAQI;fA22}7

~C' 2—sp+l
~-C ~C Po4 _f+ 3F
TE4, TO4

lﬂ<l<[and§F22§sF<§F.

Part of the expressions in the tables above are: [§, = (V13 — 3)/6,15, = (V2 —1)/3,
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1S, = (24v/2 —25)/51,1%, = (2¢/2—2)/3, 8511 = 1+ (1/90), 8515 = (5+2v2 — (9+61/2)1) /3,
dp1s = (T+4vV2 — (18 +12v/2)1) /3,890 = (4 — (4 +3v2)1)/2, f1 = 0, fo = sp — 1 — (1/9])
fs=sr+B+2V2l— (5+2v2)/3, fu = (142V2— (T+5V2)l — (V2 1)sp) /3, and
foz = ((7 +5V2) + (24 V2)sp — (4 + 2\/§)> /3. The rest of the expressions are relegated

to Section C' of the online appendix for brevity.

Proposition 4.3.1 shows the equilibrium prices, profits, and market segmentation under
both the N and C scenarios. In the N scenario, where consumers can only return products

to the original seller, there is a single equilibrium case (N1) with equilibrium prices p¥, = %

and P = % for the physical retailer and e-tailer, respectively. The market is segmented into
three groups: consumers who purchase from the e-tailer (E), those who showroom (S), and

those who purchase from the physical retailer (F).

In the C scenario, the equilibrium outcomes depend on the offline shopping cost [ and
the physical retailer’s marginal return cost sp. The proposition identifies four distinct cases
(C1, C2, C 3, and C4 ) based on different ranges of these parameters. In cases C1,C2, and
C 3, the equilibrium prices for both the physical retailer and e-tailer remain the same as in
the N scenario. The market segmentation also remains unchanged, with consumers divided
into e-tailer purchasers, showroomers, and physical retailer purchasers (E-S-F). However, the
equilibrium compensation paid by the e-tailer to the physical retailer for handling returns
( fi, fa, fg) and the equilibrium profits ( #%,, 75, 7%, TSy, Ths, 755 ) differ across these cases.
In case C'4, which occurs when the offline shopping cost and the physical retailer’s marginal

return cost are relatively high, the equilibrium prices are functions of the compensation (f),

offline shopping cost(l), and marginal return cost (sr). The physical retailer’s equilibrium

price is p%, = f + %F_l, while the e-tailer’s equilibrium price is 5§, = f + Q_STFH The
equilibrium compensation ( 1 ) can take any value within the range [ fgl, fgg |. In this

case, the market is segmented into only two groups: e-tailer purchasers and physical retailer

purchasers (E-F), with no showroomers.

This lays the foundation for understanding the impact of the cross-return partnership on
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the equilibrium outcomes in the market. Figure 4.1 summarizes the different cases that arise
in the C scenario based on the offline shopping cost [ and the physical retailer’s marginal
return cost sp. It highlights how the offline shopping cost and the physical retailer’s marginal
return cost influence the equilibrium prices, profits, and market segmentation under different

scenarios.

7/3

C4.
No show

-roomin
C1 5

Cl1, C2, C3:
Engage showrooming

Physical retailer’s marginal return cost s,

0 Offline shopping cost / 1/3

Figure 4.1: Summary of cases in C scenario from Proposition 1
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4.3.2  Comparison of the N and the C Scenario

Based on the previous result, we next discuss the effects of the cross-return partnership on

the etailer and physical retailer’s corresponding profits and consumer surplus.

Proposition 4.3.2. The e-tailer is better off in the C' scenario than in the N scenario:
1. When the offline shopping cost is below a threshold, i.e., [ < lAfl,

2. or otherwise, when [ > Z‘{l and the physical retailer’s marginal return cost is below a

threshold, i.e., sp < Sp3.

The e-tailer cannot be better off in other market conditions.

The physical retailer can be better off in the C' scenario than in the N scenario:
1. When the offline shopping cost is above a threshold, i.e., [ > lA§3, and
2. the physical retailer’s marginal return cost is above a threshold, i.e.; sp > Spy.

The physical retailer cannot be better off in other market conditions. The expressions of

[, and [{5 are presented in Proposition 1. The remaining expressions are:

Srs = 142—\/2— 185 (21— h,), and $py = max {gm,z C13va LV 1TV2 - 36l)}

Proposition 4.3.2 states that the e-tailer can gain from the return partnership under
two specific conditions. One condition is that when the offline shopping cost is below a
certain threshold, i.e., [ < iﬂ, the e-tailer can benefit from the partnership. In this case, the
inconvenience or additional costs associated with offline shopping are not excessively high.
The e-tailer can utilize the physical retailer to facilitate returns, thus increasing their profits
by lowering return costs and providing more options to the consumer. The other condition
is that when the offline shopping cost is above this threshold, i.e., [ > lAfl, as long as the

physical retailer’s marginal return cost is below another threshold, i.e., sp < 5p3, the e-tailer
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still benefits from the partnership. This situation suggests that if the physical retailer’s cost
of handling returns is relatively low, the etailer can effectively outsource the return service at
a cost lower than managing returns independently, thereby improving e-tailer’s profitability.
On the other hand, the physical retailer can also benefit from the consumer return part-
nership under two conditions. The first condition is when the offline shopping cost is above a
threshold, i.e., [ > lA‘f3, implying that if consumers find it sufficiently inconvenient or costly to
shop offline, they may be more inclined to purchase online. In this case, a partnership with
an e-tailer can introduce more foot traffic to the physical retailer, thus capturing some of the
online market. The second condition is when the physical retailer’s marginal return cost is
above a threshold, i.e., sp > Spy, suggesting that if it is relatively expensive for the physical
retailer to handle returns, partnering with the e-tailer for return service can alleviate some
of the financial burden associated with returns, thus increasing the retailer’s profitability.
Under certain market conditions, the return partnership can lead to a more collaborative
relationship between e-tailers and physical retailers, reducing direct price competition and
potentially leading to higher prices and profits for both retailers. This strategic collabora-
tion could reposition physical retailers as friends in the e-commerce ecosystem rather than

enemies, or merely showrooms for online purchases.

Proposition 4.3.3. Consumer surplus is lower in the C' scenario compared to the NV scenario

when:

A~

1. The offline shopping cost is above a threshold, i.e., [ > [{;, and

2. The e-tailer’s marginal compensation f is above a threshold, i.e., f > fl.
Note that f; = (sp — 1)* /36 — (20 — h,)* /2 + (41/9) + (55£/9) — (11/18).

Proposition 4.3.3 reveals an intriguing insight into the impact of the return partnership on
consumer surplus. The results indicate that consumer surplus can be lower in the cross-return

(C) scenario compared to the no-cross-return ( N ) scenario under two conditions. The first
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condition is when the offline shopping cost is above a threshold, i.e., $1 > \hat{l} {13} Ac$,
suggesting that if consumers find it relatively inconvenient or costly to shop offline, they may
be more inclined to purchase online. The second condition is when the e-tailer’s marginal
compensation to the physical retailer for handling returns is above a threshold, i.e., $f >\
hat {f} 1%, implying that if the e-tailer pays a relatively high compensation to the physical
retailer for each returned item, it can lead to a decrease in consumer surplus.

This finding is particularly interesting because it highlights a potential trade-off between
the benefits of the return partnership for retailers and its impact on consumers. While the
partnership can lead to higher profits for both the e-tailer and the physical retailer under
certain conditions, as discussed in Proposition 2, it may come at the expense of reduced
consumer surplus. This reduction in consumer surplus could be attributed to the softening
of price competition between the two retailers, leading to higher prices for consumers.

Moreover, the result suggests that when consumers face high offline shopping costs, they
may be more likely to purchase online. In this case, the return partnership could further en-
courage online purchases by providing a more convenient return option through the physical
retailer. However, if the e-tailer’s compensation to the physical retailer for handling returns
is relatively high, it could lead to higher online prices, ultimately reducing consumer surplus.

This proposition highlights the importance of considering the impact on consumers when
implementing strategic partnerships in the retail industry. While such collaborations can
benefit retailers, it is crucial to ensure that they do not come at the expense of consumer
welfare. Retailers should strive to find a balance that allows them to enhance their prof-

itability while still providing value and competitive prices to consumers.
4.4 Conclusions and Future Research Directions

This paper investigates the impact of consumer return partnerships between e-tailers and
retailers on their demand-side competition and profitability. Our analytical model reveals
that such partnerships can soften price competition between the two types of retailers, po-

tentially leading to a win-win situation for both parties under certain market conditions.
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Specifically, when the offline shopping cost is below a threshold or when it is above the
threshold but the retailer’s marginal return cost is sufficiently low, the e-tailer can benefit
from the partnership. On the other hand, the retailer can gain from the collaboration when
the offline shopping cost is high, and its marginal return cost is above a threshold.

However, our findings also highlight a potential trade-off between the benefits of the
return partnership for retailers and its impact on consumers. The softening of price com-
petition may lead to higher prices, resulting in a decrease in consumer surplus when the
offline shopping cost and the e-tailer’s compensation to the retailer for handling returns
are above certain thresholds. These insights contribute to the growing literature on con-
sumer returns and the strategic interactions between e-tailers and traditional retailers. Our
study underscores the importance of considering the indirect effects of return partnerships on
demand-side competition and consumer welfare, in addition to the direct benefits of increased
foot traffic and reduced return costs.

Future research could explore several extensions to our model. First, incorporating the
impact of demand spillovers, where consumers returning products to the retailer make ad-
ditional purchases, could provide a more comprehensive understanding of the partnership’s
effects. Second, considering heterogeneous consumer preferences for the online and offline
channels could offer further insights into the market segmentation and competitive dynamics.
Finally, empirical studies could test the predictions of our model and quantify the impact of
return partnerships on retailer profitability and consumer surplus in real-world settings.

As e-commerce continues to grow and evolve, understanding the strategic implications
of innovative partnerships between online and offline retailers will be crucial for firms to
maintain their competitive edge and make informed decisions that benefit both their bottom

line and their customers.
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Chapter 5

AFRAID OF NICHE, TIRED OF MASS: ATYPICAL IDEA
COMBINATION ON CROWDFUNDING PLATFORM

5.1 Introduction

Ideas are connected. Many models of creativity see new ideas as innovative combinations
of existing ideas. The most well-known models among them should be the application of
Darwinism in the behavioral sciences proposed by Campbell (1960). “Blind variation and
selective retention in creative thought” (BVSR) illustrate the process of creativity, which
also gained even more support during decades of research. As Simonton (1999) points out,
the focus of this model is not the selection process but the variation process. The variations
come from two means: recombining old genes and providing new genes through mutation.
The metaphorical application of this theory describes the generation of new ideas. In this
paper, we focus on crowdfunding ideas from an idea combination perspective, a major source
of new variation, similar to the recombination of old genes in biology. Even though research
on creativity has a long history, only recently have researchers found empirical evidence to
support these theories. Wei (2020) argues that a new idea usually follows a stream of similar
ideas yet simultaneously combines atypical elements from ideas outside this stream. Ideas

that balance well familiarity and atypicality are considered as more creative (Toubia and

Netzer 2017).

Hundreds of crowdfunding platforms have driven and witnessed the flourishing of crowd-
funding during the past decade. The total volume increased rapidly across countries and
gained more and more attention. In 2010, the global crowdfunding market was valued at
0.8 billion US dollars (Massolution 2013); in 2018, the number reached 10.2 billion US dol-
lars and is expected to increase to 28.8 billion US dollars by the end of 2025 (QYResearch
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2019). Creativity is essential to crowdfunding project success. If we take a closer look at
the projects on Kickstarter.com, we notice that novelty is the key to success. One project
from it, terraplanter, has already raised $4,502,569 by June 2020, wildly beyond the original
goal of $20,000*. The main product is a vessel. But it takes only water and allows users to
visibly follow the plant growth and flourishing process on the planter’s exterior surface. No

doubt, the novel design leads to its ultimate success.

Existing works on crowdfunding success have focused on the mechanism (Chemla and
Tinn 2020), forms of crowdfunding (Belleflamme et al. 2014), and information revealing
(Burtch et al. 2016). Extant research on atypicality innovation has found it to be important
in scientific paper’s impact (Uzzi et al. 2013), perceived creativity of ideas (Toubia and
Netzer 2017), and motion picture popularity (Wei 2020). We are among the first to bridge
the two streams of literature and investigate the business value and working mechanisms of
atypicality innovation in crowdfunding. Specifically, our research questions are: (i) How to
identify different idea combination patterns? (ii) What combination of ideas leads to high
crowdfunding project outcomes? (iii) What are the underlying mechanisms that drive the

prominent performance?

To address these questions, we choose our research context as modian.com, a crowdfund-
ing website focusing on cultural and creative industries that was founded in 2014. Modian
is one of the three biggest and most influential platforms in China and is regarded as “Kick-
starter in China”. For our work, we collect all the projects on this platform from 2014 until
Feb 8, 2020. There are, in total, 1,826 projects with 1,062,182 donors and 1,087 organizers.
We collect the data from three dimensions. Firstly, we retrieve all the user-level data, in-
cluding all the projects they have donated to. Secondly, we look at it from the perspective of
projects. We collect projects’ text descriptions, user comments, the response of organizers,
updates, locations, organizers’ names, the categories they belong to, the amount that has

been funded, the goal of the fundraising, number of users that have donated to the projects,

Ihttps://wuw.kickstarter.com/profile/terraplanter
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start date, and end date. Lastly, we collected the information of organizers, including the
number of followers that organizers have (i.e., number of fans) and the number of projects
they have created.

We first capture the different idea combination types by establishing a similarity network
of crowdfunding projects. The nodes in the network are the projects, and the link between the
two nodes represents that the two related projects are similar. We measure similarity between
any pair of projects by calculating the semantic distance between the two projects’ titles and
descriptions. A project’s atypicality or familiarity can be measured by the connectivity of its
neighbors in the similarity network (Wei 2020). If the neighbors are less connected, it implies
that the project is combining ideas from more distinct streams. If the neighbors are closely
and extensively connected, it means the project is grounded in mainstream ideas. Then we
leverage a cluster-robust double machine learning (DML) with Lasso (Chernozhukov et al.
2018) to investigate the relationship between atypicality innovation and project performance.

We find that (i) atypical combinations of mainstream and niche ideas greatly affect the
success of crowdfunding projects by increasing the amount funded by almost five times;
(ii) time affects how well atypical projects perform, with projects launched later exhibiting
better performance; (iii) although donors are attracted by niche projects, the average amount
donated by each donor is also lower; (iv) projects that are classified as experience goods have
a dominant impact on the significant effect of niche projects; (v) the comments of mainstream
projects are more negative, especially the idea related comment.

Based on the results we show above, our study provides important implications. We
show that organizers should consider grounding their projects in the mainstream while also
combining niche ideas to achieve success. We propose that the underperformance of niche
projects is due to a duel pathways mechanism. The positive appealing effect cancels out
the uncertainty inherent in niche projects. For mainstream projects, however, this poor
performance originates from the audience’s weariness. Though atypical projects stand out
from the herd, we also show that it takes time before the audience adopts this new way of idea

combination. Donors gradually become confident and convert to atypical projects. Lastly,
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by comparing the DML method to other models, we find that crowdfunding data can suffer
from endogeneity, nonlinearity and high dimensional issues. DML method requires the least
model assumptions compared to traditional statistical models and resolves the regularization
bias and regulation bias commonly seen in other machine learning models.

We contribute to the literature in several ways. First, although previous studies have
made great efforts to identify atypicality, there is a lack of a universal interpretable paradigm
that is readily applicable. Our study is among the first to model the process of idea com-
bination and utilize it to differentiate various patterns of idea combination. The proposed
method is not only validated by multiple robustness checks but also returns consistent results
when using different outcome metrics. Second, we propose several underlying mechanisms
from the donors’ perspectives. We present the potential reasons why niche projects and
mainstream projects are not well received, which is further validated by sentiment analy-
sis, across product categories analysis, etc. We also highlight the important role of time in

donors’ adoption process of atypical idea combination.
5.2 Project Similarity Network Construction

We use the semantic similarity of project titles and descriptions to determine the similarity
between two crowdfunding projects and construct a similarity network of these projects.
In this section, we show how we measure semantic similarity and validate the semantic

measurement in detail and how we construct and validate the network of projects.

5.2.1 Semantic Similarity

The title and description of a project summarize the main idea of the project. To measure
the semantic similarity between two projects, we embed each project into a numerical vector,
which contains the semantic information of the title and description. The cosine distance of
the vectors indicates the semantic distance between the projects.

To do this, first, we extract key information from a project’s title and description. We

extract keywords and their corresponding weights from the title and description using the
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term frequency—inverse document frequency (TF-IDF) algorithm (Rajaraman and Ullman
2011), a common term weighting scheme in information retrieval. The TF-IDF weight of
a word increases proportionally to the number of times the word appears in the document
and is offset by the number of documents in the corpus that contains the word. By its
construction, such a weight indicates the informativeness of the corresponding keyword in
the title or description. Formally, for each project i, we extract top K keywords {wF}&
with the highest TF-IDF weights from its title and description and use {vf}£ ;| to denote
their corresponding TF-IDF values. Here K is a hyper-parameter. In our dataset, we find
that the title and description contain at most 104 words for all projects, with a mean of
72.62 and a standard deviation of 15.34. Considering these words contain stop words, we
set K equal to 50%. If the number of words in the title and description is less than 50, we
extract all the words.

Next, we use a pre-trained Chinese Word2Vec model® (Song et al. 2018) to map these
keywords into 200-dimension vectors. The Word2Vec model is a commonly used statistical
language model proposed by Mikolov et al. (2013), which maps a word to a high-dimensional
vector that contains semantic information about the word. The model can exploit the se-
mantic information of words and judge the semantic similarity between words by calculating

the cosine distance between corresponding word vectors. With the model, we map each
k

keyword w¥ to a 200-dimension vector w¥.

Third, we construct the semantic embedding vector e; for each project ¢, by using the
weighted average of its word vectors of the keywords with respect to their TF-IDF weights.
It is empirically shown that averaging the embeddings of words in a sentence is a surprisingly
successful and efficient way of obtaining sentence semantic information (Arora et al. 2019,

Kenter et al. 2016). Formally we have e; = 3, vFw”. By doing so, we give higher weights

to keywords that are more informative. We then normalize all e; to unit vectors so that the

2We changed K to 20 and 100 and found our semantic similarity measurements were not sensitive to
this parameter.

3The model provides embeddings for over 8 million Chinese words and phrases, which are pre-trained on
large-scale, high-quality data (Song et al. 2018).
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inner product of two vectors will represent their cosine distance and range from -1.0 to 1.0.

Finally, for each pair of projects (¢, 7), we compute their similarity distance s;; by using
the cosine distance of their embedding vectors, i.e., s;; = e; - e;.

We validate our embedding vectors as follows. If our vectors summarize the semantic
information of the projects, they should be able to differentiate projects that belong to
different categories. Such a practice is a common way to validate embedding vectors (Grbovic
and Cheng 2018, Wang et al. 2018, Yu et al. 2022a). In our original dataset, there are
1,826 projects. Game (674 projects) and Design (455 projects) are the two categories that
contain the highest number of projects. We also randomly select another category, Food, the
projects which should be semantically different from those in Game and Design. For projects
in the three categories, we use the T-distributed Stochastic Neighbor Embedding (t-SNE)
algorithm (Maaten and Hinton 2008) to reduce our 200-dimension vector to 2 dimensions. It
is a nonlinear dimensionality reduction technique well-suited for embedding high-dimensional
data for visualization in a low-dimensional space of, for example, two or three dimensions.
We find that projects in category Game, Design and Food clearly form three clusters (Figure
5.1). The results indicate our embedding vectors are valid in terms of measuring semantic

distance.

5.2.2 Network Construction and Validation

We propose to use the similarity distance calculated by semantic analysis to build the
projects’ similarity network. We use a threshold a to discretize numerical distances to
binary outcomes. If the semantic similarity of a pair of projects is above the threshold, we
consider these two projects to be similar and build a link between the two projects. The
optimal choice of o (o = 0.90) is derived by considering both the validity of text analysis
and atypicality, which we will further illustrate in the following section. As shown in Figure
5.2, each node represents a project, and an edge represents that two projects are similar to
each other based on semantic distance. We choose three timestamps every two years and

show the evolvement of the network. From the plots, we notice that there exists a core-
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Figure 5.1: Visualization of three categories via t-SNE
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peripheral structure. A large proportion of the projects are similar to each other, whereas
others are peripheral and isolated, meaning that they are unique compared to others. There
are also some projects which connect to both the core and some of the peripheral projects.
Such projects are typically considered innovative by using “atypical combination” (Uzzi et al.
2013, Wei 2020). Further, as time goes by, the core grows bigger while, at the same time,
more projects are connected to the network. This evolvement is in accord with the creation
process of projects we assume. Organizers combine ideas from previous projects and they
combine ideas differently. Some choose to ground the projects in the mainstream, while
others choose to add atypical elements from peripheral projects.

To check the validity of the constructed network, Table 5.1 shows a logistic regression
for all pairs of projects. The dependent variable is a dummy variable indicating whether
there is a link between these two projects in the network. The independent variables are
shown below. First, belonging to the same category is significantly associated with linkages.
Apart from that, having the same organizers almost guarantees similarity. This echoes our

result that sharing the same organizers is a significant indicator of the similarity between
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Figure 5.2: Similarity network of crowdfunding projects

(a) 2016 (b) 2018 (c) 2020

two projects. We also calculate the date difference between the release of two projects and
include the first order and second order in the regression. The coefficients are negative and
positive, respectively, indicating that the similarity decreases with longer release intervals
within a period. After reaching a threshold, the similarity increases. This corresponds to
the bandwagon effect that is commonly seen on crowdfunding platforms. Organizers learn
from recent successful projects or hot topics on social media and follow the trend until new
trends gain more attention. Therefore, we see a trend effect within a period. Lastly, we
use the number of common donors to measure the similarity between the two projects. If
two projects share common donors, the projects have latent characteristics that meet donors’
joint preferences. With more sharing donors, the joint preferences become more specific (Wei
2020). Therefore, if two projects share many common donors, they must have particular
characteristics in common, indicating high similarity. This agrees with our model that the
projects are more likely linked if they share more common donors. In sum, the similarity

measure obtained by our machine learning model is verified by the four interpretable features.

Through this logistic regression, we can check the robustness of our project similarity

network by choosing different thresholds . We also choose o around 0.90 and perform the
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logistic regression again. We find that the variables in these regressions are statistically

significant and have expected signs, indicating that our similarity network is not sensitive to

the choices of a.

Table 5.1: Logit Regression Predicting Links

Variable Coefficient

Intercept -4.60%H* (0.0645)
Same category 1.49%** (0.0146)
Sharing organizer(s) 1.49%* (0.0531)
log(Date difference) -0.3217%** (0.0257)
log(Date difference)? 0.0435%** (0.00256)
log(Number of sharing donors) 0.282%4% (0.00670)
N 1,666,225

Note: * p < .1, ** p < .05, *** p < .01. Standard errors in parentheses

5.3 Descriptive Analysis

In this section, we will talk about how we distinguish between niche and mainstream ideas.

Based on that, we also show how we define different types of idea combinations.
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5.3.1 Niche Ideas and Mainstream Ideas

Previous studies (Uzzi et al. 2013, Toubia and Netzer 2017) have theorized and applied the
idea of combinatorial creativity to a different context. In our case, we see that more than
70% (1,341 out of 1,823) projects are connected in the project similarity network. So it is
reasonable to think of one project as a combination of previous ideas. This general point
is also especially true because of the nature of the crowdfunding platform in our study.
Modian is a crowdfunding platform focusing on creative cultural industries such as board
games, animation, books, etc. The targeted area and audience determine the fact that ideas

are concentrated and closely connected.

As Uzzi et al. (2013) pointed out, creativity results from the optimal balance between
novelty and familiarity. Novel ideas are usually less known, more eye-catching, and also
riskier. Ideas that people are familiar with are less risky but also less attractive. Therefore,
we can correspondingly classify the ideas that projects grounded themselves in into two
categories, niche ideas and mainstream ideas. For example, the anime garage kit is one stream
of projects on the platform. Organizers produce creative figurines depicting characters from
various anime. The bigger idea behind these projects can be generalized as the garage kit.
The difference is that they center around different anime or characters for each project. So we
can identify garage kit as a mainstream idea and anime as either a niche or mainstream idea
depending on its popularity. So following Toubia and Netzer (2017), we construct a semantic
similarity network of all projects. For any given project j, there is a local network, where
nodes are j’s prior similar projects (not including j), and links indicate whether any pair of
these projects are similar. Hereafter, we refer to this network as j’s local network. Figure
5.3 shows four typical local network structures. Project 81015 has seven interconnected
nodes in its local network, which form one big cluster. We can conclude that project 81015
follows a mainstream idea. Similarly, project 706 has one large cluster but one singleton
disconnected from the cluster. So, project 706 combines a mainstream idea and a niche idea.

Project 45748, however, has three clusters, a major one and two minor ones. Building on
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the mainstream idea, this project combines more niche ideas. The last project has four small
clusters in its local network, which means combining four niche ideas and no mainstream

ideas.

Figure 5.3: Local Network
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We can easily identify project 81015 as a project grounded in mainstream ideas. The
challenge is to classify the other three projects properly. Therefore, we focus on the clusters
from local networks with more than one cluster. There are 1044 clusters, and 70.9% of them
have a size less than or equal to 2. Considering originality and creativity are usually viewed
as crucial features of niche ideas, and the general classification rules between the niche and

the popular products, we set the threshold between niche and mainstream ideas as 2.
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5.3.2  Types of Projects

Using the niche-mainstream idea paradigm, we identify four types of projects on this plat-
form, i.e., mainstream projects, atypical mainstream projects, niche projects, and atypical

niche projects.

Table 5.2: Summary of Different Types of Projects

Type of Projects  Count Avg(Idea Count) Avg(Idea Size)

Mainstream 617 1 26.512
Atypical Mainstream 288 2.441 7.486
Niche 291 1 1.265
Atypical Niche 137 2.431 1.210

Mainstream projects correspond to project 81015 in Figure 5.3. In its local network, prior
similar projects form only one large cluster, i.e., one mainstream idea. We can conclude that
project 81015 only learns from this mainstream idea, and we classify it as a mainstream
project. In contrast, we categorize projects 706 and 45748 as atypical mainstream projects.
They not only gain inspiration from mainstream ideas but also niche ideas. This non-
conventional combination of previous ideas makes them both related and atypical of the
mainstream. Similar to mainstream ideas, if a project only has one small cluster in its local
network, i.e., it only learns from a niche idea, we call it a niche project. However, if a project
combines multiple niche ideas as project 8124 in Figure 5.3, it is atypical of any of these niche
ideas. Hence, we categorize it as an atypical niche project. For nodes that are singletons
in the whole project similarity network and nodes that are the first among their similar

projects, they do not borrow any ideas from previous similar projects. They are essentially
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different from projects with small clusters in their local network since they are outside the
framework of idea combination. So instead of defining them as niche or atypical niche ideas,
we remove them from the model.

If we lower the linkage threshold « in the project similarity network, there will be more
linkages. With more linkages, the number of small clusters will decrease. Given the definition
of atypicality, we can easily conclude that lowering the linkage threshold dilutes atypicality.
If the threshold is excessively low, all nodes in the similarity network will connect to each
other. Then, no meaningful pattern can be found. On the other hand, if we increase the
linkage threshold to a sufficiently large value, there will not be enough linkages to build
the network, and the number of atypical projects will also decrease. Again, no meaningful
pattern can be detected. Thus, it is essential to set an appropriate threshold value such that
we can understand the atypicality of each project in a meaningful way. As we detail later,
choosing « around 0.90 produces a robust similarity network that is neither too sparse nor

too dense, from which consistent patterns are detected.
5.4 Empirical Strategy

There are several main challenges in the empirical analysis of causal inference of idea com-
bination on projects’ outcomes. First, the endogeneity issue in constructing the similarity
network can make the estimates based on ordinary least squares (OLS) unreliable. Second,
since organizers can create multiple projects, there also exists within-organizer correlations.
Third, multiple control variables may exert nonlinear effects on the outcomes. For example,
the interaction between multiple variables can significantly influence the outcome. Orga-
nizers who have created more projects previously are also likely to have more fans. Hence,
to solve the aforementioned concerns, we compare the results using different models. Our
baseline model is OLS. Then, we construct two-stage least squares by including seven instru-
mental variables. Further, to improve the accuracy and reduce model dependence, we employ
double machine learning (DML) with Lasso (Chernozhukov et al. 2018), which enables us to

add high-dimensional, nonlinear terms and resolves the curse of dimensionality. Finally, we
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implement a cluster-robust DML (Chiang et al. 2022) to account for the within-organizer

correlations in the DML procedure.

5.4.1 OLS Model

Equation 5.1 motivates baseline OLS model specifications that relate the observed project’s
outcome to project’s type (constants omitted for brevity). Each project has a preset fundrais-
ing goal, and we use the percentage funded of this goal, Pct F'unded, to measure its success.
Atypical Mainstream;, Niche;, and Atypical Niche; are all dummy variables, indicating the
type of projects. We use Mainstream; as the baseline, so the coefficient [ is compared to
it. In addition, x; is a vector of control variables, as shown in Table 5.3. There are mainly
two groups of variables, project-level controls and organizer-level controls. For project-level
controls, we use the fundraising duration, the category it belongs to, count of updates, etc.
For organizer-level controls, we employ the number of fans and the number of projects or-
ganizers have initiated. To account for within-organizer correlation, we allow the standard

errors to be clustered at the organizer level.

log(PctFunded;) = By Atypical M ainstream; + py Niche; + BoAtypical Niche; + vyx; + €;
(5.1)

5.4.2 Two-Stage Least Squares

We then estimate our data with two-stage least squares. Our instrumental variable specifi-
cations address confounding due to unobserved organizers’ characteristics and simultaneity
issues rising from the similarity network. Our instruments are motivated by the learning
process of organizers. As Weitzman (1998) points out, “knowledge can build upon itself in
a combinatoric feedback process.” One channel of knowledge comes from previous projects
posted on the platforms. Therefore, we collect the number of projects organizers have liked,
favored, and backed. If an organizer like a project, he will be more likely to learn from

it, which further influences his decision about project type. Additionally, organizers are
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Variables Description Mean Std. Max
Outcome variables
PctFunded Percentage funded of the preset fundraising goal 443.0 1275.9 19542.1
DonorsCt Number of donors 536.6 2010.8 31866
AvgAmount Average amount backed by donors 280.7 450.4 9733.6
IdeaRatio Idea related comments ratio 0.26 0.15 1
NegativeRatio Negative comments ratio 0.041 0.047 0.50
Control variables
Timelnterval Duration of fundraising of a project 36.8 15.9 141
IdeaC't Number of ideas combined in a project 1.46 0.80 7
CatTelevision Category television 0.16 0.37 1
CatFood Category food 0.028 0.16 1
CatGame Category game 0.56 0.50 1
CatCreativity Category creativity 0.25 0.43 1
UpdateCt Number of updates released by the organizer 9.18 11.4 98
FanCt Number of fans each organizer has 1031.4 1696.0 9624
CommentC't Number of comments each project has 385.0 1606.9 40452
ProjectCreatedCt Number of projects each organizer has initiated 4.01 5.50 27
FolSimilar ProjectCt ~ Number of similar projects after the release of this project 15.7 25.2 259
Projects Type (PT)
Atypical Mainstream ~ Dummy variable, indicating a project is an atypical mainstream 0.22 0.41 1
project
Mainstream Dummy variable, indicating a project is a mainstream project 0.46 0.50 1
Niche Dummy variable, indicating a project is a niche project 0.22 0.41 1
Atypical Niche Dummy variable, indicating a project is an atypical niche project  0.10 0.30 1
IVs
Atypical Niche LN Average Atypical Niche in the local network 0.11 0.21 1
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also very likely to learn from prior similar projects. Hence, we also employ the average of
Atypical Mainstream;, Niche;, Atypical Niche;, and Mainstream; from its local network.
This learning process can also validate the exclusion conditions. The projects an orga-
nizer likes or are similar to are not directly connected to the project he creates. Additionally,
the learning process of organizers is unobservable to donors. Thus, the correlation between
the project’s performance and the projects that organizers potentially learn from originates
from how organizers construct the project, not other causal processes. Therefore, the instru-
ments are exogenous to donors’ decisions. To construct two-stage least squares, we build the

following model:
PT;, =6z + 0x; + ¢;
_ (5.2)
log(PctFunded;) = BPT; + yx; + €
The first equation is the first-stage regression, where z; is a vector of instrumental vari-
ables, x; is a vector of controls, and PT; is the project type. The F-statistic on the in-
struments greatly exceeds the rule-of-thumb threshold, which validates the relevance of the
instruments. We obtain the estimated PT; from the first-stage regression and include it
in the second-stage equation, as the second equation shows. The Sargan statistic is 3.492

(p = 0.479). The p-value is much higher than 0.05, indicating that the instrument variables

pass the exogeneity test.

5.4.3 Debiased (Double) Machine Learning

To resolve the complex issues suffered by our dataset, we employ the DML method to estimate
the effect of different idea combinations on the performance of each project. We first describe

the basic setup that takes the form of the following partially linear IV regression model:

log(PctFunded;) — BPT; = g(X;) + G, E[G | 2z, Xi] =0, (53)
5.3
zi =m(X;) + Vi, E[V; | Xj] =0,
where PctFunded; is the project outcome, X; is the controls and, z; represents organizers’

learning-related instrument variables. ¢(-) and m(-) are unknown nonparametric functions

to be estimated. To consistently estimate [, it involves valid inference on g(-) and m(-).
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However, a naive application of machine learning will result in inconsistent estimates B
(Chernozhukov et al. 2018). Thus we alternatively construct the DML model that overcomes

the “regularization biases” using orthogonalization.

Wi=UB+G, E[G]|z,X]=0,
W; = log(PctFunded;) — ¢(X;), ((X;) = E[log(PctFunded;) | X;], (5.4)
5.4
U, = PT, — h(X:), h(X:) = E[PT; | X,

Vi=z—-m(X;), m(X;)=E[z|X,]

We can summarize the procedure as follows: First, we use machine learning methods and
cross-validation to estimate ¢, h, and m. We divide the data into D equal-sized folds, and
then for each fold d = 1, ..., D, we run a lasso regression on the other D —1 folds. According
to Chernozhukov et al. (2018), the selection of D is usually 5 or 10. To get a robust estimator,
we tried 10, 15, and 20, and the results remain consistent through different choices. The
estimated results are ﬁ*d(i)), R4 and m(~4®). Then from Equation 5.4, we can obtain the
estimated residuals as I//I\/i, ﬁi, and V. Using these estimations, by two-stage least squares,

we can get our estimator 3.

We notice that in our context, the data is indexed one-way by organizer . For the same
organizer, their projects are likely to share some similarities. Therefore, our data entail
a one-way dependence. The clustered structure implies a correlation of errors from train
and test samples in the cross-fitting procedure if we employ the DML method. Therefore,
we further propose a cluster-robust DML model (Chiang et al. 2022). The key difference of
cluster-robust DML is a special sample splitting method used for the cross-fitting. To achieve
independent data splits, Chiang et al. (2022) propose to incorporate the clusters into the
partitioning process. For one-way clustering, we assume N clusters in the first dimension, and
a K fold crossing-fitting. Then we randomly assign N clusters into K subsets {I,--- , Ix}.
We train the model on a specific fold and use the other folds for prediction. In this way, we

ensure the independence between train and test samples.
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5.4.4 Results

To address the causal inference between idea combination and projects fundraising perfor-
mance, we compare including and not including instruments in columns (1) and (2) in Table
5.4. Columns (3) and (4) show the DML model results without and with clustered Std. of
organizers. The OLS estimates Atypical Niche projects perform significantly better than the
others. After including instrumental variables, we observe the estimate of Atypical Niche
becomes insignificant. This indicates that the positive effect of Atypical Niche suffers en-
dogeneity bias. We construct the DML Lasso model by considering the nonlinearity virtue
shared by multiple variables and the possible omitted interaction terms. In particular, we add
the interaction terms between each pair of control variables into the model, which becomes
high-dimensional and nonlinear. Then the Lasso model serves as a screening device to select
the meaningful interaction terms and compress the coefficients of the meaningless terms to
zero. As shown in column (3), the estimate of Atypical Mainstream is 2.332. This implies
that omitting certain interaction terms of control variables may induce over-estimation for
the parameter of interest. We also note that the coefficient becomes significant. We deduce
that this is because adding meaningful controls reduces the variance of the outcome variable
and thus makes the relationship of interest more significant. If control for organizer clustered
std, the estimate remains robust and decreases to 1.790. This indicates that omitting the
within-organizer correlation may make the parameter of interest over-estimated. Since we
use log transformation on the dependent variable, this estimate corresponds to a 498.9%
increase in our dependent variables. Simply put, if the organizers adopt an atypical main-
stream combination of ideas, their project will be five times more successful than projects

with other idea combination strategies.

5.5 Mechanisms

In this section, we explore the underlying mechanisms that drive the success of atypical

mainstream projects from multiple perspectives.



Table 5.4: Model Comparison
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(1) 2) ®3) (4)

OLS 2SLS DML One-Way DML
Atypical Mainstream  0.0941 (0.0719) 3.08 (3.06) 2.33* (1.11) 1.79** (0.855)
Niche 0.0559 (0.0491) 0.239 (1.05) 0.224 (0.159) 0.0840 (0.252)
Atypical Niche 0.204* (0.0864) 2.67 (4.53) 0.490 (0.406) 0.348 (0.543)
Timelnterval -0.00372**  (0.00134) -0.00392*  (0.00190) Yes Yes
IdeaCt -0.0419 (0.0424)  -1.39 (1.87) Yes Yes
CatTelevision -0.158"* (0.0662) -0.145 (0.140) Yes Yes
CatFood 0.00803  (0.145) -0.0106 (0.250) Yes Yes
CatGame -0.173*** (0.0582) -0.135 (0.0849) Yes Yes
log(UpdateC't) 0.207*** (0.0260) 0.234** (0.0929) Yes Yes
log(FanC't) 0.00326 (0.0146) 0.00352 (0.0372) Yes Yes
log(CommentCt) 0.283** (0.0305) 0.286*** (0.0401) Yes Yes
ProjectCreatedCt 0.0170*** (0.00488) 0.0136* (0.00721) Yes Yes
log(Similar ProjectCt) 0.0272* (0.0149) 0.0287 (0.0707) Yes Yes
Constant -0.510*** (0.123) 0.443 (2.02) Yes Yes
ClusteredStd Yes Yes No Yes
A% No Yes Yes Yes
InteractionTerm No No Yes Yes
Observations 1337 1337 1337 1337
R2 0.428

Note: * p < .1, ** p < .05, *** p < .01. Standard errors in parentheses
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Donors’ comments on a project reveal some of the key mechanisms through which ideas of
projects affect their crowdfunding performance. We conduct a deep-learning-based content
analysis on comments to understand donors’ opinions and sentiments toward different types

of ideas.

To begin, we identify comments that are idea-related. First, we randomly sampled 4,100
comments and manually sorted them into two categories: idea-related or not. We find that
33.9% of the annotated comments (1,389) are idea-related. Second, we randomly select 90%
of the annotated comments (3,690) as the training set and select the rest of them as the
test set. We implement a Bidirectional Encoder Representations from Transformers (BERT)
model pre-trained for Chinese text (Devlin et al. 2018) to map each of the comments into
a 768-dimensional vector, which is also referred to as an embedding vector. Developed by
Google, the BERT model is one of the most popular language models and achieves state-
of-the-art performance on a number of natural language understanding tasks (Devlin et al.
2018). The number of dimensions is a preset parameter by the model. An embedding vector
produced by the BERT model preserves the semantic information of a Chinese document

and is commonly used as a semantic feature for document classification tasks.

Third, based on the embedding vectors and their corresponding labels, we select the
best machine-learning-based classification model from the three candidate models, that is,
the penalized logistic regression (PLR) (Bishop and Nasrabadi 2006), the random forest
(RF) (Breiman 2001), and the extreme gradient boosting (XGB) (Chen and Guestrin 2016).
These models are either commonly used or considered state-of-the-art for document classi-
fication tasks. Moreover, the dimension of our training data is a matrix of 3,690 rows and
768 columns, which is relatively high-dimensional. PLR, RF, and XGB are well-known to
fit high-dimensional data in the machine learning literature because they either use a pe-
nalization strategy to automatically select the most important features or use a tree-based
boosting strategy to mitigate the overfitting issue. We use five-fold cross-validation and the
randomized parameter search approach (Bergstra and Bengio 2012) to determine the optimal

parameters for each model using the validation set. After training each model with its opti-
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mal parameters, we compare their classification performance using the test set. Specifically,
we calculate the weighted average precision, recall, and F1-score based on the out-of-sample
predictions generated by each model. Using the weighted average scores allows us to account
for the unbalance between the two classes (i.e., idea-related or not). The classification results
are presented in Table 5.5 panel (a). PLR outperforms RF and XGB regarding precision,
recall, and Fl-score. Training a PLR model with BERT-generated embedding vectors re-
sembles the canonical BERT in which embedding vectors are forwarded to a fully-connected
neural network layer with penalization and when the cross-entropy loss function is used to
evaluate the prediction errors. Therefore, although RF and XGB are more flexible models
that can incorporate nonlinear relationships, PLR fits the relationship between embedding
vectors and content labels better than RF and XGB in our task. We deploy the trained PLR
model to sort all 281,763 comments in our sample into 109,109 idea-related ones and 172,654

idea-unrelated ones.

Table 5.5: Classification Model Performance

(a) Content Classification  (b) Sentiment Classification

Model Precision Recall Fl-score Precision Recall Fl-score

PLR 0.83 0.82 0.82 0.82 0.77 0.78
RF 0.79 0.80 0.79 0.75 0.75 0.75
XGB 0.79 0.79 0.79 0.81 0.78 0.76

Next, we analyze the sentiments expressed in the idea-related comments. In our anno-
tated set, we identify 1,389 idea-related comments. We further manually sort them into one
of the three categories, i.e., positive (532 comments), negative (125 comments), and neutral

(732 comments). We follow the same procedure to map comments to embedding vectors and
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train and test the three classification models. As shown in Table 5.5 panel (b), we find that
PLR outperforms RF and XGB in precision and F1-score, whereas XGB slightly outperforms
PLR in the recall. Based on the result, we use PLR to sort all idea-related comments iden-
tified in the last step into positive, negative, and neutral ones. Out of 109,109 idea-related
comments, there are 16,475 negative ones, 51,608 neutral ones, and 41,026 positive ones,

which also follows the distribution of our annotation set.

5.5.1 Niche Projects Dual Pathways

As discussed previously, users are more attracted by niche projects (Berlyne 1970), while
people also hold a ’bias against creativity’ due to inherent uncertainty (Mueller et al. 2012).
Hence, apart from the appealing effect, we propose that niche projects repel donors through
a cognitive pathway, such that they increase the magnitude of uncertainty. In conclusion,
we hypothesize niche projects impact donors through these dual pathways. In addition, the
negative effect through uncertainty can cancel out the positive appealing effect. We testify
to this theory in the rest of this section.

Following the analysis of how well each project fulfills its fundraising goal, we also mea-
sure the performance of a project in a comprehensive way. Besides the aforementioned
perspective of donors’ comments, we also examine the number of donors and the average
amount of money backed by each donor. We construct a similar DML model as Equation 5.4
and change the outcome variables y; to log(DonorsCt), log(AvgAmount), IdeaRatio, and
NegativeRatio. Here, IdeaRatio refers to the ratio of idea-related comments to all com-
ments, and NegativeRatio refers to the proportion of negative comments to all comments.

Results are presented in Table 5.6. Column (1) indicates that niche projects have a
positive and significant estimate of 0.872. This suggests a 139.2% increase in the number
of donors. Compared to mainstream projects, niche projects attract more donors to raise
money. This result reveals the positive effect of niche projects and provides evidence of the
first pathway. Then, we estimate the average amount of money backed by each donor in

column (2). The estimate of Niche is -1.083, which means the average amount decreases by
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66.1% compared to mainstream projects. Therefore, we can draw the conclusion that even
though more donors are fascinated by the novelty of niche projects, their payment choices
remain relatively conservative. This provides vitally important implications to organizers.
Niche ideas can be an eyecatcher and even increase donors’ conversion rate, but donors
are cautious and unwilling to spend more on niche projects due to the symbiosis of high
uncertainty and novelty. This dual-pathways mechanism also explains the question of why

the overall performance of niche projects is not improved with more donors.

To check the robustness of the proposed dual pathways, we adopt the concept of search
and experience goods that is first introduced by Nelson (1970, 1974). He divides products
into search and experience goods depending on how easily customers can obtain product
quality information prior to purchase. Customers can easily investigate and evaluate search
goods’ attributes before buying. On the other hand, it is more difficult for customers to
determine experience goods’ attributes before making a purchase. Due to this intrinsic
nature of experience goods, they are usually considered more novel and unpredictable. Hence,
experience goods better satisfy donors’ need to be recognized from the crowd, which in turn
attracts more attention from donors. Also, the magnitude of uncertainty for experience
goods is also higher. By dividing niche projects into search and experience goods, we further
improve the threshold of niche projects. Thus, we should observe a more pronounced effect

for niche projects about experience goods.

There are 12 categories of projects on the platform. Among them, we identify ‘Publi-
cation’, ‘Activity’, ‘Media’, ‘Music’, ‘Food’, ‘Video game’, and ‘Board game’ as experience
goods, whereas ‘Creative product’, ‘Toys’, ‘Anime memorabilia’, "Tech product’ and ‘Dona-
tion’ as search goods. Table 5.7 columns (1) and (2) display the results of the DML models,
which are comparable to those in Table 5.6 columns (1) and (2). The only distinction is
that Niche has been substituted with NicheEzperience and NicheSearch, respectively.
First, when using donors’ count as the outcome variable in column (1), Niche has a positive
and significant estimate of 0.872, while this number increases to 1.31 for NicheExperience.

NicheSearch becomes insignificant, which indicates that the effect of niche projects is driven
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by niche projects about experience goods. Second, when the average amount backed by each
donor is the outcome variable in column (2), Niche has a negative and significant estimate
of -1.08, while this number drops to -1.35 for Niche Experience and NicheSearch becomes
insignificant. This result further tests that niche projects about experience goods dominate
the effect.

In conclusion, though niche projects attract more users, each donor’s low engagement
greatly impedes crowdfunding performance. Since crowdfunding projects entail uncertainty
by nature, we can rationalize the underlying cause of low engagement of donors lies in the high
risk associated with niche projects. For mainstream projects, countless prior similar projects
provide a clear benchmark for donors. As previous studies show that consumers experience
higher learning costs when adopting innovations, donors are more concerned about niche
projects due to limited prior knowledge. This further results in a conservative choice made

by donors.

5.5.2  Mainstream Projects Weariness

Donors are more hesitant about niche projects, but do mainstream projects outperform
them? In column (3), we summarize the estimate of the ratio of idea-related comments to the
total number of comments. Atypical M ainstream is negative and significant, while Niche is
positive. This suggests that the idea-related comments ratio of atypical mainstream projects
decreases by 43.5% compared to mainstream projects, and that of niche projects increases by
9.1%. In column (4), we change the outcome variable to the ratio of negative comments. All
three types of projects have significantly fewer negative comments compared to mainstream
projects. Among them, the ratio of Atypical Mainstream witnesses the highest decrease
of 10.6%. Keep in mind that out of 109,109 idea-related comments, there are only 16,475
negative comments. Therefore, a ten-percent drop in the negative comments ratio is a huge
difference. Combining these two columns, we can come to the following conclusions. Even
though more idea-related comments are seen under mainstream projects, significantly more

of them are negative comments. Niche projects inspire slightly more idea-related comments
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(1) (2) 3) (4)
log(DonorsCt) log(AvgAmount) IdeaRatio NegativeRatio
Atypical Mainstream — 1.77 (1.68) 2.86 (2.08) - (0.152)  -0.106**  (0.0525)
0.435***
Niche 0.872**  (0.403)  -1.08™ (0.515)  0.0910*  (0.0502) -0.0270*  (0.0143)
Atypical Niche 1.58 (1.06) -0.875 (1.29) 0.0467 (0.109) - (0.0357)
0.0790**

Controls Yes Yes Yes Yes

Constant Yes Yes Yes Yes

ClusteredStd Yes Yes Yes Yes

v Yes Yes Yes Yes
InteractionTerm Yes Yes Yes Yes

Observations 1337 1337 1337 1337

Note: * p < .1, ** p < .05, *** p < .01. Standard errors in parentheses
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(1) (2) (3)
log(DonorsCt)  log(AvgAmount)  log(PctFunded)
Atypical Mainstream 0.557 (1.40)  3.84* (2.03) -
,  Atypical MainstreamEarly - - -0.0351  (2.41)
Atypical Mainstream Later - - 1.97 (0.940)
Niche . ; 0.0775  (0.249)
NicheExperience 1.31* (0.553) -1.35**  (0.661) -
NicheSearch 1.17 (0.922) -1.40 (1.11) -
Atypical Niche 1.89*  (L11)  -0.439  (1.36)  0.389  (0.480)
Controls Yes Yes Yes
Constant Yes Yes Yes
ClusteredStd Yes Yes Yes
1V Yes Yes Yes
InteractionTerm Yes Yes Yes
Observations 1337 1337 1337

Note: * p < .1, ** p < .05, ** p < .01. Standard errors in parentheses
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than mainstream ideas, and most importantly, donors are also more positive about them.
Atypical mainstream projects have the most stable performance compared to the other two.
It has relatively fewer idea-related comments and the lowest negative ratio. The idea-related
comments ratio of AtypicalNiche is not significantly different from Mainstream, but its
negative comments ratio decreases by 7.9% compared to Mainstream. This results in a
significant drop in the absolute amount of negative comments on atypical niche projects.
We further validate these results by looking from donors’ perspectives. We observe
126,207 out of 679,211 donors have backed more than 1 project during the data collection
period. This allows us to compare the performance of different types of projects vertically
within each donor. When the platform was first founded in 2014, customer retention was
low, which results from the fewer projects on the platform back then. Hence, to exclude this
exogenous influence, we focus on the period after 2018, when the platform was already the
leading company in the field. We fit the following model (Equation 5.5) to our data and the

results are shown in Table 5.8.

vij = Bo + PrAtipical Niche;; + Bo Atypical M ainstream;; (55)
5.5

+ BsMainstream;; + B4Niche;; + p; + 0, + €;;

In column (1), the dependent variable is NotActiveSince, indicating whether we observe
any future purchasing behavior after the donor backs on the focal project. Considering the
majority of donors are one-time users, it is not surprising to see significant results for all types
of projects. However, it is still worthwhile comparing the magnitude of the coefficient across
different types. Mainstream reaches the highest as 0.0340 and Atypical M ainstream has
the lowest as 0.00626. Therefore, users are most likely to churn after they back mainstream
projects, while atypical mainstream projects significantly decrease this possibility. In columns
(2) and (3), we use donors’ comments’ sentiment as dependent variables. Mainstream has
a significantly lower sentiment score compared to Atypcial Mainstream and Niche. After
we filter the comment and keep only idea-related comments, we observe the negative effect

of Mainstream declines even more drastically.
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&) @) 3)
NotActiveSince SentimentAvg Idea Related SentimentAvg

AtypicalNiche 0.00988**  (0.00285)  -0.0383**  (0.0147) -0.0593** (0.0231)

AtypicalMainstream 0.00626**  (0.00243)  -0.0105 (0.0118) -0.0248 (0.0181)

Mainstream 0.0340*** (0.00201)  -0.0311**  (0.00996)  -0.0666**  (0.0155)

Niche 0.0252*** (0.00244)  0.00784 (0.0123) -0.0254 (0.0192)

Constant 0.226*** (0.00150)  0.126™* (0.00757)  0.221** (0.0118)

year Yes Yes Yes

month Yes Yes Yes

backer id Yes Yes Yes

Observations 413333 37190 15606

R2 0.388 0.315 0.352

Note: * p <.1, ** p < .05, *** p < .01. Standard errors in parentheses
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These results suggest that donors are dissatisfied with the idea proposed by organizers
of mainstream projects. Too many similar projects presented on the platform bore the
audiences with their repetition. Donors want the excitement of new ideas. In conclusion,
the lack of freshness in mainstream projects induces weariness among donors, which further

leads to donors leaving this platform.

5.5.8 Donors’ Sequential Behavior Analysis

Previous studies have demonstrated that novel products are considered unpredictable and
thus often rejected by decision makers(Staw and Cameron Ford 2004, Mueller et al. 2012).
However, with donors devoting more time on the platform and familiarizing themselves with

the context, do the ‘bias against novelty’ still remains true?

To test the effect of timing, we first plot the distribution of projects type based on
donors’ backing sequence in Figure 5.4. The x-axis indicates the sequence of projects
backed by donors, and the y-axis is the percentage. Because singletons are out of the
scope of our study, we do not include them in the plot. Figure 5.4 show evidence of an
ever-increasing trend of atypical mainstream projects - the percentage of donors adopting
this type of project becomes larger. To further test this observation, We divide projects
into early-initiated and later-initiated ones. We define projects launched prior to 2018
as early projects (411 out of 1337); after and including 2018 as later projects (926 out
of 1337). Then we identify early atypical mainstream projects and later atypical main-
stream projects. We replace Atypical Mainstream in our main model (Table 5.4) with
the Atypical MainstreamFarly and Atypical M ainstreamLater. In Table 5.7 column (3),
we observe Atypical M ainstreamLater has an effect of 1.97 on the outcome PctFunded,
whereas the effect of Atypical MainstreamFEarly becomes insignificant. This validates our
assumption that it takes some time before atypical mainstream projects become popular and

recognized by donors.



98

Figure 5.4: Projects Distribution by Backing Sequence
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5.6 Robustness Check

To further assess the stability of our main results, we rebuild the semantic similarity network.
In our prior work, we set the threshold of similarity network as o = 0.9 to generate a network
that is not too densely or loosely connected. In this section, we test our models on different
values of a to prove our results are robust to the choice of the threshold value. As discussed
above, if we set the threshold too low, all projects are connected. As a result, we dilute
the proportion of niche ideas in such case. Figure 5.5 (a) demonstrates a densely connected
network when o = 0.85. On the other hand, if we set the threshold too high, no projects are
connected, and we deduce the proportion of mainstream idea. Figure 5.5 (b) demonstrates

a loosely connected network when o = 0.93.
Hence we can conclude from Figure 5.5 that when o <= 0.85 or o >= 0.93, the network

does not capture the similarity between projects. Also, the majority of semantic similarity

scores s;; between a pair of projects fall in the range of 0.8 to 1 (the 25% percentile is 0.787).
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Figure 5.5: Extreme cases of similarity network

(a) a =10.85 (b) « =0.93

For ease of reading, we rescale o from 0.8 to 1 as 0 to 2 and denote it as &. Therefore,
the rescaled a = 0.9 is & = 1. We pick 10 values from & = 0.95 to @ = 1.05. In table
5.9 we summarize the model results when we pick threshold values smaller than the original
threshold, and table 5.10 shows the results when threshold values are larger than it. The
variable of interest Atypical M ainstream remains positive and significant from 0.97 to 1.04.
As shown in Figure 5.6, though the networks with & = 0.97 and & = 1.04 are not well-
balanced as & = 1.00, they are still within a reasonable range. It is also worth noticing
that the count of projects included in the model drops with the increase of &. The higher
the threshold value, the less the number of linkages in the network, and as a result, there
are more singletons that are not connected to the network. In conclusion, the change of &

changes the network structure, but our findings are still valid.

5.7 Conclusion

Our work makes several significant contributions. First, for studies on crowdfunding projects’
success, we introduce the intrinsic factor of projects’ ideas quality (i.e., atypicality), while

previous researchers primarily focus on extrinsic factors. Second, we enrich the literature on
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Table 5.9: Model Comparison

(1) 2) ®3) (4) ()
a=0.95 & = 0.96 & =097 & =0.98 & =0.99

Controls Yes Yes Yes Yes Yes

Atypical Mainstream  0.512 (0.716)  1.80 (1.11) 1.55% (0.786)  1.40* (0.786)  1.40* (0.694)
Niche -0.125 (0.172)  -0.134 (0.166)  -0.0124  (0.132)  -0.00438 (0.125)  0.0656 (0.119)
Atypical Niche 0.0382 (0.376)  -0.0502  (0.362) -0.0453  (0.353)  0.172 (0.370)  0.413 (0.398)
Constant Yes Yes Yes Yes Yes
ClusteredStd Yes Yes Yes Yes Yes

v Yes Yes Yes Yes Yes
InteractionTerm Yes Yes Yes Yes Yes

Observations 1430 1416 1393 1381 1365

Note: * p < .1, ** p < .05, *** p < .01. Standard errors in parentheses

Figure 5.6: Similarity network with different threshold

(a) & =0.97 (b) & = 1.00 (c) & =1.04




Table 5.10: Model Comparison
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3) (4) (5)

a=1.01 & =1.02 a=1.03 a=1.04 & =1.05
Controls Yes Yes Yes Yes Yes
Atypical Mainstream — 1.36* (0.695)  3.04* (1.78) 2.34* (1.01) 1.90* (1.14) 1.79 (1.16)
Niche 00502  (0.118) 0.0523  (0.122) 0.0816  (0.109) 0.131  (0.113) 0.166  (0.118)
Atypical Niche 0.335 (0.411)  -0.289 (0.533)  0.150 (0.482)  0.122 (0.569)  0.249 (0.542)
Constant Yes Yes Yes Yes Yes
ClusteredStd Yes Yes Yes Yes Yes
v Yes Yes Yes Yes Yes
InteractionT'erm Yes Yes Yes Yes Yes
Observations 1319 1295 1266 1250 1221

Note: * p <.1, ** p < .05, *** p < .01. Standard errors in parentheses
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idea generation and creativity in an empirical context. We employ a unique network construc-
tion approach and multiple machine learning methods to identify different idea combination
patterns on crowdfunding platforms. Previous studies measure atypicality according to their
own context without a universal and interpretable solution. We propose an interpretable ap-
proach to detect and classify different types of idea combinations. We demonstrate that the
success of a project can be maximized by creatively combining mainstream and niche ideas.
Thirdly, we bring cluster-robust double machine learning to practice. It resolves multiple
issues that are commonly seen in the crowdfunding context. Traditional statistical models
require many assumptions, which can be hard to satisfy, while machine learning models often
suffer regularization bias and overfitting bias. DML, however, incorporates machine learning
to deduce model assumptions and solves regularization bias through orthogonalization and
overfitting bias through cross-fitting. Using this method, we can accurately and efficiently es-
timate the models. Fourthly, by investigating the underlying mechanism, we also add to the
stream of psychological studies on novelty. We empirically show that the negative feedback
ratio of novel projects is significantly lower than mainstream projects, and more users back
niche projects. These results validate the point that niche projects appeal more to customers
than mainstream projects. But on the other hand, we also find that users are more cautious
about niche projects, and the average amount they back are lower. The result confirms that
the value of the atypical combination is from reducing uncertainty and increasing novelty.
Fifthly, we point out the importance of time in atypicality adoption by the audience. Though
the atypical idea combination promises great success, it still takes time until the audience
realizes their values. Lastly, we are among the first to bridge the literature on crowdfunding
success and atypicality innovation. Despite its importance in scientific paper impact (Uzzi
et al. 2013) and idea generation (Toubia and Netzer 2017), the business value of atypical-
ity innovation has been understudied, with one remarkable exception in the movie industry
(Wei 2020). We hear anecdotally that creativity has its business value, but few empirical
works investigate what is the optimal balance between familiarity and atypicality and more

importantly, provide a robust and interpretable approach to identify such balance. Our pa-
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per contributes to this literature by proposing different patterns of idea combination, and
to what extent an optimal pattern can lead to unexpected crowdfunding success in multiple
dimensions.

In addition to that, our work also provides important managerial implications. First,
we observe significantly more negative emotions in the comments of mainstream projects,
and we empirically show they are less successful. Hence, both the platform and organizers
should put more focus on atypical or niche projects. Second, although niche projects attract
more attention and donors are more positive, the high uncertainty hinders their donation
decisions. This is especially true for experience goods. Therefore, reducing the perceived
uncertainty of donors is of great importance when organizers start crowdfunding for niche
projects. Organizers can provide more visual information or have a trial period. Third, it
takes time before the audience adopts atypical projects. Both the platform and organizers
should not be deterred if they do not observe the success of atypical projects in the beginning
as anticipated. Instead, the platform should gradually cultivate users’ confidence toward such
idea combination projects. Lastly, our approach can help the platform distinguish different
types of projects by how organizers combine ideas, thereby helping the platform identify
promising projects.

Our work also motivates future research in several directions. First, due to the limitation
of data, we do not observe enough projects with the combination of mainstream ideas in
our dataset. It is valuable to see how such type of projects performs compared to other
combination patterns. Secondly, we hardly observe sequential data of organizers. Therefore,

the learning effect from the organizers’ viewpoint remains to be investigated.
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Chapter 6

CONCLUDING REMARKS

This dissertation has explored three critical aspects of the evolving retail ecosystem:
leveraging spatiotemporal data for strategic decision-making, forging partnerships between
physical retailers and e-tailers for consumer returns, and harnessing crowd wisdom in the
crowdfunding context. The findings from these essays contribute to the growing literature
on retail strategy, data-driven decision-making, and platform economies, offering valuable

insights for firms navigating the complex and dynamic landscape of modern retail.

Chapter 3 demonstrates the power of tensor completion methods in leveraging high-
dimensional, spatiotemporal data to estimate the treatment effect of deploying smart vending
machines across various urban settings. By showcasing the superiority of this approach over
traditional causal inference techniques, this research highlights the importance of data-driven
decision-making in optimizing retail operations and underscores the potential of advanced

machine learning techniques in tackling complex business problems.

Chapter 4 reveals the nuanced impact of a returns partnership between a physical re-
tailer and an e-tailer on their demand-side competition. By identifying the conditions under
which both firms can benefit but consumer surplus may decrease, this research contributes
to the growing literature on omnichannel retailing and the strategic interactions between
online and offline players. The findings underscore the importance of carefully evaluating
the implications of strategic partnerships on both firm profitability and consumer welfare.

Chapter 5 sheds light on the role of atypical idea combinations in driving success on
crowdfunding platforms. By identifying an optimal balance between familiarity and novelty
that maximizes project funding, this research highlights the power of crowd wisdom in shap-

ing the success of new ventures and contributes to the literature on platform economies and
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innovation. The findings offer valuable insights for entrepreneurs and platform operators
seeking to leverage the potential of crowdfunding to bring innovative ideas to life.

Together, these chapters paint a rich picture of the opportunities and challenges facing
firms in the evolving retail ecosystem. As the boundaries between online and offline channels
continue to blur, and the importance of data, partnerships, and crowd wisdom grows, firms
that can effectively harness these forces will be well-positioned to gain a strategic advan-
tage. Future research could build on the findings of this dissertation by exploring additional
dimensions of the retail ecosystem, such as the impact of emerging technologies, the role of
social influence, and the dynamics of multi-sided platforms.

As the retail landscape continues to evolve at a rapid pace, it is imperative for firms
to remain agile, adaptable, and open to new ideas. By embracing data-driven decision-
making, forging strategic partnerships, and leveraging the wisdom of crowds, retailers and
e-tailers can navigate the complexities of the modern marketplace and chart a course towards
sustainable growth and success. The insights and frameworks provided in this dissertation
offer a foundation for future research and practice, as firms seek to thrive in the ever-changing

world of retail.
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Appendix A

ONLINE APPENDIX TO IMPACTS OF SMART VENDING
MACHINES IN DIFFERENT URBAN SETTINGS - TENSOR
COMPLETION WITH SPATIOTEMPORAL DATA

A.1 Additional Graphs and Plots
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Figure Al: Visualization of the (25,20) slices of the observed Y (0) tensor, with color denoting

the log normalized magnitude of the entries. Each subplot represents one of the 81 slices.
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Figure A2: Visualization of the (25,20) slices of the observed Y (1) tensor, with color denoting

the log normalized magnitude of the entries. Each subplot represents one of the 81 slices.



ecd

slice 1 slice 2 slice 3 slice slice’s slice 6 slice 7 slice 8 slice 9

slice 10 slice 11 slice 12 slice 13 slice 14 slice 15 slice 16 slice 17 slice 18

slice 19 slice 20 slice 21 slice 22 slice 23 slice 24 slice 25 slice 26 slice 27

Slice 28 slice 20 slice 30 slice 31 slice 32 slice 33 slice 34 slice 35 slice 36

2.0

15
Slice 37 Slice 38 slice 39 Slice 40 slice 41 slice 42 slice 43 slice 44 slice 45 10
05

0.0

pmuben

—05 ®

-1.0

Slice 46 Slice 47 Slice 48 Slice 49 slice 50 Slice 51 Slice 52 Slice 53 Slice 54
-15

-2.0

Slice 55 Slice 56 slice 57 slice 58 slice 59 slice 60 slice 61 slice 62 slice 63

Slice 64 Slice 65 Slice 66 slice 67 slice 68 Slice 69 slice 70 slice 71 slice 72

slice 73 Slice 74 slice 75 slice 76 slice 77 slice 78 slice 79 slice 80 Slice 81

Figure A3: Visualization of the (25,20) slices of the estimated Y (0) tensor, with color de-
noting the log normalized magnitude of the entries. Each subplot represents one of the 81

slices.
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Figure A4: Visualization of the (25,20) slices of the estimated Y (1) tensor, with color de-

noting the log normalized magnitude of the entries. Each subplot represents one of the 81

slices.
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Figure Ab5: Visualization of Missing Entries. The color-coded matrix represents data avail-
ability, with different colors indicating the presence or absence of data across region-scene

and time.



ec’

A.2 Definitions and Preliminaries

A.2.1 Tensor-tensor Product

In order to discuss multiplication between two tensors and to understand the basics of the
algorithms we consider here, we first must introduce the concept of converting A € R>m*n

into a block circulant matrix. If A € R*™*" with ¢ x m frontal slices denoted A® then

[ AW A g-D 4@
A2 AD A . AB)
beirc(A) =
A A(n=1) . A@ 4D

is a block circulant matrix of size #n x mn. We anchor the unfold command to the frontal
slices of the tensor. That is, unfold (.A) takes an £ x m x n tensor and returns a block ¢n x m

matrix, whereas the fold command undoes the operation:

unfold(A) = | |, fold (unfold(A)) = A.

Now with the definitions:, Let A be £ x p x n and B be p x m x n. Then the t-product

A x B is the ¢ x m x n tensor

A % B = fold(bcirc(.A) - unfold(B)).

A.2.2 t-SVD

The tensor A € R™*"2*" can be factorized as A = U *x S * V*, where Y € R™M*™>"s ) ¢
R™2*m2X73 gre orthogonal, and & € R™"1*"2*"3 is an f-diagonal tensor, i.e., each of the frontal
slices of S is a diagonal matrix. The diagonal entries in S(:,:, 1) are called the singular values

of A.
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A.3 Tensor Completion

A.3.1 Low-Tubal-Rank Tensor Completion

Tensor completion is the task of recovering a tensor ) € RN *N2XNs from a subset of its entries
by leveraging the low-rank property of the tensor. The low-tubal-rank tensor completion

problem can be formulated as:

min  rank;(Z), s.t. Wo (Z2-Y) =0,

ZERNl X Ng X Ng

where W is the indicator tensor of the observed entries, and o denotes the Hadamard product.
This problem is known to be NP-hard.

To address this issue, tensor factorization is used. The recovered tensor Z can be factor-
ized into the t-product of two smaller tensors U € RN1*™Ns and Y € R™>N2>XNs where 7 is

the tubal rank of ). The tensor factorization solves the completion problem by minimizing:
min J(U, V) = [Wo UV — M)|[7.

Low-tubal-rank tensor completion offers several advantages over other tensor rank models,
such as directly imposing a low-rank constraint on the tensor and providing an optimal

approximation with truncated decomposition.

A.8.2  Maximum Correntropy Criterion (MCC)

Correntropy is a local and nonlinear similarity measure between two random variables within
a "window" in the joint space determined by the kernel width. Given two random variables

U and V, the correntropy is defined as
V(U,V)=E[k, (U V)] = /ﬁa(u,v)dFUV(u,v),

where &, is a shift-invariant Mercer kernel with kernel width o, Fyy (u, v) denotes the joint

probability distribution function of U and V', and E[-] is the expectation operator. Given a
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finite number of samples {u;, Uz‘}z‘]\ip and using the Gaussian kernel, G,(u) = exp (—2“—2>, as

g2

the kernel function, the correntropy can be approximated by
~ 1 N e2
VIU,V)=—=> e ——,
(U.V) =+ ; XPp ( 202)

where e; = u; — v;. Compared with the /,-norm based second-order statistic of the error, the

correntropy involves all the even moments of the difference between U and V' and is insensitive
to outliers. Replacing the second-order measure with the correntropy measure leads to the
maximum correntropy criterion (MCC). The MCC solution is obtained by maximizing the

following utility function
Juce = E[Gy(e(i))].

Moreover, in practice, the MCC can also be formulated as minimizing the following

correntropy-induced loss (C-loss) function
1 Y
JC—loss = ? Z 02 (]- - GU(G(Z))) :
i=1

A.3.8  Optimization via Half-Quadratic Minimization

The correntropy-based objective function Jg, (U, V) can be expressed as:

Here is the modified text with the requested substitutions:

Ja, (U, V) mmzz Z ( PiisWisk Vijr — U * V)iji)* + Wi ( uk))

i=1 j=1k=1

By defining the augmented cost function:
TuqU. V. P) = [VPoWo (¥ =U V)| + ta(P),

the correntropy-based optimization problem is formulated as a half-quadratic based op-
timization:

1;1151 Ja, U, V) = %171) JuoU,V,P).
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An alternating minimization procedure is proposed to solve the optimization problem by

optimizing U and V. Given a fixed P, it becomes a weighted tensor completion problem:
min [VP oW o (¥ = U+ V)%

The weighting tensor P assigns different weights to each observed entry based on error

residuals, reducing the impact of large outliers.

A.3.4 Alternating Steepest Descent-based Algorithm

The alternating steepest descent (ASD) method is introduced for tensor completion. By opti-
mizing P first and then gradually updating &/ and V using gradient descent, the optimization

problem can be rewritten as:

min [V P o W o (¥ — beirc(@)V) 3

DN | —

Based on block-circulant diagonalization, it becomes:
. 1 /= By .
min J(M,V) := 2||\/; oWo (Y —MV)|3.

The partial derivatives and update rules for M and V are provided, along with a scaling

method for the gradient descent direction of V to improve convergence rate.

Algorithm 1: HQ-TCASD for robust tensor completion
Input: W, Wo Y, r and A

~ 0
Initial: matrices M° and V', t =0

1 repeat
2 compute o' and P! using P} = Gy (yijk —(M'xV )m:)

3 compute M using M = M" — 1k, g%,

. 41 N TR RN
4 computeV+ usingVJr =V —(1—>\)M§>9§7—)\u’ég’€,.
5 t=t+1
6 until stopping criterion is satisfied

Output: M’ x V'
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The proposed Half-Quadratic based Tensor Completion by Alternating Steepest Descent
(HQ-TCASD) algorithm adaptively selects the kernel width ¢ to improve convergence rate
and performance. The algorithm is summarized in Algorithm 1, with the matrices M and

V updated alternately until convergence.
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Appendix B

ONLINE APPENDIX TO FRENEMIES IN THE RETAIL
MARKET: A PARTNERSHIP BETWEEN A PHYSICAL
RETAILER AND AN E-TAILER FOR CONSUMER RETURNS

The online appendix is available on my personal website:

https://mingruirayzhang.github.io/research/.


https://mingruirayzhang.github.io/research/
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