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Preface

Electronic commerce between businesses and consumers (B2C e-com-
merce) has changed the way people purchase goods and services. How-
ever, the convenience of shopping from home also has a dark side: prod-
uct returns. Returns pose a major and complex challenge, especially in
the fashion industry.

Clothing, shoes, and fashion accessories are the most popular items
among online shoppers. However, the return rate in the German online
fashion retail sector averaged between 26 % and 50 % in 2023, with some
retailers reporting rates as high as 75 %. The massive negative environ-
mental impact of returns is considerable.

In online fashion retail, returns often cannot be resold due to image con-
cerns or the fast-paced nature of fashion, even if they are in perfect condi-
tion. Clearly, processing returns leads to a doubling of logistics emissions
from road, sea, or air freight, as well as massive packaging waste. It is
estimated that the carbon footprint of returns is 30% greater than that of
initial deliveries. In the US, for example, an estimated 24 million tons of
CO, were generated by product returns in 2022. As mentioned above, it is
not uncommon for garments to end up in landfills. In the US alone, re-
turned goods contribute an estimated 4.75 million tons of landfill waste
per year.

The success of fashion companies depends significantly on the "tangibil-
ity" of their products. Online fashion retailers facilitate this aspect of shop-
ping by offering generous return policies, such as free returns, long re-
turn periods, and full refunds. This allows customers to use their homes
as dressing rooms. Many online retailers view high return rates as a nec-
essary evil and believe that generous return policies are necessary. While
these policies increase sales, they also increase the return rate. This rela-
tionship can be described as the trap of lenient return policies. If a lenient
return policy is necessary to increase sales, which increases returns, how
can online fashion retailers escape this trap?

To resolve this conflict of objectives, the design of returns management
must reduce returns without affecting sales or customer loyalty. Returns



management is a subdiscipline of supply chain management. It involves
cross-institutional planning, implementation, and control of return flows,
as well as the associated information and financial flows. The goal is to
support profit maximization in the value creation system. To achieve this
goal, returns management must fulfill four tasks: (1) processing returns,
(2) avoiding returns, (3) preventing returns, and (4) promoting returns.
Whether to use processing, avoidance, prevention, and/or promotion
measures largely depends on the competitive strategy pursued, loss of
value over time, and net return value. Returns management can be di-
vided into preventive and curative components. Preventive returns man-
agement involves influencing the volume of returns before they are made.
Online retailers can use different data sources (e.g., transaction data) to
generate information that supports these tasks.

A data-driven management approach means making decisions based on
data analysis. This approach focuses on using numbers, metrics, and in-
sights from various sources to improve strategic and operational decision-
making. This approach has many benefits for all organizations, regardless
of their industry. However, the success of a data-driven approach hinges
on the quality of the data collected and the effectiveness of its analysis and
interpretation.

Based on these considerations, David Karl's dissertation aims to provide
data-driven insights into consumer returns. David Karl therefore formu-
lated the following main research questions for his dissertation:

1. What is the actual extent of consumer returns in e-commerce? Why
is it essential to employ data-driven consumer returns management?

2. What is the current state of research regarding consumer returns
forecasting, and how can such forecasting be implemented in busi-
ness practice?

3. How and to what extent do different return-related factors influence
consumers' purchase and return decisions?

This dissertation addresses these questions from a scientific perspective,
considering practical applicability. This contributes to a profound under-
standing of data analysis and data-driven management in the context of



returns management. First, an in-depth understanding of the phenome-
non is gained by documenting and researching the status quo of con-
sumer returns. Second, data-driven analysis and prediction approaches
are reviewed, applied, and evaluated. Third, factors that influence con-
sumer purchasing and return behavior are examined. Influencing varia-
bles that predict consumer returns and management decisions, such as
return policies, are investigated in particular.

This dissertation impressively reflects David Karl's exceptional technical
and methodological expertise. It shows that he is an expert in all methods
of data analysis and uses them to thoroughly illuminate the issue at hand.

Overall, David Karl's work significantly contributes to scientific progress
in the context of returns forecasting and returns management as a whole.
Additionally, his work is highly relevant to business practice.

Univ.-Prof. Dr. Eric Sucky
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Abstract

Online shopping has experienced substantial growth, with the COVID-19
pandemic further accelerating this trend. Since e-commerce customers
cannot physically assess products online, returned items are part of the e-
commerce business model. Consumer returns are associated with various
operational challenges, are costly for retailers and impact the environment
due to the additional transport emissions and resource waste they pro-
duce. Thus, retailers must actively manage returns in advance to secure
profitability and limit their CO2 footprint. Various data sources (e.g.,
transaction data) enable retailers to generate helpful information to sup-
port these tasks.

Based on these considerations, this dissertation aims to generate data-
driven insights into the field of consumer returns. First, an in-depth un-
derstanding of the phenomenon is gained through the documentation
and exploration of the status quo of consumer returns in Germany. Sec-
ond, data-driven analytic and predictive approaches are reviewed, applied,
and evaluated. Third, influencing factors for consumers’ purchase and re-
turn behavior are subsequently examined.

With a total of nine papers published in national and international jour-
nals or conference proceedings, this dissertation addresses these issues
from a scientific perspective, without losing sight of practical applicability,
thus contributing to a better understanding of data analysis in the context
of consumer returns management.
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Part A — Synopsis



1 Introduction
“Returns are basically like athlete's foot.” — Bergt, 2015, taz.

“US returns alone create 5 billion pounds of landfill waste and 15 million
tonnes of carbon emissions annually, equivalent to the amount of trash pro-
duced by 5 million people in a year, according to one estimate.”

— Schiffer, 2019, Vogue Business.

“Marketers and sellers hate product returns, but smart companies aren’t pas-
sively accepting them as bitter pills to be swallowed. They’re managing product
return policies to maximize future profits.”

— Petersen and Kumar, 2010, MITSloan Management Review, p. 85.

“Information is the oil of the 21st century, and analytics is the combustion en-
gine.” — Peter Sondergaard (Gartner Research), 2011.

1.1 Motivation and Relevance

The above introductory quotes underscore the imperative for retailers to
address the challenges surrounding consumer returns. As a possible rem-
edy, data-driven approaches provide insights into consumer intentions
and behaviors that can be useful in successfully managing consumer re-
turns.

To further substantiate these statements and the relevance of this field, it
should be stated that online shopping has experienced substantial growth,
reaching 15 % in recent years, surpassing the expansion of traditional
brick-and-mortar retailing (Ratchford et al., 2022). The coronavirus dis-
ease 2019 (COVID-19) pandemic and the associated restrictions for brick-
and-mortar retailers further accelerated this trend (Shaw et al., 2022).
Since e-commerce customers cannot physically assess the quality and fit
of products online (Hong & Pavlou, 2014; Shulman et al., 2011), returned
items are an inevitable part of the e-commerce business model (Asdecker,
2014). Reported return rates or volumes differ widely according to various
factors (e.g., country, age, and industry). Fashion retailers have reported
return rates higher than 50 % and, thus, are particularly affected (Saari-
jarvi et al., 2017). Merchandise worth $248 billion is returned to online



retailers in the United States (US), equaling 17.6 % of online sales (Na-
tional Retail Federation / Appriss Retail, 2023). For Europe, a recent study
found that almost one in four e-commerce shipments is returned to the
retailer at least as a partial return, which results in over half a billion re-
turn shipments per year (Asdecker et al., 2022).

Consumer returns are associated with various operational challenges,
such as unavoidable processing costs and planning uncertainties regard-
ing logistics capacities, inventory management, procurement decisions,
and marketing activities (Chopra, 2019; de Brito & van der Laan, 2009;
Duong et al., 2022; Stock & Mulki, 2009). Retailers incur high costs due
to operational expenses and possible write-offs (Brohan, 2005; Yan & Pei,
2019). In addition to financial aspects, as depicted by the second introduc-
tory quote above (Optoro, 2018; Schiffer, 2019), consumer returns are re-
sponsible for high CO2 emissions during transport, returns processing,
and through disposed returns, thus increasing the environmental impact
of e-commerce (Pilsson et al., 2017; Tian & Sarkis, 2022). Referring to the
first quote above on returns being like “athlete’s foot” for retailers, many
e-commerce firms even avoid reporting specific return figures, treating
them as trade secrets (Bergt, 2015).

As is unavoidable for retailers, e-commerce customers in the European
Union (EU) have the right to withdraw from a purchase contract within at
least 14 days for any reason (Directive 2011/83/EU on consumer rights,
2011). Especially in highly developed e-commerce markets all over the
world, due to market competition, free return options are the rule rather
than the exception. Thus, referring to the third quote above, retailers must
actively manage returns in advance to help secure future profits (Petersen
& Kumar, 2010), e.g., by using marketing instruments (El Kihal & Shehu,
2022) or by determining a retailer’s return policy (Janakiraman et al.,
2016).

Many of these possible measures rely on adequate data to draw the correct
conclusions. Referring to the introductory analogy of data as the oil of the
21st century and analytics as the combustion engine (Stach, 2023), e-com-
merce generates large amounts of data (primarily transaction and click-
stream data, but also customer reviews or related social media posts).
These valuable resources need to be made usable through adequate ana-
lytic approaches to support value creation processes (Akter & Wamba,



2016) by generating helpful information that uncovers hidden relation-
ships and enables a clearer view of consumers. In a review of big data
analytics in e-commerce, Akter and Wamba (2016, p. 189) identified this
exemplary future research question (RQ): “How can organizations better
use insights from big data to achieve operational excellence?”

Linking consumer returns and purposeful data-driven management, sev-
eral scholars have called for an intensification of research efforts. A solid
20 years ago, Hess and Mayhew (1997, p. 33) were “[...] look[ing] forward
to the new knowledge that will be gained as both academic researchers
and practitioners share their advances in the modelling of returns.” They
suggested the potential of data analytics in this domain as follows: “Larger
datasets also would allow the inclusion of more variables [...] adding new
insights into the phenomenon of returns.” (Hess & Mayhew, 1997, p. 33)
A few years later, Toktay et al. (2004, p. 64) stated the following: “[...TThere
is little research on identifying factors that significantly influence return
flow characteristics. Developing a good understanding [...] would enable
better decision making for influencing return flows.” As returns are a phe-
nomenon relevant for omnichannel and pure e-commerce, Borba et al.
(2020, p. 137) recently emphasized the unanswered future RQ in the con-
text of omnichannel retailing: “Can [...] artificial intelligence [...] enhance
the efficiency of the return channel?” As an application of data analytics,
Ambilkar et al. (2021, p. 17) recommend deepening the research into re-
turns forecasting as follows: “Future studies can focus on product return
forecasting [...]. Various methodologies like [...] machine learning [...] can
be applied to solve forecasting problems [...].” In the past, “[...] there [was]
very limited research conducted on the applications of BDA [big data an-
alytics] in [...] reverse logistics [...]” (Seyedan & Mafakheri, 2020, p. 17). As
“[-..] the topic of forecasting consumer returns has received little attention
in the academic literature [...]” (Shang et al., 2020, p. 342), this dissertation
answers this call for research.

Another promising field of research this work refers to concerns the be-
havioral patterns of consumers in response to data-driven actions at the
marketing-operations interface (Duong et al., 2022). For example, as Ab-
dulla etal. (2019, p. 34) stated, “Future research can examine how retailers
could design differentiated policies or employ such data-driven return
countermeasures to reduce abusive return behavior. Yet, how customers



perceive such countermeasures or differentiated return policies is another
open question.” Ambilkar et al. (2021, p. 17) also called for empirical stud-
ies analyzing the impact of a retailer’s return policy, to substantiate man-
agerial decisions with sufficient data as follows: “Deciding the right return
policy for products in anticipation of their return plays a crucial role. So,
it is recommended to conduct future studies to develop empirical work to
understand this important aspect [...] to evaluate the return policy deci-
sion-making challenges.”

In conclusion, Frei et al. (2020, p. 1613) highlighted the increasing rele-
vance of the research field studied within this thesis in general as follows:
“Product returns are a unique and understudied but growing field in aca-
demic research [...] with many opportunities to do applied research and
achieve considerable impact on society, the environment, the economy
whilst contributing to the academic body of knowledge.”

1.2  Research Objectives and Structure of the Thesis

Based on the above considerations and calls for research, this cumulative
dissertation aims to generate data-driven insights into the field of con-
sumer returns. First, an in-depth understanding of the problem should
be gained, documenting and exploring the status quo of consumer re-
turns. Building on this aim, data-driven analytic and predictive ap-
proaches should be applied and evaluated in terms of their contribution
to the successful management of consumer returns. In particular, influ-
encing variables that act as predictors of consumer returns and manage-
rial decision-making, such as return policies, should be subsequently ex-
amined. Thus, the overarching RQs are as follows:

o RQ I: What is the actual extent of consumer returns in e-commerce, and
hence, why is it essential to employ data-driven consumer returns man-
agement?

e RQ II: What is the current state of research regarding consumer returns
forecasting, and how can such forecasting be implemented in business
practice?

e RQ III: How and to what extent do different return-related factors influ-
ence consumers’ purchase and return decisions?



According to these RQs, the main body of research is split into three sep-
arate but interdependent research fields. The publications are grouped ac-
cording to the RQ to which they refer, by the respective methodologic ap-
proach, and by the data on which the examination is based.

Figure 1 presents the structure of this cumulative dissertation. After out-
lining the topic's relevance and presenting the overarching RQs in Chap-
ter 1, Chapter 2 explains the basic concepts relevant to this field of research
and classifies the different publications included. Chapter 3 presents se-
lected results from the publications, draws overall conclusions, discusses
limitations, and outlines ideas for future research based on the findings
of this work.

To answer RQ I (Part B), the first two publications of this dissertation col-
lect, analyze and interpret empirical data from retailer surveys, describing
the field of research and shedding light on specific numbers of consumer
returns that have not previously been systematically collected. Part C in-
cludes four essays focusing on RQ II, reviewing the current state of re-
search on returns forecasting and by evaluating various forecasting ap-
proaches within case studies based on real-world data from e-commerce
retailers. Part D refers to the explanatory variables involved in customer
decisions in the context of e-commerce (RQ III): two papers examine driv-
ers and factors responsible for consumer returns. Paper VIII alludes to
the interdependence of purchase and return decisions, thereby develop-
ing a rationale for examining the impact exerted by different return poli-
cies on purchase intention during the pre-purchase stage (Paper IX).



Overall Objective: Evaluation and application of data-driven analytic and
predictive approaches for managing consumer returns

Part A | Synopsis

Chapter 1 | Introduction

Topical motivation and structure of the
thesis

Chapter 2 | Conceptual foundation

Explanation of key terms and classifica-
tion of articles

Chapter 3 | Overall conclusion

Overall scientific contributions, manage-
rial implications, and limitations

v

Part B | Retailer surveys (RQ I)

Motivation for data-driven approaches in
managing consumer returns

Paper I (AK22)

Extent and characteristics of e-com-
merce consumer returns in Germany

Paper II (KA21)

Consumer returns during the COVID-
19 pandemic

v

Part C | Methodological contribu-
tions (RQ II)

Approaches to consumer returns fore-
casting

Paper III (K24a)

Review of consumer returns forecast-
ing

Paper IV (K24b)

(Meta-)Review of product returns fore-
casting algorithms

Paper V (K16)

Case study comparison of return
quantity forecasts

Paper VI (AK18)

Case study comparison of return deci-
sion forecasts

v

Part D | Applications of consumer
returns data analysis (RQIII)

Implications of different factors for con-
sumer behavior

Paper VII (AKS17)

Drivers of consumer returns in retail-
ing

Paper VIII (KAF22)

Website elements impacting return
decisions

Paper IX (KVA22)

Individualized return policies and pur-
chase intention

Figure 1. Dissertation structure and objectives.




2 Conceptual Foundation and Publication Overview

This dissertation addresses the application of data-driven approaches to e-
commerce returns. The following section presents a conceptual founda-
tion and the link between the topics of consumer returns and data-driven
management. Subsequently, the research objectives of the underlying
publications are considered from an overall context.

2.1 Consumer Returns and Returns Management

Consumers build the downstream end of a supply chain. Supply chains
can be defined as cross-company value creation networks that fulfill cus-
tomers’ requests and demand (Chopra, 2019) by managing goods flows
and the associated financial and information flows (Sucky, 2004). Reverse
product flows within supply chains to upstream institutions or contracted
service providers are called returns or product returns (Ambilkar et al.,
2021). Returns can be categorized into (re)manufacturing returns, distri-
bution returns, and consumer returns, sometimes also called customer re-
turns (de Brito & Dekker, 2004; Shaharudin et al., 2015; Tibben-Lembke
& Rogers, 2002). Consumer returns describe the product returns from a
consumer back to a retailer (Rogers et al., 2002).

In recent years, online consumer returns have accounted for the largest
share of returns and thus are highly relevant for e-commerce businesses
(Abdulla et al., 2019; Frei et al., 2020). In contrast to returns in closed-loop
supply chain management, e.g. end-of-life returns, consumer returns as
considered in this thesis are usually sent or given back unused or undam-
aged shortly after purchase (usually within 14-30 days, while some retail-
ers allow for free returns up to 365 days after purchase). Mostly, this type
of return suffers no quality-related defects, should lead to the customer
being reimbursed, and is intended to be resold as new (“direct recovery”)
(de Brito & Dekker, 2004; Melacini et al., 2018). Generally, consumer re-
turns — goods flows from consumers to retailers — arise primarily due to
information asymmetries regarding product fit (Hong & Pavlou, 2014)
and thus unfulfilled consumer expectations but not due to end-of-life is-
sues, buybacks, or product failure (Shulman et al., 2011).



Returns are an “essential aspect of consumers’ post-purchase decision-
making” (Yan & Cao, 2017, p. 211). Consumers’ decision-making process
underlying their behavior includes both purchase and returns decisions.
Thus, the reasons behind or drivers of returns are an integral part of re-
turn-related consumer behavior research (Abdulla et al., 2019; Ambilkar et
al., 2021). First, the literature differentiates between legitimate and fraud-
ulent or unethical returns (Pei & Paswan, 2018). Pei and Paswan (2018,
p- 304) subdivided the reasons for legitimate returns into “lack of needs
fulfillment”, “buyers’ remorse”, and “influence of external market”. A
more detailed categorization of the reasons for returns was developed by
Saarijirvi et al. (2017).

From a retailer’s perspective, consumer returns need to be purposefully
managed to satisfy customer needs and meet business objectives. Regard-
ing returns management, this dissertation refers to the comprehensive def-
inition by Asdecker (2014, p. 20), reflecting the “[...] planning, execution
and control of returned goods flows and the associated information and
financial flows, supporting the long-term profit maximization of the value
creation system.” Returns management contains preventive tasks (preven-
tion, avoidance, and promotion) at the tactical level (Asdecker, 2014),
which involve early interventions before a return occurs (Walsh &
Mohring, 2017). The literature regarding preventive tasks often refers to
a retailer’s return policy (Abdulla et al., 2019; Ambilkar et al., 2021). Con-
versely, curative tasks at the operational level aim to achieve the optimal
handling of the return process and focus on returns that actually exist or
cannot be prevented (Asdecker, 2014; Rogers et al., 2002). Returns man-
agement, reverse logistics and closed-loop supply chain management
share similarities, especially regarding curative tasks, while preventive re-
turns management tasks are not an inherent part of reverse logistics
(Asdecker, 2014). Notably, no clear concept delimitation has prevailed. For
instance, in contrast to the conceptualization of this work, Abdulla et al.
(2019, p. 562) considered returns management to be limited to the “acqui-
sition, processing, and disposition of returns”, separating it from mana-
gerial decisions regarding return policies. For a detailed discussion of the
delimitation between returns management and reverse logistics, see
Asdecker (2011, pp. 427—-430).
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Returns can be sufficiently planned and controlled only by aggregating
and subsequently interpreting data (Rollecke et al., 2018), as illustrated by
the following frequently cited manager’s proverb: “[I]f you can't measure
it, you can't manage it.” Accordingly, key performance indicators (KPIs)
for managing returns condense operational information to support man-
agerial decisions on a data basis and to reduce the complexity of interpret-
ing business reality (Weber & Wallenburg, 2010). As an example of one
of the KPIs used throughout this dissertation, and arguably the most im-
portant KPI for returns management, the return rate is calculated as the
ratio of returned units to total shipped units. According to Asdecker
(2014), the return rate can be differentiated into alpha, beta, and gamma
return rates. Each view emphasizes specific business functions. The a-
return rate («-RR, discussed in Papers I, II, V, VI, and VII) denotes the
ratio of returned to shipped packages (logistics perspective), while the -
return rate (B-RR, included in Papers I, 11, V, VII, and VIII) expresses this
ratio in terms of individual items (marketing perspective). The y-return
rate (y-RR) describes the financial, value-based ratio of returned to
shipped units (finance and controlling perspective).

To calculate such KPIs, the analysis of business data must be carried out.
Related streams of research on returns from the retailer’s side that include
this analytical perspective include the already noted returns forecasting and
technology issues (Ambilkar et al., 2021).

2.2 Data Analytics within the Spheres of E-Commerce Logistics
and Consumer Returns

Data analytics for managerial objectives aim to yield commercial ad-
vantages and support value creation in the broader sense (Giinther et al.,
2017). More specifically, value creation pertains to the informational value
derived from data and to the transactional value, thus improving opera-
tional processes (Elia et al., 2020). Digitized retail platforms present nu-
merous opportunities for data collection, facilitated by digital customer
accounts that enable and enhance the efficiency of customer analytics (Ak-
ter & Wamba, 2016). Importantly, the challenges and considerations dis-
cussed for the e-commerce sphere apply equally to both brick-and-mortar
and omnichannel retail (Santoro et al., 2019), both of which benefit from
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data analytics applications (Hess & Mayhew, 1997). Associated infor-
mation systems (IS) are necessary to facilitate data-based decision-making
(Bernon et al., 2011). The overall goal of management activities within the
retail supply chain is to maintain high customer service levels while min-
imizing the associated costs (Simchi-Levi et al., 2008). Data analytics ca-
pabilities can support this objective and, in general, have been shown to
positively impact business growth (D. Q. Chen et al., 2015).

While demand forecasting — an activity that makes use of data analytics —
is widely acknowledged as a critical supply chain management activity
(Carbonneau et al., 2008; Ge et al., 2019), only a limited number of publi-
cations link the process of “returns management” with big data analytics
(Barbosa et al., 2018). However, retailers deal with massive amounts of
data and should effectively exploit available technological advancements
and potential (Robertson et al., 2020). Thus, e-commerce platforms are
increasingly using machine learning (ML) and artificial intelligence to
generate knowledge for both customers and sellers (Micol Policarpo et al.,
2021), with the ultimate aim of satisfying customer needs and optimizing
retail operations. Consequently, Big Data and Artificial Intelligence are
major topics for the future of B2C e-commerce logistics (Straubert et al.,
2019).

As mentioned above, an apparent application of (big) data analytics in the
context of e-commerce lies in its integration into demand forecasting sys-
tems (Hofmann & Rutschmann, 2018). Information sharing between
supply chain institutions through approaches such as collaborative fore-
casting and replenishment (Raghunathan, 1999) can improve prediction
accuracy and thus reduce basic supply chain problems such as the well-
known bullwhip-effect (Forrester, 1961; Lee et al., 1997). Drawing on cur-
rent algorithms and emphasizing consumer behavior, demand forecast-
ing falls within the realm of predictive analytics (Kumar & Garg, 2018;
Shmueli & Koppius, 2011).

Focusing on the opposite direction of goods flows, due to unforseen cus-
tomer decisions, consumer returns occur stochastically, and thus, also
need to be forecasted. Compared to demand forecasting, returns build the
“supply” side of the process (Frei et al., 2022). Returns forecasting is more
complex than is demand forecasting because customers individually and



12

hardly predictably decide whether or not to keep a product, and these de-
cisions strongly vary among different products (Tibben-Lembke & Rogers,
2002). Interdependencies with sales (forecasts) and promotional activities
additionally increase complexity (Govindan & Bouzon, 2018; Tibben-
Lembke & Rogers, 2002). However, in all supply chain stages, forecasting
accuracy is crucial to the economic, environmental, and social perfor-
mance of reverse logistics activities (Agrawal & Singh, 2020), justifying a
deeper investigation into this domain.

When generating return predictions, there are multiple objectives to con-
sider, such as determining whether a customer will return an item or a
package, when he or she will make this return (Hess & Mayhew, 1997),
and in what condition the returned items will be. The timing of returns
particularly affects resource planning, order quantity planning, and re-
verse logistics operations in general (Shang et al., 2020) . The condition of
the returned items determines their potential for resale and necessitates
appropriate returns processing, including recycling, reprocessing, or dis-
posal steps. These measures subsequently impact process costs and sup-
plier order quantities. Evaluating the package-related return probability
(o-RR) aligns closely with curative returns management, as this figure and
the predicted number of packages support capacity planning for logistics
operations (Asdecker, 2014). Predicting the quantity of returned items or
articles is relevant to operational and curative decision-making concern-
ing lot size and order quantity planning since resalable returns directly
impact inventory levels (e.g., J. Chen & Bell, 2009; Ketzenberg & Zuidwijk,
2009). Accurate returns forecastign can prevent overstocking, which re-
sults in increased inventory costs and extended capital lockup. Conversely,
understocks lead to lost sales, opportunity costs, and higher procurement
expenses and cause customer dissatisfaction, resulting in the loss of good-
will. Furthermore, item-specific return information can prove instrumen-
tal in supplier negotiations to secure discounts, improve quality stand-
ards, or lower manufacturing tolerance levels.

In addition to forecasting purposes, data analytics form the basis of in-
formed managerial decisions, for example, regarding customer targeting
and personalisation (Maheshwari et al., 2021), customer assistance and
support, and, most notably, the evaluation of return-related interventions
(Rollecke et al., 2018) and return policies (Yu & Wang, 2008). To maintain
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a high customer lifetime value (Petersen & Kumar, 2015) and to operate
profitabely, it is imperative for retailers to analyze all spheres of business,
including sales as well as returns (Abbey et al., 2018).

2.3  Overview and Classification of Publications

The papers included in this dissertation contribute to demonstrating the
value of data analytics in the context of consumer returns management,
and cover various aspects of the research agenda introduced in Chapter 1.
Table 1 lists the individual RQs of the publications.

Paper

Research questions

1 (AK22)

11 (KA21)

What is the extent of returns in e-commerce (e.g., return rates)
and how are firms performing (e.g., costs)? How do the most rel-
evant key performance indicators change over time?

What is the extent of consumer returns in e-commerce and how
does the Covid-19 pandemic affect it?

111 (K24a)

IV (K24b)

V (K16)

VI (AK18)

What key research problems (e.g., forecasting purposes, techno-
logical approaches) have been addressed in the literature on fore-
casting consumer returns over time? What are the publication
outlets and research disciplines, research types and methodolo-
gies, product categories and industries, data sources and charac-
teristics, relevant forecasting predictors, and techniques and al-
gorithms used to address these key problems? How can returns
forecasting be integrated into a taxonomy of machine learning in
e-commerce? What are promising or emerging future research
directions regarding forecasting consumer returns? What key re-
search problems have been addressed in the literature of forecast-
ing consumer returns over time?

Which (advanced) algorithms are used in the literature on fore-
casting product returns in general and consumer returns in par-
ticular and how are these approaches evaluated?

How accurately can retailers predict a customer's return decision
based on transaction data using data mining methods? Which
methods are best suited for predicting return volumes? To what
extent do data mining models for return decision-making enable
the derivation of an accurate return quantity forecast?

How are simple data analysis methods performing compared to
complex, more sophisticated ones when predicting consumer re-
turns?
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Paper Research questions

VII (AKS17) Which drivers influence the flow of returns in e-tailing and to
what extent?

VIII (KAF22) To what extent do the display of quantity scarcity messages and
price discounts impact sales and consumer returns in a flash sale
e-commerce environment, and how does it influence profitabil-
ity?

IX (KVA22) How does return policy leniency influence an e-commerce cus-
tomer’s purchase intention?

Table 1. Overview of the RQs of the respective papers.

The papers in the first part (Part B) of this dissertation focus on exploring
and describing the phenomenon of returns and reveal the need for the holis-
tic and data-driven management of consumer returns. Methodologically,
Papers I and II collect data by surveying retailers. As demonstrated by the
systematic literature reviews within both of these papers, in the past, little
was known about the extent of returns and their economic and ecological
consequences, as well as their changes over time. Therefore, the first pa-
per presents the results of a long-term trend study conducted among Ger-
man e-tailers (first survey: n = 143; second survey: n = 68) from various
product group clusters. Regarding time-related evolution, in recent years,
significant sales shifted from stationary retail to e-tailers not only due to
but also further accelerated by the COVID-19 pandemic, which has placed
major constraints on brick-and-mortar retailers in most industrialised
countries. The second paper systematically reviews the literature on the
extent of consumer returns and conducts an exploratory survey (n=103) to
capture product category-specific return rates before and during the
COVID-19 pandemic, exploring the influences of this crisis on consumer
return behavior.

The second part (Part C) of this dissertation focuses on forecasting as a
crucial application of data analytics in consumer returns management.
ML techniques have unlocked opportunities for improved forecasting in
the last few years. Papers I1I and IV systematically review the current state
of research regarding returns forecasting. Paper III investigates the re-
search field of consumer returns forecasting in detail, including biblio-
metric analyses and different factors causing or promoting returns, which
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build the exogenous variables of returns forecasting models. Paper I'V con-
trasts the former reverse logistics and close-loop supply chain perspective
of the returns forecasting field with research on consumer returns fore-
casting: current algorithms for forecasting returns in e-commerce and the
metrics to assess different forecasting approaches are integrated into the
product return literature. After synthesizing four literature reviews, a rig-
orous systematic review is conducted, adding 28 publications related to
consumer returns to the forecasting literature on product returns. Based
on the results, research propositions are derived within Papers I1I and IV.
As the fashion industry is most affected by the phenomenon of consumer
returns compared to other industries (see Paper I), Paper V performs a
case study of a German shoe and apparel mail-order company. This paper
uses extensive historical transaction data (n = 481.092 ordered items) to
generate data mining models. In addition to predicting future return de-
cisions at the time of ordering, from a logistics perspective it is necessary
to forecast the expected number of returned parcels, in order to plan the
returns management process capacity adequately. Compared with those
of time-series forecasting methods, return volume predictions calculated
based on ML models allow for conclusions about the benefits of data min-
ing in this context to be drawn.

Although a vast number of ML algorithms can perform such tasks, small
and medium-sized e-tailers frequently lack the capabilities and resources
to employ complex techniques. Against this background, Paper VI evalu-
ates the performance of several techniques for predicting return decisions
at the shipment level that differ in application complexity, again using the
dataset underlying Paper V, but at a different level of aggregation. For
model assessment, both Papers V and VI build on some of the perfor-
mance indicators that the review in Paper IV revealed to be helpful and
use ML approaches (e.g., neural networks) that were shown to be common
in Paper I11.

The third part (Part D) of this dissertation empirically examines selected
factors and return drivers in more detail. Despite increasing interest in
this issue, few studies have published empirical results on the drivers of
consumer returns. Paper VII uses linear and logistic regression models to
explore an extensive dataset from an online apparel retailer. Previously
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untested hypotheses regarding return reasons are formulated and tested,
building on established theories and anecdotal information. While Paper
VII focuses on classical e-commerce, Paper VIII is based on sales data
from a German flash sale e-tailer. Flash sale e-commerce is a competitive
business with low margins. To generate as many orders as possible, tech-
niques that stimulate impulse buying behavior are often used. Two spe-
cific instruments that can contribute to impulse buying — the website dis-
play of scarcity notifications and the relative discount provided — and their
impact on sales and returns are analyzed. Subsequently, a quantitative
model synthesizes both perspectives — sales and return decisions. In this
way, Paper IX ties directly into the results of Paper VIII, as the impact of
pre-purchase, preventive or promotional measures concerns both pur-
chases and returns. To reduce the return volumes described in Papers I
and II, retailers can subject high-returning customers to different return
policies. In addition to return behavior, purchase intentions can be af-
fected. In an online survey of 197 consumers, this study examines the di-
rect and indirect effects of return policy leniency (including available pay-
ment options, as discussed in Paper VII) on purchase intentions. Struc-
tural equation modeling reveals the influences of other adjacent con-
structs in consumer research, such as perceived trust, fairness, opportun-
ism, and return difficulty.

To summarize, the publications included in this dissertation can be clas-
sified according to their different topical focuses, different research meth-
odologies used or evaluated, and different data used for analysis (see Table
2). Regarding the papers’ foci, Part B of this thesis focuses primarily on
descriptions about return performance indicators and customers’ reac-
tions to various situational changes to illustrate the relevance of the re-
search domain. Part C is dedicated to returns forecasting, including vari-
ous ML algorithms. Forecasts require an understanding of the reasons
and drivers of returns, which are discussed in more detail in Part D, in-
cluding a discussion of the behavioral consequences of return-related
managerial decisions.

From a methodological point of view, the first four papers include system-
atic literature reviews. In line with their exploratory nature, the first two
papers additionally present extensive descriptive statistics. A comparative
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quantitative case study approach is the basis for Paper V and VII, evaluat-
ing different regression and ML models. Papers VII and VIII apply regres-
sion technique as main research method, in order to verify various hy-
potheses. Paper IX analyzes the data utilizing a structural equation model,
again testing different hypotheses.

The dissertation is based on data from three retailer surveys conducted via
online questionnaires (Papers I and II), three different real-world e-tailer
datasets (Papers V-VIII), and a consumer survey (Paper IX).

Subject Focus Main Research Methods Data
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IX KVA22 v v v v

Table 2. Classification of publications.
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3 Results and Conclusions

First, the overall research contribution is outlined in Section 3.1. Section
3.2 presents the managerial implications derived from the results. A brief
overview of the limitations of the work and an outlook on the need for
further research concludes this dissertation in Section 3.3.

3.1 Main Results and Overall Research Contributions

This dissertation contains both exploratory and confirmatory research. The
contribution of exploratory research in general is to shed light on phenom-
ena that have not been researched in depth before and to generate ideas
and hypotheses that will be verified in the future (Swedberg, 2020). For
standard exploratory studies, multimethod approaches and standard sta-
tistical procedures are recommended (Swedberg, 2020, p. 41). Exploratory
insights are the basis for building and developing theory. As referenced
in Paper I and Paper VIII, concerning theoretical contributions, Whetten
(1989) distinguished (1) factors that explain a phenomenon, (2) the rela-
tionship between these factors, (3) logical justifications for altered views,
and (4) conditions that limit generalizability. Based on this understand-
ing, some of the publications present theoretical contributions and addi-
tions to existing models, especially in contributing to the “what” and
“why” questions for various phenomena (e.g., Papers I and II, respec-
tively).

In addition to theoretical contibutions, empirical contributions add
knowledge to “a phenomenon not previously covered by research or cov-
ered to a limited extent” (Agerfalk & Karlsson, 2021, p. 65). From a con-
firmatory perspective, empirical findings can, but do not necessarily need
to fulfill the requirement of generating new theory (Tsang, 2013). Primar-
ily, the empirical papers (Papers VII, VIII, and IX) included in this thesis
draw on existing models and theories, attempting to falsify them with
high-quality empirical evidence, or by strengthening their validity (zur
Shapira, 2011) and confirming the current state of research.

Beyond the individual contributions detailed in the respective papers, the
dissertation, in its cumulative nature, adds to the consumer returns liter-
ature as a whole. One of the key features of this dissertation is the use of
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various methodologies to generate subsequent findings, the use of various
empirical data sources (retailers and consumers) to include multiple per-
spectives, and the use of diverse secondary data to enhance the generali-
zability of the case study findings. This diversity also relates to the publi-
cation outlets chosen, which reflect the interdisciplinarity of the con-
sumer returns research field, ranging from general management and
marketing-related aspects to logicstics aspects, as well as integrating in-
formation systems research by including topics such as ML.

The following section answers the RQs formulated in Section 1 by high-
lighting and merging selected results and conclusions from the publica-
tions included in this dissertation. In that sense, the main research con-
tributions elaborated by the respective publications are outlined.

o RQ I: What is the actual extent of consumer returns in e-commerce, and
hence, why is it essential to employ data-driven consumer returns man-
agement?

First, this dissertation underlines the relevance of the research field of
consumer returns by systematically collecting extensive empirical descrip-
tive statistics on the number of returns with which retailers have to deal
before (Paper I) and during the COVID-19 pandemic (Paper II). Business-
relevant figures such as return rates, return costs, return times, or recov-
ery options elucidate an issue about which retailers are often reluctant to
communicate (see the introductory quote regarding “athlete's foot”; Bergt,
2015).

In this way, this dissertation contributes to creating a more accurate, nu-
anced, and scientifically rigorous characterization of the phenomenon of
returns through an explorative approach. Previously, the numbers re-
ported in publications were fragmented or based on single case studies,
as documented by a well-structured systematic literature review (Papers [
and II). Both of these studies substantiate the idea that consumer returns
are a massive challenge for e-tailers. The numbers published, e.g. regard-
ing the effects of the COVID-19 pandemic, build a benchmark when con-
tinuing and extending the research in this field. The need for further re-
search is especially evident in fashion e-commerce, where Paper I con-
firms the suspected a-return rates of approximately 50 %. However, the
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average costs for a returned item (approximately € 2 each for transporta-
tion and processing) are significantly lower than the estimates from pre-
vious literature. This result is attributable to the large relative share of re-
turned fashion articles, for which below-average costs and faster-than-av-
erage return processing are observed. Obviously, handling returns is a
core element of the fashion e-commerce business model, prompting re-
tailers to improve process and cost efficency in recent years.
Furthermore, based on the indicators collected, the environmental foot-
print of return shipments in Germany is systematically quantified to a
lower bound of approximately 200,000 tons of CO2 per year, and the con-
sumption of resources through the disposal of returns can be estimated.
In addition, Paper II describes a significant decline in return rates ob-
served in the middle of the COVID-19 pandemic for the fashion and inte-
rior product groups. Numerous possible causes of this decline are con-
trasted, which can stimulate further interventions from a retailer’s per-
spective after the pandemic; e.g., avoiding selection orders or attracting
new customer groups may be effective in reducing the return numbers.

e RQ II: What is the current state of research regarding consumer returns
forecasting, and how can such forecasting be implemented in business
practice?

Second, this dissertation presents the current state of research regarding
forecasting consumer returns with a focus on predictors, advanced algo-
rithms and assessment metrics applied in the field of e-commerce, out-
lining several paths for research regarding forecasting (Papers III and IV).
Based on real-world retailer data, forecasting models for different pur-
poses are evaluated and compared (Papers V and VI), adding to the litera-
ture by contrasting different prediction models. Furthermore, recommen-
dations are generated as to which forecasting techniques are valuable and
appropriate under which circumstances, especially with regard to small
and medium-sized e-tailers.

The case study performed within Paper V shows that statistical data aggre-
gation from item-level predictions to package-level predictions improves
forecasting accuracy. While no prediction algorithm shows superior accu-
racy under all conditions (Paper III), ensemble models prove to be more
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accurate and robust than single ML models (Paper V), thus confirming
the state of research. While Papers V and VI also confirm the expectation
that complex methods outperform simple methods, they demonstrate that
correctly specified naive approaches (e.g., binary logistic models for return
decisions) perform almost on par with sophisticated ML algorithms in
terms of their technical forecasting accuracy. This finding suggests that
even simple forecasting implementation can be helpful for business prac-
tice, thus answering the “why” question for a somewhat controversial view
and making a minor methodological contribution according to the typology
of Bergh et al. (2022, p. 1837). This insight also calls for future hypothesis
testing regarding the interrelationship between forecasting accuracy and
business performance.

In addition, time-series forecasting techniques are not suitable for return
volumes, while (smoothed) historical order and returns information, even
when used as the only predictors, allow for high forecasting precision (Pa-

per V).

e RQ III: How and to what extent do different return-related factors influ-
ence consumers’ purchase and return decisions?

Third, to summarize the factors and relationships investigated within this
part of the dissertation, Table 3 provides the results of the hypotheses
tested in Papers VII, VIII, and IX.

This dissertation examines two perspectives on influencing factors to
paint a more holistic picture. On the customer side, aspects such as basket
composition are shown to interdepend on return behavior (Paper VII),
whereby, for example, a clear distinction must be made regarding selec-
tion orders; there are significant effects for size- and style-related selection
orders, while such effects are not evident for color-related selection orders
(Hypothesis VII.H1.2). In contrast, on the retailer side, the information
given on the online store website (Paper VIII) and the retailer’s return pol-
icies, e.g., available payment methods (Paper VII, Hypothesis VII.H5), in-
fluence consumer behavior, and therefore are effective methods for ac-
tively managing returns. Confirming the results from research on fore-
casting (Paper V), historical return patterns are strongly associated with
future return behavior (Hypotheses VII.H6 and VII.H7).
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In conclusion, the studies reveal some of the underlying factors for re-
turns and how these variables are related. The methodological approach —
using real-world retailer data — distinguishes both studies from other em-
pirical work regarding return drivers and consumer returns in general
(e.g., Leeuw et al., 2016), which are often based on survey methods. Fur-
thermore, integrating both the sales and returns perspectives is a unique
feature of Paper VIII.

As part of the efforts to master the high number of returns, returns man-
agement measures must always be considered holistically, as their effects
on purchasing behavior, for example, can override the main intended ef-
fects. In Paper IX, the research on return policy and purchase intention is
complemented by examining different return policy manifestations. Un-
covering the relationships among different prerequisites (return policy,
trust, fairness, opportunism, and return difficulty) for purchasing behav-
ior that have been only partially researched in the past thus addresses the
“how” question. These findings together contribute to the relevance of
data-driven management support systems, as changes in the return policy
that might be implemented to influence return rates are also found to di-
rectly influence customers’ purchase intention.

Hypothesis Results
VIL.H1.1| There is a positive relationship between the number of ad-| a: v
ditional items and the a-/B-returns rate of an order. B: x
VIL.LH1.2 | a) There is a positive relationship between the number of| a: v
multiple-items regarding size (i.e., same style and same| f:v
color) and the a-/B-returns rate of an order.
b) There is a positive relationship between the number of
multiple-items regarding color (i.e. same style and same
size) and the a-/B-returns rate of an order.

™R
x %

c) There is a positive relationship between the number of| a: v
multiple-items regarding style (i.e. color and same size) and| f: v
the a-/B-returns rate of an order.
VIL.LH2 | There is a positive relationship between the mean item price| o v
and the a-/B-returns rate of an order. B: v
VII.H3.1 | The use of coupons codes has a positive effect on the o-/B-| o v
returns rate of an order. B: v
VII.H3.2 | There is a negative relationship between the relative value of | a: v
a coupon and the a-/B-returns rate of an order. B: v
VIL.LH4 | Adding free gifts to an order has a negative effect on the a-| o
/B-returns rate of an order. B: v
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Hypothesis Results

VIL.H5 | Post-delivery payment options such as invoicing have a pos-| a: v’
itive effect on the a-/B-returns rate of an order. B: v

VIL.H6 |There is a positive relationship between the ordered items’| a: v’
aggregated historical B-returns rate and the a-/B-returns| f:v
rate of an order.

VIL.H7 |There is a positive relationship between the customer’s his-| o: v’
torical a-/B-returns rate and the a-/B-returns rate of an or-| f: v
der.

VIIL.H1 | Displaying product scarcity increases sales in a flash sale e- 4
commerce environment.

VIII.H2 | Displaying relative price discounts increases sales in a flash x
sale e-commerce environment.

VIII.H3 | Displaying product scarcity increases returns in a flash sale v
e-commerce environment.

VIII.H4 | Displaying relative price discounts increases returns in a x
flash sale e-commerce environment.

IX.H1 |Customers’ purchase intention is positively associated with v
return policy leniency.

IX.H2a |Customers’ perceived fairness is positively associated with v
return policy leniency.

IX.H2b |Customers’ purchase intention is positively associated with 4
perceived fairness.

IX.H3a |Customers’ perceived trust is positively associated with re- v
turn policy leniency.

IX.H3b |Customers’ purchase intention is positively associated with x
perceived trust.

IX.H3c |Customers’ perceived trust is positively associated with per- v
ceived fairness.

IX.H3d |Customers’ perceived opportunism is negatively associated v
with return policy leniency.

IX.H3e |Customers’ perceived trustis negatively associated with per- v
ceived opportunism.

IX.H4a |Customers’ perceived return difficulty is negatively associ- 4
ated with return policy leniency.

IX.H4b |Customers’ purchase intention is negatively associated with x

perceived return difficulty.

Legend: v' = supported; ¥ = not supported; a: package-related; f: item-related

Table 3. Overview and results of the hypotheses examined.
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3.2 Managerial Implications

For businesses, the collected data from Papers I and II can be used for
benchmarking purposes (e.g., regarding return rates, return costs, and
processing times) and support the improvement in e-tailers’ decision-
making systems. Therefore, the data of both retailer surveys included in
Paper I are available as open data via Figshare (Karl & Asdecker, 2022). As
e-tailers dispose of items more frequently than they donate them, new
business models should be created to develop solutions for a better coor-
dination of donors and grantees to preserve resources.

Papers 111 and IV can guide managers and data scientists in implementing
forecasting solutions in the reverse part of the e-commerce business
model by providing an overview of the most discussed algorithms and
evaluation metrics used in the scientific literature. Additionally, Paper II1I
describes many relevant factors causing or at least predicting consumer
returns that can be targeted by retailers when designing preventive
measures. Paper V shows the benefit of data aggregation after prediction,
and derives some practice-oriented recommendations as to which meth-
ods are suitable for forecasting the return volume. Conversely, Paper VI
concludes that the binary logistical regression, as the simplest method an-
alyzed, may already provide satisfactory results when forecasting return
decisions. The findings indicate that big data analytics is valuable for man-
aging consumer returns effectively and efficiently — even if not the most
sophisticated state-of-the-art method is used.

Paper VII provides suggestions for retailers about how different payment
methods can influence consumer returns and provides evidence that
measures to avoid size selection orders may be beneficial when trying to
reduce the number of returns. Nevertheless, analyzing customer and
product history regarding return statistics and the derivation of corre-
sponding measures (e.g., assortment decisions or individual customer
measures) may be the most tremendous form of leverage for preventive
returns management. Paper VIII presents a quantitative model to serve as
the basis for a decision support system that enables managers to better
address the underlying tradeoff between purchase promotions and return
consequences. Thus, decision-makers — beyond the flash sale context —
should keep in mind both sides of the coin when designing nudges or
other preventive measures for e-commerce websites. Paper X improves
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companies’ understanding of how different return policies affect cus-
tomer behavior regarding purchase intention under the consideration of
various influencing factors. Thus, strategies and opportunities for how to
favor or penalize certain customer groups (e.g., low-level returners versus
opportunistic returners) by individualizing the return policy to increase
profits are outlined.

3.3 Limitations and Directions for Future Research

As with any scientific work, the findings from the publications included
in this dissertation must be critically reflected, and their limitations must
be noted and discussed. Such limitations also constitute a stimulus for
further research.

In general, the research in this dissertation focused primarily on the Ger-
man e-commerce market. Although Germany is the largest national mar-
ket within the EU and ranks sixth globally (Lipsman, 2019), recent studies
indicate that the behavior of customers and retailers in other countries,
both inside and outside the EU, may differ from that in Germany
(Asdecker et al., 2022). This situation motivates the call for European and
international studies comparing different countries regarding the phe-
nomenon of consumer returns, similar to Papers [ and II. Comprehensive
data on returns behavior in Europe have already been collected (Asdecker
et al., 2022), but have not yet been published in scientific outlets. Subse-
quently, this call for internationalization also includes research on return
drivers (Papers VII and VIII), as they may also be composed differently
across cultural and legal contexts.

Regarding temporal aspects, the trend study on return performance indi-
cators (Paper I) needs to be updated and republished regularly. Further-
more, the results from Paper II need to be verified to examine whether
COVID-19 merely caused a short-term decline in return rates or whether
it triggered long-term structural changes in the retail context and among
consumers.

Another limitation concerns the fact that the case studies conducted in
Papers Vand VI are each based on a single data set from a fashion e-tailer.
A replication with further datasets from other retailers, integrating addi-
tional product groups or other periods, can help validate the results. In
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terms of the product groups evaluated, most articles focus on the apparel
sector, which is undoubtedly the most affected by returns (see Paper I).
However, the results cannot be extrapolated to other product groups
where customer behaviors are largely different, as demonstrated in Papers
Iand II.

Concerning factors influencing returns, only some of the drivers of re-
turns are analyzed, and no claim is made to completeness (Paper VII).
This situation calls for further studies based on more extensive data to
compare the factors already included with additional return drivers. This
kind of study can also be placed within a forecasting context, for which
Paper 111 hints at the influencing factors examined in the literature.
Paper VIII investigates selected e-commerce website design options. Fu-
ture studies should consider further options (e.g., De et al., 2013) to paint
a more comprehensive picture of the effect of individual measures on
sales and returns. Especially in the context of evolving technologies such
as virtual fitting tools, which are based mainly on ML and AI algorithms,
a separate research stream has emerged (e.g., Gustafsson et al., 2021;
Yang & Xiong, 2019): What is the impact of such tools on returns® An-
other research stream relevant in this context is (digital) nudging in e-
commerce (e.g., Dennis et al., 2020), which should also consider the effect
of nudges on returns (e.g., Seewald et al., 2019). Gamification also offers
promising avenues that could be applied to preventive returns manage-
ment by influencing customer behavior (Rauh et al, 2024; Rauh &
Asdecker, 2023).

Another limitation of the publications is the transfer of managerial impli-
cations back into business practice yet to be shown (Papers IV to XI).
While recommendations and implications are derived, these suggestions
have not yet been cross-checked and validated. For example, building on
Paper VIII, a subsequent study can evaluate whether the targeted hiding
of the remaining stock for some customers or products leads to the ex-
pected change in purchase and return behavior.

In general, the fundamental focus of this work is on e-commerce returns.
In economically challenging times for brick-and-mortar retailers, the om-
nichannel business model is gaining importance, which also entails con-
sequences for returns (ordered online, tried on or returned in the store,
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and vice versa) — another viable path for further research insights (e.g.,
Borba et al., 2020; Nageswaran et al., 2020).

Finally, future research in the context of consumer returns should be
strongly motivated from a sustainability perspective (Frei et al., 2020), to
manage the ecological footprint of e-commerce. As a form of groundwork,
Paper I presents a quantification of the ecological impact of the phenom-
enon of returns, which ought to be researched in more detail in future
studies, particularly when it comes to emission reduction efforts. On the
one hand, additional topics for scientific discussion regarding operational
and curative tasks of returns management include reusable packaging in
forward and reverse logistics, which is not discussed within the present
work. However, on the other hand, for preventive tasks, measures such as
repeatedly discussed return fees (Bower & Maxham, 2012) need a thought-
ful and data-driven examination before and during implementation to
avoid jeopardizing a retailer’s business model and as not to induce any
contrary effects. This dissertation provides a solid groundwork for contin-
ued research on these topics.
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Abstract

In recent years, significant sales have shifted from stationary retail to the
internet, which has resulted in the enormous growth of e-commerce. Nev-
ertheless, there is one critical aspect that threatens the success of the busi-
ness model, namely, consumer returns. While the amount of research on
this topic has increased noticeably over the last few years, little is known
about the extent of returns and their economic and ecological conse-
quences, as well as about changes over time. Against this background, this
paper presents the results of a long-term trend study conducted among
German e-tailers from various product group clusters. With an annual
turnover of more than $80 billion in 2019, Germany is the sixth-largest
business-to-consumer e-commerce market. The study shows that con-
sumer returns are a massive challenge for e-tailers that should not be un-
derestimated. This research adds knowledge about the reverse part of the
e-commerce business model. For businesses, the collected data can be
used for benchmarking purposes and can help to improve e-tailers’ deci-
sion-making systems. Societally, this study provides a basis for the quan-
tification of the environmental impact of returns.

Keywords: E-commerce, Consumer Returns, Return Rates, Return
Costs, Ecological Impact
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1.1 Introduction

Despite a promising outlook with double-digit growth rates ahead (Lips-
man, 2019, Torry, 2020), the e-commerce business model faces a number
of challenges along its growth path. Among them are consumer returns.
To create trust and to encourage consumers to order, companies are
granting liberal return policies, which in turn lead to more online returns
than those experienced by traditional brick-and-mortar retailing (e.g.,
Tarn et al., 2003, Giménez & Lourenco, 2008, Xia & Zhang, 2010). Since
the costs caused by returns do not rise linearly, but instead rise dispropor-
tionately with the return rate, returns management is considered a critical
success factor (Asdecker, 2015). Similar to that seen in brick-and-mortar
retailing (e.g., Cassill, 1998), the return process can generate customer
satisfaction and loyalty in online retailing (Vakulenko et al., 2019). Due to
the importance of returns, it is not surprising that the number of available
publications on this topic has risen steadily over the past years. Despite
the increased recent attention among scholars, comparatively little is
known about the extent of consumer returns in e-commerce or about im-
portant key performance indicators; this is in part because many firms
consider such information to be confidential (Stock & Mulki, 2009). How-
ever, such data are necessary for many reasons, for example, to substanti-
ate the relevance of the underlying research, to better prepare decision-
making, to make realistic assumptions for parameter values in quantita-
tive and simulation models, and to provide some estimates of the ecolog-
ical impact of returns.

Against this background, one of the most frequently cited academic works
in the context of returns management is the study by Rogers and Tibben-
Lembke (1998). However, this reference is rather dated and refers to the
predecessor of e-commerce, namely, catalog retailing. The more recent
studies with a scientific background are either much less extensive (e.g.,
Stock & Mulki, 2009, Bernon et al., 2016) or are based on data from a
single e-tailer (e.g., Walsh & Mohring, 2017, Aratjo et al., 2018). The only
other data points are practitioner-related publications. However, such
publications have not been subject to a peer-review process and their
methodological approach is often neither transparent nor replicable.
Thus, it is of great importance to shed further light on the black box of
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consumer returns. In particular, this study aims to contribute to the fol-
lowing two research questions:

o What is the extent of returns in e-commerce (e.g., return rates) and how
are firms performing (e.g., costs)?
o How do the most relevant key performance indicators change over time?

To answer these questions, we use a longitudinal trend study. To contrib-
ute to the theoretical background, this research provides a thorough liter-
ature review on returns management key performance indicators and col-
lects its own data to provide descriptive statistics on the extent and conse-
quences of consumer returns. These insights add knowledge to the re-
verse part of the e-commerce business model. In practical application, the
collected data can improve e-tailers’ decision support systems and can be
used as the basis for benchmarking tools. In terms of general knowledge,
this study contributes by quantifying the environmental impact of re-
turns. The following paragraph provides a review of the relevant literature,
which emphasizes the current research gap.

1.2 Systematic literature review

Unlike other more general literature reviews (e.g., Abdulla et al., 2019),
this work specifically focuses on publications that provide insights con-
cerning the extent of consumer returns and important performance indi-
cators to reflect the objectives of this paper. More specifically, this review
intends to synthesize available studies about (1) return rates, (2) cycle
times, (3) costs, and (4) recovery options.

Methodologically, the review follows the guidelines of Denyer and Tran-
field (2009), who structure the research process in the following five steps:
(1) question formulation; (2) locating studies; (3) study selection and eval-
uation; (4) analysis and synthesis; and (5) reporting and using the results.
The first step refers to the research questions, which are already derived
in the introduction. The second step involves selecting the databases and
defining the search terms. In that respect, five scientific databases were
selected, namely Business Source Ultimate (BS), Science Direct (SD),
JSTOR (JS), Web of Science (WS) and EconBiz (EB). To identify a large
number of relevant publications, very general search terms were used,
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which combined ‘product returns’, ‘consumer returns’, or ‘customer re-
turns’ with either ‘rate*’, ‘cost®’, ‘time*’, or ‘recovery’. This resulted in
9323 search hits (see Table I.1). In the third step, duplicates and studies
that refer to ‘stock returns’ were removed, leaving 846 publications. There-
after, titles, abstracts, and keywords were scanned to identify potentially
relevant studies, which led to a preliminary set of 52 articles that were read
in full length. Publications that addressed only brick-and-mortar retailing
were excluded. Once confirmed, the references of each relevant article
were searched for further publications of interest. In total, the search led
to 44 relevant publications. The list of identified references can be found
in the digital appendix of this paper.

Search term BS |SD |JS |WS|EB
(‘product returns’ OR ‘consumer returns’ 2421475403 | 11952
OR ‘customer returns’) + ‘rate®’

(‘product returns’ OR ‘consumer returns’ 288|17991622|193|102
OR ‘customer returns’) + ‘time*’

(‘product returns’ OR ‘consumer returns’ 452 (1566 507|291 |94
OR ‘customer returns’) + ‘cost*’

(‘product returns’ OR ‘consumer returns’ 113|689 |124|127|65
OR ‘customer returns’) + ‘recovery’

Combined results without duplicates 846

& without ,stock return®

Preliminary set of most relevant articles 52

Relevant hits + backward search = Final selection | 32 + 12 = 44

Table I.1. Initial search hits and final selection.

In the fourth step, the publications were classified according to their ob-
jective. Most notably, only four of the 44 relevant papers have a scientific
background and explicitly aim at collecting statistics on the returns man-
agement process (Rogers & Tibben-Lembke, 2001, Stock & Mulki, 2009,
Bernon et al., 2016, Aratjo et al., 2018). Of the remaining 40 papers, 21
are scientific papers with different overall objectives and 19 are reports by
practitioners that were published in nonscientific outlets. Furthermore,
the results were categorized based on the four relevant fields of interest,
that is, return rates, cycle times, costs, and recovery options. The presen-
tation of the results, which is the final fifth step of the review, can be found
in the following paragraphs. The presentation distinguishes between
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peer-reviewed scientific contributions and nonpeer-reviewed practitioner
contributions. The works are arranged chronologically.

Return rates. Of the 44 relevant studies, 40 reported about return rates, of
which 22 (55 %) were scientific papers and 18 (45 %) were published in
nonscientific outlets. It is important to note that retailers can determine
their return rates in different ways, as noted in Asdecker et al. (2017) and
Hofmann et al. (2020): (1) the shipment-based return rate, which reflects
the logistics perspective and is referred to as the alpha return rate (a), (2)
the item-based return rate, which represents the sales perspective and is
referred to as the beta return rate (B), and (3) the revenue-based return
rate, which shows the financial perspective and is referred to as the
gamma return rate (y). The alpha return rate divides the number of re-
turned shipments by the number of outbound shipments, whereas the
beta return rate sets the number of returned items in relation to the num-
ber of shipped items. The gamma return rate divides the value of returned
items by the value of ordered items. A further classification can be made
in terms of the product category under investigation. Table 1.2 summa-
rizes the published return rates; the appendix contains further details.

Scientific papers Practitioner reports

Cross-sectional rates

Rogers and Tibben-Lembke (2001):
6 % [n.s., Hong and Pavlou (2014):
13 % [n.s.], Abbey et al. (2018): 16 %
[y], Aratjo et al. (2018): 3-4 % [y],
Wang and Ansell (2020): 4-40.6 %
n.s.]

Del Franco (2000): 5-7 % [n.s.],
Thomas (2001): 5.5-7.2% [n.s.],
Stock (2004): 5.6 % [n.s.], Brohan
(2005):  <10% [n.s.],  Banjo
(2013): 33 % [n.s.], Pur et al. (2013):
13 % [B], Ng and Stevens (2015): 10—
15 % [n.s.], Ellis (2017): 33 % [n.s.],
Woods (2017): 25-40% [n.s.],
Appriss Retail (2019): 9.6 % [n.s.],
Nicola (2019): 30-50 % [n.s.], Jack et
al. (2019): 1-75 % [n.s.], EHI Retail
Institute (2019b): 20 % [B]
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Scientific papers Practitioner reports

Rogers et al. (2002): <40% [n.s.],|Del Franco (2000): 30% [n.s.],

Mollenkopf et al. (2007): 20-30 % | Thomas (2001): 40 % [n.s.], Catalog

[n.s.], Petersen and Kumar (2010): [ Age (2002): 10-40 % [n.s.], Résch

16 % [n.s.], Rao et al. (2014): 15 % [B], | (2011): 50-70 % [n.s.], Pur et al.
& |Bernon et al. (2016): 8.1-38.2 % [y],| (2013): 26 % [B], Stevens (2014):
8 | Asdeckeretal. (2017):52.1[B]/63.3% |50 % [n.s., Ng and Stevens
.8 [a], Vilar-Zanon et al. (2017): 25 %] (2015):30%  [n.s.],  Pettypiece
< [n.s.], Walsh and Moéhring (2017):((2015): 30% [n.s.], EHI Retail
i= {20 % [a], Asdecker and Karl (2018):| Institute (2019b): 40 % [B]

59.8 % [a], Difrancesco et al. (2018):

40 % [n.s.], Sahoo et al. (2018): 15-

22 % [n.s.], Shang et al. (2019): 7 %

[n.s.]
= Mollenkopf et al. (2007): 5-20 % [n.s.], | Del Franco (2000): 25-35 % [n.s.],
g Griffis et al. (2012): 2-11 % [n.s.], | Douthit et al. (2011): 11-20 % [n.s.],
£ |Minnema et al. (2016): 8.3 % [n.s.], | EHI Retail Institute (2019b): 10 %
% Bernon et al. (2016): 6.4-10.3 % [y]  |[P]
&

Mollenkopfetal. (2007): 5-20 % [n.s.], | Del Franco (2000): 2-5% [n.s.],
© |Cui et al. (2020): 5-14 % [n.s.],|Catalog Age (2002): 5-10 % [n.s.],
% |Hofmann et al. (2020): 5.1% [B] /|EHI Retail Institute (2019b): 10—
5177 % [« 30 % [B]

Rabinovich et al. (2011): 2% [n.s.],| EHI Retail Institute (2019b): 20 %
5 | Bernon et al. (2016): 5.0-12.7 % [y],|[B]
g Minnema et al. (2016): 10 % [n.s.],
& | Sahoo et al. (2018): 7 % [n.s.]
» | Daily needs: Mollenkopf et al. (2007): | Daily needs: EHI Retail Institute
2 |<5%ns] (2019b): <10 % [B]
@)

Legend: [a] = Shipment-based return rate; [] = Item-based return rate;
[Y] = Revenue-based return rate; [n.s.] = Return rate not specified

Table I.2. Return rates reported in the available literature.

Return cycle times. The least amount of data are available in terms of cycle
times. Only three peer-reviewed and two nonscientific publications out of
the 44 relevant studies refer to the time dimension of the return process.
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Rogers and Tibben-Lembke (2001) find that 42.0 % of returns are pro-
cessed within one week, and that 85.3 % are processed within one month.
According to Stock and Mulki (2009), the time used is divided into receiv-
ing (17 % of time), processing (31 %), sorting (26 %), and disposing
(26 %). According to Bernon et al. (2016), some retailers operate returns
within 2448 hours because “[...] good performance was considered to be
48 hours from receipt at the processing center to being back in to stock
[...]” (p- 596). From a customer’s perspective, the process still might ap-
pear to take six days due to shipping lags. Two nonscientific publications
supplement the above results. Because of high customer pressure, some
retailers directly reimburse after the items pass the first inspection
(Résch, 2011). More than two-thirds of the surveyed retailers process re-
turns and refund customers within 48 hours (EHI Retail Institute, 2019b).

Return costs. A few more studies refer to costs. However, the number of
publications remains limited (13 of the 44 relevant studies). Among those,
three papers are scientific and 10 are practitioner-oriented. Rogers and
Tibben-Lembke (2001) estimate that 4 % of a firm’s total logistics costs
can be attributed to managing product returns. Stock et al. (2006) estimate
the processing costs for one item to be approximately $30-$35. Stock and
Mulki (2009) note that 11 out of 16 participating retailers can recover more
than 76 % of their original cost, while two retailers are not able to recover
more than 25 % of their original cost. On the practitioners’ end, Thomas
(2001) determines average manual processing costs of $32.40. Based on a
survey, Brohan (2005) reports that the majority (67.4 %) of companies face
processing costs of up to $10. In addition, 20.4 % are in the range of $11-
$15, and 12 % come out to more than $15. Douthit et al. (2011) find the
handling and disposition costs of returns to account for 2-3 % of sales.
The Economist (2013) quantifies the handling costs for returns from $6-
$18 per item without considering the potential loss of value, cutting a re-
tailer’s profit by up to 50 %. According to Pur et al. (2013), fashion returns
can be resold more frequently than others. Furthermore, they note that
most returns cost less than 15€ per item (cross-sector average 20€). Fash-
ion returns can entail high discounts of up to 80 % when out of season
with even lower earnings for items sold to liquidators (Pettypiece, 2015).
According to Ellis (2017), the “[...] expense of processing and shipping |...]



47

can range from 20 percent to 65 percent of an e-tailer’s cost of goods sold
[...]”. Woods (2017) interviews an UPS executive who estimates returns
processing costs to be 10-15 % of the goods’ value. Nicola (2019) notes
that shipping is the dominant part of the total return costs (11€), followed
by diminished product value, the inspection of returned items, and col-
lecting/identifying them. An EHI Retail Institute (2019b) study reports
average processing costs of 10€ per returned item. In addition, large dif-
ferences exist between product categories, with the lowest costs in fashion
(5€) and the highest costs in consumer electronics and DIY (15€).

Recovery options. Out of the 44 relevant studies, nine refer to recovery
options, out of which four have been peer-reviewed. Rogers and Tibben-
Lembke (2001) report that 17.6 % of returned goods are resold as is,
15.5 % are remanufactured, 14.7 % are recycled, 13.9 % are disposed of as
scrap, 11.0 % are repackaged and sold as new, 9.0 % are sent to a central
processing facility, 6.8 % are donated, 5.6 % are sold to a third-party bro-
ker, and 5.1 % are sold at an outlet store. Stock and Mulki (2009) find that
88.3 % of survey respondents return products directly to inventory, while
81.8 % do either destroy or sell at least some returns as scrap. Other op-
tions used are repackaging and inserting into inventory (61.4 %), donat-
ing to charity (37.2 %), selling on third-party/secondary markets (19.0 %),
and repairing/refurbishing (4.1 %), among other options (19.9 %). The
case study by Aratjo et al. (2018) states that 70 % of returned items are in
a good-as-new condition and are directly returned to retail inventory. An-
other 5 % are forwarded to the supplier for direct review and technical
assistance. The remaining 25 % are sold at a reduced price during a
knockdown sale or disposed of as scrap. Hjort et al. (2019) note that most
items are returned to the shelf, but all retailers also dispose some as scrap.
Only one in 12 retailers donates any returns to charity. The scientific stud-
ies are complemented by five practitioner publications. According to
Brohan (2005) approximately 39.5 % of e-tailers use auction platforms to
sell returns at a discount. Pur et al. (2013) find that 38 % of returns can be
directly reinserted into the sales channels, whereas 24 % need repackag-
ing, 16 % need refurbishment, 12 % can only be sold as B-stock, and 10 %
cannot be resold again. A supply chain consultant interviewed by Stevens
(2014) estimates that 70 % of returned merchandise is suitable for resale.
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Ng and Stevens (2015) describe that many returns are resold in bulk at
only 10-20 % of the original value. Reselling online can lift recovery rates
to 40-70 %. Besides, according to an interviewee, up to 20 % of returns
cannot be resold due to damages. A recent EHI Retail Institute (2019b)
study reports that 70 % can be resold as new. For the rest, companies refer
to secondary markets or third-party brokers (53 %), recycling or disposal
(47 %), outlet stores (36 %), donations (28 %), a return to the supplier
(25 %), or staff sales (21 %).

This exhaustive literature review shows that the available data on con-
sumer returns are rather limited. The majority of cited publications refer
to data from a single company. In addition, the comparison of the differ-
ent values per category shows a wide range. The greatest consensus is that
the fashion segment has the highest return rates. However, it is not pos-
sible to draw conclusions about how high these return rates actually are
in the overall market. The same applies to the values for return costs, cycle
times, and the employed recovery options. In addition, the available stud-
ies only report mean values. Standard deviations and confidence intervals
are not provided. A study on developments and trends could not be found.
Given this high degree of uncertainty, we conclude that a systematic em-
pirical study is needed to address this knowledge gap. For that purpose,
this research draws on Germany, which is the largest national market
within the European Union (EU). Globally, Germany ranks sixth, with a
turnover of $81.85 billion in 2019, following China ($1,934.78 billion), the
United States ($586.92 billion), the United Kingdom ($141.93 billion), Ja-
pan ($115.40 billion), and South Korea ($103.48 billion) (Lipsman, 2019).
The following section provides a more detailed description of the German
e-commerce market.
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1.3 E-Commerce in Germany

E-commerce companies in Germany are well organized within associa-
tions. These include the leading association of e-commerce companies,
the “Bundesverband E-Commerce und Versandhandel e. V.” (BEVH),
and the association of delivery companies, the “Bundesverband Paket-
und Expresslogistik e. V.” (BIEK). Apart from the thus far neglected con-
sumer returns, the BEVH and the BIEK collect and publish various data
on e-commerce in Germany, of which the most relevant are presented in
the following in a condensed form.

According to the BEVH, the revenue generated in German e-commerce
totaled 72.64 billion € in 2019 up from 65.10 billion € in 2018 (+11.6 %)
(BEVH, 2020). At an average exchange rate of $1.120/€ in 2019 (IRS,
2020), this corresponds to $81.36 billion and is very close to the already
mentioned estimate by Lipsman (2019). A major share of revenue comes
from the product group clusters «Entertainment» and «Fashion» (see Ta-
ble 1.3).

E-commerce in Germany is characterized by many small and medium-
sized merchants who sell their goods in their own shops or via market-
place platforms (e.g., Amazon marketplace, eBay). At the same time, a few
online shops concentrate a large share of total revenue. According to the
EHI Retail Institute (2019a), the 30 e-tailers with the most revenue ac-
count for more than one-third (25.3 billion €; 38.9 %) of the total German
e-commerce sales.

Cluster Associated product categories Revenue 2019 (%)
Enter- Books/e-books/audio books, 25.84 billion € (35.57 %)
tainment |CDs/DVDs, computer/accessories,
games/software including downloads,
electric goods/telecommunications
Fashion Clothing, accessories, shoes 18.71 billion € (25.76 %)
Interior Furniture/lamps/decoration, home tex- | 10.92 billion € (15.03 %)
tiles, household goods/appliances
Leisure DIY/flowers, toys, car/motorbike/acces- | 8.66 billion € (11.92 %)
sories, hobby/leisure articles
Others Anything that is be attributed to the 8.51 billion € (11.72 %)
other product groups

Table I.3. Detailed origin of the revenue generated in German e-commerce.
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The growth in revenue goes hand-in-hand with an increase in the number
of parcels transported (BIEK, 2019, BIEK, 2020). In 2019, logistics service
providers in Germany transported 3.65 billion courier, express, and parcel
shipments (2018: 3.52 billion shipments). Parcels accounted for 84.2 %
(2018: 83.9 %), which led to 3.07 billion parcel shipments (2018: 2.95 bil-
lion parcels). Of this figure, 65 % (2018: 62 %) was attributed to the busi-
ness-to-consumer (B2C) segment, including returns. This equaled 1.99
billion shipments in B2C e-commerce. It increased from 1.83 billion in
2018 and corresponded to a growth rate of 8.7 %. Since the BIEK studies
draw on transaction data of the member companies, a high validity and
reliability can be assumed. With regard to the distribution of the shipment
quantities across the respective product categories, a study on behalf of
the BEVH concludes that the share of outbound shipments largely corre-
sponds to the revenue share of the product categories (MRU GmbH,
2014), which is also assumed in the remainder of this paper.

The legal basis for returns in member states of the European Union is the
consumer rights directive 2011/83/EU, which has been incorporated into
national law. Accordingly, consumers in Germany have the right to revoke
a purchase on the internet within 14 days after delivery without providing
reasons. In principle, consumers bear the direct costs of returning goods
to the retailer unless the retailer voluntarily waives this right or fails to
inform the customer about the return costs during the order. Despite the
legal possibility, in practice, the vast majority refrain from doing so.

Due to the extensive consumer rights and liberal return policies of the
major vendors, which are a de facto standard for the entire German e-
commerce market, consumers have generally developed an expectation of
customer-friendly policies. This study aims to provide information about
the extent of consumer returns. For that purpose, data are collected. This
collection process is described in the following paragraph.

1.4 Survey

To improve the available data regarding consumer returns, the authors of
this paper designed a longitudinal study to observe the same phenome-
non over an extended period. More specifically, a trend study was em-
ployed, also referred to as a repeated cross-sectional study, which draws
different recurring samples over time from a population that answers the
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same questionnaire (Babbie, 2005). Consequently, trend studies are “[...]
a typical instance of a design that is cross-sectional at the level of the sam-
pling units, but longitudinal at the level of research units” (Taris, 2000,
p. 6). It is considered suitable to examine change at the aggregate level
(Taris, 2000, Babbie, 2005). Moreover, trend studies are unaffected by
panel attrition, e.g., due to job and career changes, which would have
made the data collection and analysis considerably more difficult if not
completely infeasible.

To support data collection, a website was set up in 2013 (http://www.re-
tourenforschung.de) to provide various information and tools for practi-
tioners (e.g., a review of existing literature, a returns management ency-
clopedia, a tool for calculating the profit-optimal return rate, and study
reports). To gain access, interested individuals had to register for a so-
called online expert panel and agree to receive invitations to future stud-
ies. Only registrations that used a professional e-mail address and could
prove their professional experience in regard to e-commerce returns man-
agement were accepted. For this last step, the provided data were counter-
checked with information that was found on professional social networks
(Xing, LinkedIn) to ensure that the registered had access to the infor-
mation relevant for such studies. The registered experts were invited to
participate in the study, which is described in more detail in the following
section.

1.4.1 Methodology

For data collection, this research used online questionnaires. Unlike their
paper-based counterpart, online surveys allow for a variable survey design
and the integration of dynamic elements. Beyond that, the targeted par-
ticipants, who are responsible for returns management at German e-tail-
ers, most likely prefer the internet as a communication medium. The
questionnaire was structured into three parts.

Before the actual questionnaire, a virtual cover letter informed the partic-
ipants about the background of the survey and assures them of anonym-
ity. To increase the motivation to participate, it was pointed out that only
participants would receive a full study report after the collected data were
analyzed and that a scientific, publicly accessible report would only be
made available after a waiting period of at least 18 months. Next, the first
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part queried essential characteristics of the respondents and asked them
to identify the product category with the largest share of sales. The pur-
pose of this part was (1) to ensure that only professionals from e-com-
merce or multichannel retailers participated and (2) to be able to refer to
a specific product category in later questions. The second part surveyed
performance indicators, for example, the return rates and return costs.
The final third part asked for the revenue of each company, which was
used to assess the representativeness of the sample. Before the initial field
phase in 2014, the survey was pretested by six experts with either an aca-
demic or an industry background, of which three used the cognitive pre-
testing method suggested by Krosnick (1999). Based on their remarks,
several changes were made with regard to the relevant key performance
indicators, wording, and question sequence.

The study used three sample acquisition channels to address potential
participants:

e Members of the expert panel: All returns management experts who
successfully registered for the online panel (see previous section) at
the time of data collection were invited to participate.

e Members of German e-commerce associations: The two largest Ger-
man associations (BEVH, Hindlerbund) drew attention to the study
via a dedicated e-mail to their members or via newsletters. The reg-
istered association members represent the top management level.

o Professional social networks. The survey invitation was shared in
several e-commerce groups on two of the most popular professional
social networks, namely, Xing and LinkedIn.

Empirical studies are subject to various potential biases. Although the in-
fluence of such biases can never be completely ruled out (MacKenzie &
Podsakoff, 2012), procedural precautions were taken to counteract and
minimize such effects and increase the validity of the survey. Special at-
tention was given to four biases, namely, (1) method bias, (2) sampling
bias, (3) nonresponse bias, and (4) social-desirability bias. Table 1.4 pro-
vides an overview of the employed countermeasures.
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Bias

Definition

Countermeasure

Method
bias

Systematic meas-
urement error due
to the inability or
unwillingness  to
provide an accurate
answer (MacKen-
zie & Podsakoff,
2012)

To minimize the lack of a respondent’s abil-
ity to provide accurate answers (MacKenzie
& Podsakoff, 2012), only professionals with
the necessary experience in e-commerce re-
turns management were invited to partici-
pate in the study.

A pretest was conducted to increase the un-
derstandability and decrease the effect of
complex and abstract questions (Doty &
Glick, 1998; Krosnick, 1999). Examples com-
plement the survey questions to illustrate
more complex issues. A maximum of two
questions were asked on a questionnaire
page to avoid visual cognitive overload
(Schmitt, 1994).

The participants were given instructions
about the most relevant information in the
cover letter to have the opportunity to collect
the data before they start the survey (Kros-
nick, 1999). In addition, they were asked to
answer the questions as accurately as possi-
ble and were provided with the possibility to
move backward in the survey to change their
answers.

To increase the motivation of the respond-
ents and reduce potential satisficing (Kros-
nick & Alwin, 1987), a virtual cover letter ex-
plained the purpose of the study and re-
minded participants how they and their or-
ganizations would benefit from the research.
Contexts that aroused suspicions were miti-
gated by assuring participants of anonymity
and that their data would only be used for re-
search purposes (Schmitt, 1994).

Self-se-
lection
bias

Systematic meas-
urement error due
to a nonrandom
sample of the pop-
ulation  (Bethle-
hem, 2010)

Participation in a study about returns man-
agement might be more appealing to compa-
nies with high return rates. Therefore, the
study invitation email highlighted the need
of participation independent of the respec-
tive return rate and volume.
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Bias Definition Countermeasure
Nonre- | Systematic meas-|e To prevent item nonresponse bias this study
sponse |urement error be- referred to complete-case analysis. That is,
bias cause of the un- incomplete responses were removed from
derrepresentation data analysis (Little & Rubin, 1989).
of certain respond- | e  With regard to general nonresponse, this
ent groups (Berg, study opted for a two-sample validation tech-
2005) nique (Berg, 2005) that compares two sub-

samples from the same population.
Social- | Systematic meas-|e This study employed an anonymous online

desira- |urement error due questionnaire, which has a lower risk of so-
bility to overreporting/ cial-desirability bias than traditional forms of
bias underreporting of data collection (Grimm, 2010).
socially desirable/|e Most of the surveyed data does not relate to
undesirable  out- the respondents’ behavior. Instead, the par-
comes (Krosnick, ticipants reported on the outcomes of con-
1999) sumer behavior, which reduced the suscepti-

bility to social-desirability bias. An exception
is the question about recovery options (in
particular the disposal/scrap option). To ob-
tain the most valid data possible, the options
were queried in an embedded style instead of
single questions.

Table I.4. Biases and countermeasures within the study.

To ensure validity, multiple plausibility checks were conducted. For in-
stance, we checked the plausibility of questions 4-6 by comparing the an-
swers. The number of returned shipments (question 5) divided by the
number of outbound shipments (question 4) should approximately result
in the reported alpha return rate (question 6). In case of inconsistent an-
swers, the participants were excluded. As the questionnaire did not con-
tain any scales, common reliability measures could not be calculated. Nev-
ertheless, the similar results of the two surveys indicated reasonable retest
reliability. Furthermore, all results were discussed with and confirmed by
industry experts who did not participate in the survey. These experts em-
phasized that the findings are representative of the German e-commerce
market.

After the preparation of the study, data were first collected between Sep-
tember and November 2014. During this period, 270 respondents started
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the survey of which 143 (53 %) were e-commerce or multichannel mer-
chants who completed it without showing an unusual response behavior.
The second data collection period took place between November and De-
cember 2018. This time, 143 individuals started the questionnaire, of
which 68 (48 %) participants completed the survey. Both samples reflect
the diversity of German e-commerce in terms of the most relevant product
group clusters (see Table 1.5). The total e-commerce revenue that was re-
alized by the participants in Germany in the fiscal year preceding their
response amounts to 6.1 billion € (2014) and 1.2 billion € (2018). The com-
panies that participated in the survey thus accounted for 15.6 % (2014)
and 2.1 % (2018) of the total German e-commerce sales at the respective
times (MRU GmbH, 2014, BEVH, 2018).

Sample 2014 Sample 2018
Product |Fashion (n=54, 37.8%), Enter-|Fashion (n=25, 36.8 %), Enter-
group tainment (n=16, 11.2 %), Leisure |tainment (n=10, 14.7 %), Leisure
cluster |(n=32, 22.4 %), Interior (n=16,|(n=12, 17.6 %), Interior (n=8,

11.2 %), Others (n=25, 17.5 %)

11.8 %), Others (n=13, 19.1 %)

Table I.5. Sample characteristics.

The sharp decline in the number of participants can be attributed to sev-
eral factors. These factors include that the second survey period coincided
with the busy Christmas business season. Furthermore, the support re-
ceived from the German e-commerce associations was more reserved, in
some part because the survey overlapped with other internal studies. In
addition, the 2014 survey benefitted from being one of the first returns
management studies in Germany. Furthermore, some participation fa-
tigue can be observed.

To ensure the validity of the second survey despite the smaller sample
size, after data collection, the results were presented to selected members
of the expert panel who did not participate in the study. They were asked
to compare the results with their internal data and industry experience. In
this step, retailers with a broad product range proved to be particularly
helpful, as they were able to make assessments for several categories.
Overall, they attributed a high degree of representativeness and external
validity to the presented results. To further account for a potential nonre-
sponse bias, the mean values of the several variables of dropouts were
compared with those who finished the survey. All tests were statistically
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insignificant at an a=.05 level. Therefore, we are confident that nonre-
sponse is not an issue in this study.

The authors of this study embrace the principles of open science with the
overarching goal of increasing the reproducibility and replicability of the
study results as well as promoting the collaboration of scholars. For this
reason, not only is the questionnaire provided in Appendix 1 of the paper
but also the collected data have been made available in an open-access
repository. To achieve the desired transparency while respecting the ano-
nymity guaranteed to the survey participants, the companies’ revenue fig-
ures have been removed, as the presence of this information would allow
for an easy identification of some participants. The following section pre-
sents the study results.

1.4.2 Results

Because various other studies (Appriss Retail, 2019, EHI Retail Institute,
2019b, Bernon et al., 2016) suggest that the extent of consumer returns
depends on the respective product category, this study refers to the previ-
ously introduced clusters (entertainment, fashion, leisure, interior, oth-
ers). Within the clusters, this analysis uses weights to represent the mar-
ket as realistically as possible. The weights are calculated based on the
provided number of outbound packages (for the return rates), received
return packages (for the number of articles per returned shipment), and
returned articles (for the remaining key figures) to account for company
size and the degree to which a company is affected by returns. To avoid
sample inflation, the weights are normalized to the respective original
sample size as suggested by Maletta (2007). All calculations and statistical
tests were performed in SPSS 26.

After calculating the weighted averages (&), standard deviations (SD), and
confidence intervals (CI) to answer the first research question, the mean
values of the two samples from 2014 (S1) and 2018 (S2) are compared
using t-tests to identify changes as referred to in the second research ques-
tion. The following subsections present the results for the return rates,
the number of items per returned shipment, processing times, costs, and
recovery options. In the case of significant differences (a<.05), the table
fields are printed in italics.
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1.4.2.1 Return rates and number of items per returned shipment

The «Fashion» cluster has by far the highest return rates (see Table 1.6).

Cluster Alpha return rate Beta return rate Number of items per
returned shipment
Entertain- | S1: 8.39 %, 2.19, S1:5.27 %, 1.76, S1:1.31, 0.08,
ment [7.22, 9.56] [4.33, 6.21] [1.27, 1.36]
S2:5.38 %, 2.69, S2:4.97 %, 2.80, S2:1.18, 0.38,
[3.45, 7.31] [2.97, 6.98] [0.91, 1.45]
Fashion S1:50.20 %, 7.21, S1:33.98 %, 5.40, |S1:2.00,0.37,
[48.24, 52.17] [32.51, 35.46] [1.96, 2.16]
S2:46.46 %, 13.49, S2:20.41 %, 6.71, |S2:3.20, 1.06,
[40.89, 52.03] [17.64, 23.18] [2.77, 3.64]
Interior S1:5.68 %, 2.41, S1: 4.65 %, 1.97, S1:1.07, 0.07,
[4.40, 6.97] [3.60, 5.70] [1.03, 1.10]
S2:5.45 %, 1.35, S2:4.63 %, 1.04, S2:1.03,0.13,
[4.31, 6.58] [3.76, 5.50] [0.92, 1.14]
Leisure S1:12.26 %, 11.12, S1: 8.30 %, 8.95, S1:1.49, 0.45,
8.25, 16.26] [5.07, 11.53] [1.33, 1.66]
S2:10.30 %, 3.04, S2:8.47 %, 2.69, S2:1.57,0.37,
8.37, 12.23] [6.76, 10.18] [1.33, 1.80]
Others S1:5.33 %, 8.61, S1:5.19 %, 8.60, S1:1.02, 0.10,
[1.78, 8.88] [1.64, 8.74] [0.98, 1.06]
S2:5.66 %, 8.12, S2:4.80 %, 2.44, S2:1.25,0.41,
[0.75,10.57] 3.33, 6.28] [1.01, 1.50]

Legend: Sample-ID: &, SD, 95 %-CI

Table I.6. Return rates statistics and number of items per returned shipment.

With an average alpha return rate of approximately 50 %, half of the pack-
ages sent out are later returned. The «Fashion» segment also shows the
largest number of items per returned shipment, thereby indicating a high
proportion of selection orders where customers order several products for
comparison. Despite the often-discussed preventive measures, this study
shows that the return rates have hardly changed over time. Only in the
«Entertainment» cluster did the alpha return rate decrease significantly
(t(24)=3.124, p=.005). Furthermore, in the «Fashion» cluster, the beta re-
turn rate decreased significantly (t(77)=8.876, p<.001), while the number
of items per returned shipment has increased (t(77)=-5.271, p<.001).
These outcomes suggest that fashion e-tailers successfully decreased the
return probabilities of individual items by means of preventive measures,
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e.g., with regard to fit issues (Bertram & Chi, 2018; Saarijirvi et al., 2017).
However, since customers have simultaneously formed larger shopping
baskets, this decrease is not reflected in the alpha return rate.

1.4.2.2 Cycle time-related performance indicators

In addition to return rates, cycle time-based key figures are an important
performance criterion. This research distinguishes between (1) transport
time, (2) internal processing time, and (3) reimbursement time (see Table

1.7).

Cluster Transport time Internal processing | Reimbursement
time time

Entertain- | S1: 2.08 days, 0.29, S1: 4.48 days, 0.88, |S1:9.15 days, 2.50,

ment [1.92,2.23] [4.01, 4.95] [7.81, 10.48]
S2:2.22 days, 0.69, S2:1.38 days, 0.51, | S2:2.63 days, 3.40,
[1.73, 2.72] [1.02, 1.75] [0.19, 5.06]

Fashion S1:2.11 days, 0.40, S1:2.59 days, 0.76, |S1:5.89 days, 1.86,
[2.00, 2.22] [2.39, 2.80] [5.38, 6.39]
S2:2.24 days, 0.62, S2:2.50 days, 0.84, |S2:5.14 days, 2.62,
[1.98, 2.50] [2.16, 2.85] [4.06, 6.23]

Interior S1:2.49 days, 0.71, S1:2.13 days, 0.62, |S1:6.89 days, 3.63,
[2.12, 2.87] [1.81, 2.46] [4.96, 8.83]
S2:2.05 days, 0.44, S2:1.09 days, 0.31, | S2: 1.44 days, 1.00,
[1.69, 2.42] 0.83,1.34] [0.61, 2.28]

Leisure S1:2.12 days, 0.74, S1:4.34 days, 1.61, |S1:4.59 days, 1.67,
[1.86, 2.39] [3.76, 4.92] [3.99, 5.19]
S2:1.95 days, 0.30, | S2: 2.70 days, 0.61, | S2: 3.96 days, 0.64,
[1.76, 2.15] [2.31, 3.09] [3.56, 4.37]

Others S1:2.20 days, 0.82, | S1:1.92 days, 1.59, |S1:8.57 days, 2.15,
[1.86, 2.54] [1.26, 2.57] [7.68, 9.46]
S2:2.57 days, 0.53, S2:1.88 days, 0.83, |S2:4.99 days, 3.51,
[2.25, 2.89] [1.38,2.38] [2.86,7.11]

Legend: Sample-ID: &, SD, 95 %-CI

Table 1.7. Cycle time-based returns management performance indicators.

In all product categories, transport times are approximately two days and
have remained virtually unchanged in the four years under investigation.
With regard to internal processing times, the data collected indicate that
many e-tailers have sped up their internal processes, particularly with re-
gard to the «Entertainment» (t(24)=10.074, p<.001), «Interior»
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(t(22)=4.132, p<.001), and «Leisure» (t(42)=3.425, p=.001) clusters. In ad-
dition, the average reimbursement time in the «Entertainment»
(t(24)=5.636, p<.001), «Interior» (t(22)=5.604, p<.001), and «Others»
(t(36)=3.903, p<.001) clusters has decreased significantly, which benefits
customers.

1.4.2.3 Return costs

Consumer returns cause costs for transport and processing. The latter ex-
plicitly includes costs for remarketing and depreciation due to deteriora-
tion in condition. In 2014, it is shown that online fashion retailers realize
very low costs per item (see Table 1.8).

Cluster |Transport costs per returned |Processing costs per returned

item item
Entertain- |S1: 4.20€, 1.64, [3.32, 5.07]|S1: 10.27€, 8.16, [5.92, 14.62]
ment S2: 4.44 €, 3.46, [1.97, 6.91] $2: 10.46 €, 7.19, [5.31, 15.60]
Fashion |S1: 230€, 052, [2.16, 2.44]|S1: 1.65€, 089, [1.41, 1.89]
S2:1.41 €, 0.66, [1.13, 1.68] S2:1.22 €, 0.52, [1.00, 1.43]

Interior S1: 13.78 €, 13.32, [6.68, 20.88]| S1: 10.57 €, 5.34, [7.72, 13.41]
S2:23.04€,10.19, [14.52, 31.55] |S2:11.10€, 3.71, [7.99, 14.20]
Leisure S1: 6.10€, 1.41, [5.59, 6.61]|S1: 10.66€, 2.63, [9.71, 11.61]

S2:5.51 €, 1.34, [4.65, 6.36] S2: 4.49 €, 1.66, [3.43, 5.54]
Others  |S1: 5.28€, 2.84, [411, 6.46]|S1: 6.17€, 521, [4.02, 832
S2:3.96 €, 1.47, [3.07, 4.85] S2:3.71 €, 1.98, [2.51, 4.91]

Legend: Sample-ID: &, SD, 95 %-CI

Table I.8. Costs per returned item.

The costs are particularly high in the «Entertainment» and «Interior»
clusters. The data collected in the survey suggest that efficiency gains
have significantly reduced costs, particularly in the «Fashion» (transport
costs: t(77)=6.503, p<.001; processing costs: t(77)=2.694, p=.009) and
«Leisure» (processing costs: t(42)=7.552, p<.001) segments.
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1.4.2.4 Recovery options

Part of the processing costs are due to remarketing or depreciation. It is
therefore important to determine which share of returned items can be
resold as new. This proportion is very high in the «Fashion» sector and
particularly low in the «Entertainment» cluster (see Table 1.9). Over time,
the proportions of the individual recovery options have remained rela-
tively constant.

Despite some significant differences, the overall changes appear limited.
The largest absolute shift can be observed in the «Interior» cluster, where
the proportion of returned items that were resold as used articles in a sec-
ondary market significantly decreased (t(22)=3.040, p=.006). A similar de-
velopment is observed in the «Fashion» cluster (t(77)=3.046, p=.003).
Moreover, the relevance of third-party brokers has increased in the cluster
«Others» (t(36)=-2.531, p=.020) and the share of donations has decreased
in the category «Leisure» (t(42)=2.259, p=.031). Other recovery options,
such as forwarding the items to suppliers, have lost relevance in the «En-
tertainment» (t(24)=4.603, p<.001), «Interior» (t(22)=3.439, p=.004) and
«Leisure» (t(42)=2.617, p=.013) clusters.
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Cluster | Sold as new Sold as used/returned | Sold to third party
product broker
Entertain- | S1: 60.84 %, 7.10, S1:31.09 %, 7.92, S1:4.72 %, 6.61,
ment [57.05, 64.62] [26.87, 35.31] [1.20, 8.24]
S2:64.39 %, 20.90, $2:26.52 %, 12.55, $2:7.27 %, 10.94,
[49.44, 79.34] [17.54, 35.49] [-0.56, 15.09]
Fashion |S1:90.89 %, 6.93, S1:5,34 %, 4.48, S1:2.68 %, 3.75,
[89.00, 92.78] [4.11, 6.56] [1.65, 3.70]
S2:94.21 %, 13.38, $2:2.09 %, 4.22, $2:1.07 %, 4.13,
[88.69, 99.74] [0.35, 3.84] [-0.63, 2.77]
Interior S1: 60.11 %, 13.50, S1:28.17 %, 14.77, S1:1.61 %, 4.69,
[52.92, 67.30] [20.30, 36.04] [-0.90, 4.11]
S$2:69.54 %, 24.12, S2:15.49 %, 5.49, $2:6.50 %, 10.65,
[49.37, 89.71] [10.90, 20.08] [-2.41, 15.40]
Leisure S1: 81.66 %, 13.65, S$1:10.67 %, 5.33, S1:2.12 %, 7.24,
[76.74, 86.58] 8.75, 12.59] [-0.49, 4.73]
S2:79.19 %, 11.18, $2:11.63 %, 6.43, S2:4.34 %, 3.40,
[72.09, 86.29] [7.54,15.71] [2.14, 6.54]
Others S1: 86.66 %, 25.65, S1:7.08 %, 21.20, $1: 0.05 %, 1.11,
[76.07, 97.24] [-1.67, 15.84] [-0.41, 0.51]
S2:81.21 %, 12.93, $2:6.82 %, 8.50, $2:1.18 %, 1.40,
[73.40, 89.02] [1.68, 11.95] [0.33, 2.03]
Cluster | Donated Disposal Other recovery option
Entertain- | S1: 0.01 %, 0.08, S1: 0,52 %, 2.01, S1:2.82 %, 2.36,
ment [-0.03, 0.05] [-0.55, 1.59] [1.57, 4.08]
$2:0.59 %, 1.61, $2:1.20 %, 3.29, $2:0.04 %, 0.43,
[-0.56, 1.74] [-1.15, 3.55] [0.27, 0.35]
Fashion |S1:0.01 %, 0.13, $1:1.03 %, 3.81, $1: 0.06 %, 0.83,
[-0.03, 0.04] [-0.01, 2.07] [-0.16, 0.29]
S2:1.04 %, 2.75, $2:1.56 %, 2.69, $2:0.02 %, 1.25,
[-0.10, 2.17] [0.45, 2.67] [-0.49, 0.54]
Interior | S1: 0.01 %, 0.06, S1:7.48 %, 11.26, S1: 2.62 %, 3.04,
[-0.03, 0.04] [1.48, 13.48] [1.00, 4.24]
S2:0.00 %, 0.00, S2: 8,47 %, 14.09, $2:0.00 %, 0.17,
[0.00, 0.00] [-3.31, 20.25] [-0.14, 0.14]
Leisure S1: 0.40 %, 0.92, S1:3.32 %, 6.83, S1:1.83 %, 3.61,
[0.07, 0.73] [0.86, 5.78] [0.53, 3.13]
S2:0.02 %, 0.11, S2:4.68 %, 4.90, $2:0.13 %, 0.42,
[-0.05, 0.09] [1.57, 7.80] [-0.13, 0.40]
Others S1:0.54 %, 2.55, S1:3.12 %, 9.94, S1:2.61 %, 3.24,
[-0.51, 1.59] [-0.99,7.22] [1.27, 3.94]
52:0.29 %, 0.79, S2:3.14 %, 4.21, $2:7.36 %, 10.42,
[-0.19, 0.77] [0.60, 5.68] [1.06, 13.66]

Legend: Sample-ID: @, SD, 95 %-CI

Table 1.9. Employed recovery options.
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1.4.3 Discussion

As previously mentioned (Asdecker, 2015, Hofmann et al., 2020), there
are several ways to calculate the return rate. The results of this study show
the magnitude of the differences. Future studies should thus always spec-
ify and disclose their respective calculation method. Itis even possible that
the large fluctuations in the figures published to date are partly due to
these differences. In addition, this study confirms that large differences
exist between product groups and the exceptional relevance of this data
for fashion e-tailers (EHI Retail Institute, 2019b). In terms of cycle times,
the data show that return transport is considerably slower than the typical
next-day delivery that is common practice in outbound distribution, i.e.,
over two working days on average. Internal processing also takes approx-
imately 1-2 working days. The reimbursement time varies between 1-5
working days, thereby leaving room for some improvement.

The costs per returned article differ significantly depending on the prod-
uct category. This study further distinguishes between transport and pro-
cessing costs. A returned article in the «Fashion» cluster costs relatively
little, although in the case of transport costs, the low costs can be at-
tributed to the observation that return shipments usually contain multiple
items (see Table I1.6). In addition, textiles and shoes are processed more
quickly compared to other product groups. A major reason for the higher
processing costs in the «Interior» and «Entertainment» categories is that
the processing is less easy to automate and is characterized by a higher
manual share of work.

With regard to the recovery options, this study shows, in line with recent
other publications (e.g., Pur et al., 2013, EHI Retail Institute, 2019b), that
the overwhelming part of returned goods can be directly restocked and
sold as new. The interviews that were conducted to ensure the validity of
the second survey in light of the smaller sample size revealed that pack-
aging is the main reason for the comparatively low share of returns that
are sold as new in the «Entertainment» cluster. Many brands use packag-
ing seals to guarantee the originality of the goods. If a customer orders an
article and opens it, the seal is broken and the goods can no longer be sold
as new, even though they work perfectly fine. The significantly lower pro-
portion of donated returns compared to disposal is a source of concern. A
member of the expert panel indicated that in many cases, it is cheaper to
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dispose of a return than to donate it. Besides, many e-tailers have prob-
lems finding trusted donees. Here, information systems, such as desig-
nated platforms, could help to better match supply and demand in the
future.

Concerning changes over time, despite some significant differences, the
overall picture appears rather stable. This is surprising since many e-tail-
ers appear to have invested time and money in preventive measures that
help to avoid returns (e.g., Walsh & Mohring, 2017, Wang & Ansell, 2020).
However, it seems that these measures only help to keep the return rates
from further increasing. At the same time, this finding is an indication
that older data are not losing their credibility as quickly as expected or
feared and that it is possible to quote such studies for a fairly long time.
Furthermore, the collected data allow for the derivation of market esti-
mates. Weighting the reported 2018 values in each product cluster with
the current revenue/shipment shares (see Table I.3) results in an average
alpha return rate of 16.59 %. Thus, approximately one in six outbound
packages is later returned. With 1.99 billion shipments in German B2C e-
commerce in 2019, including returns, this leads to the following estima-
tion:

1.99 billion shipments
1+0.1659
Approximately 72 % of this total can be attributed to the «Fashion» seg-
ment (see Table 1.10). Using those percentages leads to an average of 2.66
items per returned shipment, which results in a total of 755 million re-
turned articles. Of these, approximately 87 % can be attributed to the
«Fashion» cluster. This latter number highlights the importance of reduc-
ing the number of fashion returns in particular. In this context, infor-
mation technologies should be of great value, for example, by reducing
size-related returns by means of data analysis and artificial intelligence
(e.g., Urbanke et al., 2015, Yang & Xiong, 2019). There is a real lever to
make the fashion e-tailers’ business model more profitable (Asdecker,

2015).

The estimated share of returned items (see Table 1.10) can also be used
to quantify further item-based market figures. For instance, a returned
item costs 4.28 € (transport: 2.21 €; processing: 2.07 €) on average. This
value is far below the existing estimates. If one were to assume higher

1.99 billion shipments — = 284 million return shipments.
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costs, for example 15-20 € (Pur et al., 2013) or $30-$35 (Stock et al., 2006),
it is questionable whether the business model could ever be profitable
given the high measured return rates.

Cluster S1: S2: S3: Items | Share of Share of
Revenue/ |Alpha |per returned returned items
shipment |return |returned |shipments (=(S1*S2*S3)/
share rate shipment | (=(S1*S2)/ SUM(S1%S2%S3))

SUM(S1%S2))

Entertain- [35.57% [5.38% |1.18 11.53 % 5.11 %

ment

Fashion |[25.76 % |46.46 % |3.20 72.13 % 87.32%

Interior 15.03% |545% [1.03 4.94 % 1.91 %

Leisure 11.92 % 10.30 % | 1.57 7.40 % 436 %

Others 11.72% |5.66 % |[1.25 4.00 % 1.88 %

Table I.10. An estimate of return shipments and returned items shares.

Not only the economic dimension of returns can be better evaluated with
the collected data but also the ecological effects, which are thus far often
neglected. According to Bertram and Chi (2018), the environmental im-
pact of fashion returns depends on the return method. Edwards et al.
(2009) estimate the emissions of a consumer return on the last mile to
range between 362 g CO2 and 4455 g COz2. Despite an extensive search,
the authors of this paper could not find any estimate for the total CO2
footprint of a return. For this reason, a separate approximation is to be
made based on the combination of figures that are published in Zalando’s
annual report. Zalando is one of the largest fashion e-tailers in Europe.
Accordingly, Zalando’s total carbon footprint in 2019 amounted to
262,511 tons of CO2 (Zalando, 2020, p. 36). Transport to customers, in-
cluding returns, accounts for 61 %, or 160,132 tons of CO2 (Zalando,
2020, p.36). Given Zalando’s documented return rate of 50 %
(Gassmann, 2018), of 53,377 tons of COz2 can be attributed to returns. At
the same time Zalando states that in 2019, it processed 144.9 million or-
ders (Zalando, 2020, p. 105). Assuming that each order leads to a package,
the above-cited return rate of 50 % results in 72.45 million return ship-
ments. Accordingly, the overall footprint of a return shipment is approxi-
mately 737 grams COz. It should be emphasized that this estimate is very
conservative, because not all companies have Zalando’s process efficiency
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and Zalando is already making great efforts to make its business model
COz2-neutral. Furthermore, some emissions, such as the disposal of un-
saleable returns, are not included. If this figure is applied to the German
market as a whole, the estimated 284 million return shipments would re-
sult in at least 209,308 tons of COz2.

1.5 Conclusion, implications, and outlook

This paper presents the results of a longitudinal trend study among e-
commerce retailers in Germany on consumer returns. It sheds light on
the essential reverse part of the e-commerce business model, which com-
panies are usually not particularly willing to provide information about
(Stock & Mulki, 2009). To date, there have mainly been data points about
individual companies, anecdotal evidence, or practitioner-oriented studies
with a methodology that is not fully comprehensive. Furthermore, the lit-
erature review has shown that the values published thus far show an enor-
mous range. Valid estimates for the number of returns and the associated
costs or ecological effects could not be derived thus far. Given this re-
search gap, the study at hand goes beyond the existing work and presents
a systematic approach to gain numerous insights into what is also called
the “necessary evil” (Petersen & Kumar, 2010) of e-commerce.

In conclusion, what is the overall contribution of this paper? Whetten
(1989) distinguishes the following four categories: factors that explain a
phenomenon (what?), the relationship between those factors (how?), logi-
cal justifications for altered views (why?), and the conditions that limit
generalizability (who, where, when?). This research adds to the e-commerce
literature by focusing on the often neglected reverse part of the business
model and contributing to three of these four categories.

First, we provide a comprehensive focused literature review that summa-
rizes the available descriptive statistics on essential performance indica-
tors (what?, where?). This overview allows interested scholars a quick in-
troduction to the topic. As the numbers reported in previous literature are
fragmented, the need for a well-structured data collection is evident.
Second, the data obtained for the German market demonstrate the socie-
tal, ecological, and economic impact (what?, where?) of consumer returns
that make active returns management inevitable. Furthermore, the high
return rates underline the need for further research specifically regarding
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technologies such as combining big data analytics with artificial intelli-
gence to provide feasible solutions for preventive measures.

Third, this research enables a better assessment of extant research. In
other words, it tries to bring some order to the current chaos and gives
justifications for altered views (why?). For example, it appears that there
have been exaggerations in the past regarding the costs of a returned item
(Stock et al., 2006, Pur et al., 2013). Some assumptions concerning return
rates must also be critically reflected upon. For instance, Walsh et al.
(2016) stated that “[...] computers ,suffer’ especially from high product re-
turns“. Thus, our results indicate that a generic perspective is neither suit-
able nor useful — it depends on the context. Return rates for fashion items
are roughly five times higher than those for entertainment products such
as consumer electronics. In addition, the total cost of processing fashion
returns is only one-fifth of the cost of a returned entertainment product.
This more nuanced perspective also allows for a more accurate assess-
ment of the representativeness of previously published studies.

Fourth, the data obtained can also stimulate further research in the field
of quantitative models and simulation models by providing input for the
required parameter values. In addition, it is a source for data triangulation
to validate the representativeness of other studies and for the justification
of a specific research design, e.g., regarding the product category to focus
on (impetus to why?).

Finally, fifth, the survey instrument presented in the digital appendix pro-
vides the basis for international replication studies (impetus to where?).
While the current data refer to the largest European domestic market,
Germany, which is one of the study’s biggest limitations, other scholars
can use the questionnaire to investigate the influence of regional differ-
ences, as implied by Nicola (2019).

In terms of managerial contribution, the findings of this research can be
used to improve decision support systems. For example, the collected data
are of particular value to companies that are currently planning to enter
the German market and are thus trying to obtain better knowledge for
designing return policies, calculating prices, and determining processing
capacities. In addition, this study provides the necessary data for bench-
marking efforts that help to ensure competitiveness. In this context, ref-
erence should again be made to the data provided in the digital appendix,
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which enables even finer evaluation options based on 20 product catego-
ries, which were aggregated into five clusters for the current analysis.

On the broader scale of the environment, this work helps to draw attention
to the ecological consequences of returns in e-commerce. To date, the re-
search community has paid little attention to the intended and unin-
tended consequences of e-commerce. To create a more sustainable future,
it is important to clearly address possible shortcomings. Two findings
should be mentioned in this respect. First, we present an approach for
estimating the total carbon footprint of returns, which needs to be further
reduced. Second, this study helps to quantify the consumption of re-
sources through the disposal of returns. Fortunately, the data show that
disposal is the exception rather than the rule. Nevertheless, e-tailers obvi-
ously dispose of items more frequently than they donate them. On the one
hand, these “dark” sides of the business model deserve attention. On the
other hand, new business models can arise from them. In particular, so-
lutions are needed to help better coordinate donors and grantees with the
goal of obtaining more resources.

In the end, apart from the numbers and figures, consumer returns will
remain an essential part of e-commerce. Given the projected high growth
rates ahead, it is clear that the problem will become even more prevalent.
A prerequisite for change is a thorough review of the status quo. In that
regard, this work has made an initial contribution to the field. We hope
that other fellow researchers are motivated to build upon the work pre-
sented herein.

Data availability statement:
The data that support the findings of this study are openly available in a
figshare respository, https://doi.org/10.6084/m9.figshare.14376794.v1
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Appendix I.1: Online questionnaire [Excerpt]

Virtual cover letter
Dear expert,

welcome to this study on consumer returns in e-commerce. The primary goal of this re-
search is to gain insights into the often neglected returns management process, which is

of great importance. We value your opinion!

Is there a benefit of participation? Yes! Only participants get access to the results directly
after data evaluation. A generally accessible scientific publication will be made after a
blocking period of 1.5 years. The collected data can improve your decision-making with
regard to consumer returns and can be used for benchmarking purposes.

This is an anonymous survey. All information will only be used for scientific purposes.
It takes about 12 to 15 minutes to finish the survey.

The survey requests some mandatory information that is necessary for the data analysis.
Among others, please have an estimate of the following parameters available:

Number of outbound shipments in your most important product category in [year]
Number of returned shipments in your most important product category in [year]

Your company's e-commerce revenue in the last fiscal year

Please answer the questions as accurately as possible. Be assured that there are no right
or wrong answers. To achieve meaningful results, the largest possible sample is required.
Therefore, please complete the questionnaire.

If you have any questions regarding this study, please contact us by e-mail: xxx.

Questions

Question 1: Please indicate for which kind of company you are participating in this
survey. [selection categories: Pure online retailer; Multi-channel or omni-channel retailer
(stationary & online); Pure stationary retailer; I do NOT participate for a retailer]

Question 2: Please select the product category in which your company generates the larg-
est share of its e-commerce sales: [selection categories: Clothing/Accessories; Books/E-
Books/Audio Books; Car/motorbike/accessories; Computer/Accessories/Games/Soft-
ware Including Downloads/Electric Goods; DIY/Flowers; Furniture/Lamps/Decora-
tion; Groceries/Food/Beverages; Health/Drugs/Medication; Hobby/Leisure articles;



77

Home textiles; Household goods/Appliances; Jewelry/Watches; Office supplies; Pet sup-
plies; Shoes/Footwear; Telecommunication/Mobile phone/Accessories; Toiletries/Cos-
metics; Toys/Games; CDs/DVDs; Other product category (text field)]

Information: We will again highlight this in the respective questions. Nonetheless, please
confirm at this point that most of the following questions refer to the product category
[Answer Q2] by clicking on “CONTINUE”".

Question 3: For how long can your customers return their ordered articles in product
category [Answer Q2]?

Question 4: Please provide your company's total number of outbound shipments that
can be accounted for in the product category [Answer Q2] during [year].

Question 5: Please provide the total number of shipments that have been returned to
your company (or an appointed third party) that can be attributed to product category
[Answer Q2] during [year].

Question 6: How high was your shipment-based return rate in product category [Answer
Q2] in [year]? [Example: You have sent out 1000 packages, of which 500 came back -->
return rate = 50 %]

Question 7: How high was your item-based return rate in product category [Answer Q2]
in [year]?

[Example: You have shipped 3000 articles, of which 1000 came back --> return rate =
33%]

Question 8: On average, how many articles did a returned shipment in product category
[Answer Q2] contain in [year]?

Question 9: What were the average transportation costs per returned item in product
category [Answer Q2] in [year]?

Question 10: What were the average processing costs (including possible write-offs and
remarketing expenses) per returned item in product category [Answer Q2] in [year]?
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Question 11: What is your estimate of the average transport time that occurred afer the
consumer took the return to the logistics service provider in product category [Answer
Q2] in [year] (in working days)?

Question 12: What is your estimate of the internal processing time that occurred after
the logistics service provider delivered the return to your facility in product category [An-
swer Q2] in [year] (in working days)?

Question 13: How long did it take until the customer was reimbursed after taking his/her
return to the logistics service provider in product category [Answer Q2] in [year] (in work-
ing days)?

Question 14: What was the percentage of returned items that your company could di-
rectly resell as new after processing (A-returns) in the product category [Answer Q2] in

[year]?

[Only if [Answer Q14] < 100 %] Question 15: Which of the following recovery options
did your company use for returned items in product category [Answer Q2] that could not
be resold as new in [yearjand to what extent?

Sell as used /returned products on secondary markets (outlet, eBay, etc.)

Sell to independent third-party brokers (remarketing specialist)

Donate to charitable organizations

Dispose as scrap

Other recovery option(s)

Question 15/16: Please provide your company's e-commerce net revenue (after returns)
during the last fiscal year (in Euro).
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Abstract

In recent years, significant sales shifted from stationary retail to e-com-
merce. This trend is further accelerated by the Covid-19 pandemic, which
has placed major constraints on brick-and-mortar retailers. Yet, there is
still one critical aspect that threatens the success of the business model:
consumer returns. Against this background, this paper conducts a sys-
tematic literature review to provide an overview about the extent of con-
sumer returns. However, the published return rates vary widely and are
mostly based on the data of a single e-tailer. Therefore, this study conducts
an exploratory survey to capture product category-specific return rates and
to explore the influences of Covid-19 on consumer return behavior. The-
oretically, this research adds knowledge about the reverse part of the e-
commerce business model and the effects of the current pandemic. Man-
agerially, the collected data can be used for benchmarking purposes and
can help to improve the e-tailers’ returns management.

Keywords: Consumer Returns, E-Commerce, Covid-19
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11.1 Introduction

In the past years, e-commerce experienced enormous growth rates.
Recent research shows that this trend is further accelerated by the current
Covid-19 pandemic. Faced with government regulations and restrictions,
consumers have no alternatives but to shop online. Initial studies suggest
that these experiences will lead to a lasting change in the consumer
decision journey in favor of e-commerce (e.g., Kulkarni & Barge, 2020;
Galhotra & Dewan, 2020). Despite this promising outlook, the e-
commerce business model faces several challenges. Among them are
consumer returns. To create trust and to encourage consumers to order
despite the higher perceived uncertainty, companies are granting liberal
return policies, which in turn lead to more returns than in traditional
brick-and-mortar retailing (e.g., Giménez & Lourenco, 2008, Xia & Zhang,
2010). While plenty of research is available about e-commerce in general,
comparatively little is known about the extent of consumer returns,
particularly regarding the current effects of the Covid-19 pandemic.
However, such data are necessary for many reasons. For instance, to
better prepare pricing decisions or determining the profitability of the e-
commerce business model.

Against this background, this exploratory study aims to contribute to the
following overarching research question:

o What is the extent of consumer returns in e-commerce and how does the
Covid-19 pandemic affect it?

To answer this question, this study uses a systematic literature review and
conducts an online survey among German business-to-consumer (B2C)
e-commerce firms.

11.2 Systematic Literature Review

Unlike other more general literature reviews (e.g., Abdulla et al., 2019),
this work specifically focuses on publications that provide insights
concerning the extent of consumer returns, which is operationalized
through the observed return rates. Methodologically, the review follows
the guidelines of Denyer and Tranfield (2009) who structure the research
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process in five steps: (1) question formulation; (2) locating studies; (3)
study selection and evaluation; (4) analysis and synthesis; and (5)
reporting and using the results. The first step refers to the research
question, which is already derived in the introduction. The second step
involves selecting the databases and defining the search terms. In that
respect, five scientific databases were selected, namely Business Source
Ultimate (BS), Science Direct (SD), JSTOR (JS), Web of Science (WS), and
EconBiz (EB). To identify many potentially relevant publications, very
general search terms were used, combining ‘product returns’, ‘consumer
returns’, or ‘customer returns’ with ‘rate*’. This resulted in 2,291 search
hits (see Table II.1). In the third step, duplicates and studies that referred
to ‘stock returns’ were removed, leaving 244 publications. Thereafter,
titles, abstracts, and keywords were scanned to identify potentially
relevant peer-reviewed studies that were read in full length. During this
step, publications that only addressed brick-and-mortar retailing were
excluded. In addition, the references of each of the 18 relevant articles
were searched for further publications of interest. In total, the search led
to 22 relevant publications in November 2020.

Search term BS | SD | JS | WS | EB
(‘product returns’ OR ‘consumer returns’ 2421475 | 403|119 | 52
OR ‘customer returns’) + ‘rate™’

Combined results without duplicates 244

& without ‘stock return’

Relevant hits + backward search = final selection 18 +4 =22

Table II.1. Initial search and final selection.

Concerning the fourth step, it is important to note that retailers can
determine their return rates in different ways as noted in Asdecker et al.:
(1) the shipment-related return rate, which is referred to as alpha (a), (2)
the item-related return rate, which is referred to as beta (B), and (3) the
revenue-related return rate, which is referred to as gamma (y). The a-
return rate divides the number of returned shipments by the number of
outbound shipments, whereas the B-return rate sets the number of
returned items in relation to the number of shipped items. The y-return
rate divides the value of returned items by the value of ordered items.
Table II.2 summarizes the relevant publications, which report a wide
range of values.
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Category Sources

Cross-sectional | Rogers and Tibben-Lembke (2001): 6% [n.s.], Hong and Pavlou

rates (2014): 13 % [n.s.], Abbey et al. (2018): 16 % [y], Aratjo et al.
(2018): 3—4 % [y], Wang and Ansell (2020): 4-40.6 % [n.s.]

Fashion Rogers et al. (2002): <40 % [n.s.], Mollenkopf et al. (2007): 20—

30 % [n.s.], Petersen and Kumar (2010): 16 % [n.s.], Rao et al.
(2014): 15 % [B], Bernon et al. (2016): 8.1-38.2 % [y], Asdecker
etal. (2017): 63.3 % [a] / 52.1 [B], Vilar-Zanon et al. (2017): 25 %
[n.s.], Walsh and Mohring (2017): 20 % [a], Asdecker and Karl
(2018): 59.8 % [a], Difrancesco et al. (2018): 40 % [n.s.], Sahoo
etal. (2018): 15-22 % [n.s.], Shang et al. (2020): 7 % [n.s.]
Entertainment | Mollenkopf et al. (2007): 5-20 % [n.s.], Griffis et al. (2012): 2—
11 % [n.s.], Minnema et al. (2016): 8.3 % [n.s.], Bernon et al.
(2016): 6.4-10.3 % [v]

Leisure Mollenkopf et al. (2007): 5-20 % [n.s.], Cui et al. (2020): 5-14 %
[n.s.], Hofmann et al. (2020): 7.7 % [a] / 5.1 % [B]
Interior Rabinovich et al. (2011): 2 % [n.s.], Bernon et al. (2016): 5.0-

12.7 % [y], Minnema et al. (2016): 10 % [n.s.], Sahoo et al.
(2018): 7 % [n.s.]
Others Daily needs: Mollenkopf et al. (2007): <5 % [n.s.]
Legend: [a] = Shipment-based return rate; [] = Item-based return rate;
[Y] = Revenue-based return rate; [n.s.] = Return rate not specified

Table II.2. Return rates reported in the literature.

The greatest consensus is that the fashion segment has the highest return
rates. Moreover, only eight of the 22 studies (36 %) clearly define how the
reported return rate was calculated, leaving room for speculation. A
current study on the effects of the Covid-19 pandemic could not be found.
Given this high degree of uncertainty, we conclude that a separate
empirical study is needed to address this knowledge gap. For that
purpose, this research draws on Germany, which is the largest national
market within the European Union (EU). Globally, Germany ranks sixth
with a turnover of $81.85 billion in 2019, following China ($1,934.78
billion), the United States ($586.92 billion), the United Kingdom ($141.93
billion), Japan ($115.40 billion), and South Korea ($103.48 billion)
(Lipsman, 2019). Consumers in Germany have the right to revoke a
purchase on the Internet within 14 days after delivery without providing
reasons. In principle, consumers bear the direct costs of returning the
goods to the retailer, unless the retailer voluntarily waives this right or the
retailer fails to inform the customer about the return costs during the
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order. Despite the legal possibility, in practice, almost all major vendors
refrain from doing so, which is why consumers have generally developed
an expectation of customer-friendly policies and make frequent use of it.
The following paragraph further describes the used methodology.

11.3 Methodology

For data collection, this research uses an online questionnaire. Unlike the
paper-based counterpart, online surveys allow for a variable survey design
and the integration of dynamic elements. Beyond that, the targeted
participants that work in e-commerce most likely prefer the Internet as
communication medium. The questionnaire can be structured in three
parts.

Followed by a virtual cover letter, the first part queries essential
characteristics of the respondents and asks for the respective product
category with the largest share of sales. The purpose of this part is (1) to
ensure that only professionals from e-commerce or multi-/omni-channel
retailers participate and (2) to be able to refer to a specific product category
in later questions. In the second part, changes in the outbound shipment
quantities and the o-/B-return rate before and after the beginning of the
Covid-19 pandemic in March 2020 are surveyed. The final third part asks
for potential causes and other observed changes in the return behavior.
Before the field phase, the survey was pretested by five experts with either
an academic or an industry background. Based on their remarks, several
minor changes were made concerning the wording of the questions.
Sample acquisition was supported by the three leading German e-
Commerce Associations (BEVH e.V., BVOH e.V., Hindlerbund
Management AG) who drew attention to the study via dedicated e-mail to
their members, newsletters, or other communication channels such as
XING or LinkedIn. The data collection took place between September and
October 2020. During this period, 215 respondents started the survey of
which 103 (48 %) e-commerce or multi-channel-merchants completed it
without showing an unusual response behavior. The sample reflects the
diversity of German e-commerce in terms of the most relevant product
group clusters and company size (see Table I1.3). The total e-commerce
revenue that the participants realized in Germany in 2019 amounts to 12.1
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billion €, which accounts for 16.6 % of total German e-commerce sales
(BEVH, 2018).

Product cluster | Fashion (n=28, 27.2 %), leisure (n=23, 22.3 %), entertainment
(n=13, 12.6 %), interior (n=12, 11.7 %), others (n=27, 22.3 %)
E-commerce | Small companies with revenue < 10 mio. € (n=64, 62.1 %), me-
revenue dium-sized companies with revenue 10-100 mio. € (n=21,
20.4 %), large companies with revenue > 100 mio. € (n=18,
17.5 %)

Type of e-tailer | Pure e-tailer (n=63, 61.2 %), multi-/omni-channel retailer
(n=40, 38.8 %)

Table I1.3. Sample characteristics.

11.4 Results

Concerning the presentation of the results, this study refers to the most
important product clusters (‘entertainment’, ‘fashion’, ‘interior’, ‘leisure’,
‘others’), which are also used by the BEVH to categorize the German e-
commerce market (BEVH, 2018). The first survey question referred to the
relative changes in the number of outbound shipments. It shows an
increase across all product categories, with the clusters ‘leisure’,
‘entertainment’ and ‘interior’ benefitting the most (see Table I1.4).

Product cluster Entertainment | Fashion |Interior |Leisure |Others
(n=13) (n=28) |(m=12) |m=23) |(n=27)

+20.13 % +13.76 % | +19.10 % | +22.56 % | +10.07 %

Number of out-
bound shipments
Items per ship-
ment

+0.28 % -6.37% |+2.84% |-0.84% |-3.78%

Table I1.4. Average percentage changes in outbound e-commerce logistics
(n=103).

This observation for the German e-commerce market resembles those
that have been reported in other markets. These assessments are shared
by several study participants in a field for open comments, as aptly
summarized by the following statement: “As bitter as it is, Corona was a
stroke of luck for my [...] company.” Since the study only considers the period
from March to August with a lockdown of stationary retail from mid-
March to early May, the figures for the entire year are very likely higher,
because the strong Christmas business with a further lockdown of
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stationary retail in Germany is not taken into account. The next questions
referred to the return rates. After calculating the means (&), standard
deviations (SD) and confidence intervals (CI) of the two surveyed periods
(P1: March-August 2019; P2: March-August 2020), the values are
compared using t-tests to identify changes. Calculations were performed
in SPSS 26. In case of significant differences (a<.05), the fields in Table
I1.5 are shaded in gray.

Product o-return rate B-return rate
cluster Sample-ID: @, SD, 95 %-CI Sample-ID: @, SD, 95 %-CI
Entertain- P1: 6.55 %, 2.75, 4.89 t0 8.22 P1:6.07 %, 2.87, 4.33 to 7.80
ment (n=13) | P2: 6.63 %, 1.40, 5.78 to 7.48 P2:6.12 %, 1.19, 5.40 to 6.84
Fashion P1: 47.50 %, 13.96, P1: 28.00 %, 10.05,
(n=28) 42.09 to 52.91 24.10 to 31.89

P2: 41.18 %, 11.66, P2:23.53 %, 9.83,

36.66 to 45.71 19.72 t0 27.34
Interior P1:7.48 %, 1.76, 6.36 to 8.60 P1:7.30 %, 1.40, 6.41 to 8.20
(n=12) P2:5.56 %, 1.72, 4.46 to 6.65 P2:5.48 %, 1.52, 4.52 to 6.45
Leisure P1:14.11 %, 8.48, 10.44 to 17.78 | P1: 11.74 %, 4.99, 9.59 to 13.90
(n=23) P2:13.73 %, 7.45, 10.51 to 16.95 | P2: 11.50 %, 5.31, 9.20 to 13.79
Others P1: 3.88 %, 2.61, 2.85 to 4.91 P1:3.77 %, 2.66, 2.71 to 4.82
(n=27) P2:3.77 %, 2.97, 2.60 to 4.95 P2:3.68 %, 3.07, 2.47 t0 4.89

Table II.5. Average return rates before (P1) and after (P2) the beginning of the
Covid-19 pandemic (n=103).

The analysis shows the differences between the two kinds of return rates
as well as the large variations among the respective product clusters.
Concerning the effect of the Covid-19 pandemic, it shows that both
returns rates were significantly lower in the ‘fashion’
(ot (27)=-10.739, p<.000; B: t(27)=-15.844, p<.000) and ‘interior’ (a: t(11)=-
12.488, p<.000; B: t(11)=-8.554, p<.000) product cluster. Therefore, in
these clusters, e-tailers did not only benefit from more orders but also
from lower return rates. The combination of these two effects acts as a
lever on the profitability of the e-commerce business model (Asdecker,
2015). Participants who indicated a reduction in either the a- or f-return
rate were asked for possible reasons. On the one hand, predefined
categories on a Likert scale ranging from 1-5 (1=not relevant, 5=very
relevant) were queried (see Table I1.6).
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Potential reasons Mean value
During the pandemic, customers placed less selection orders. +3.16
During the pandemic, our company attracted new customers with +3.09
lower return rates than existing customers. )

During the pandemic, customers informed themselves more thor- +3.06
oughly about the items they ordered. )

During the pandemic, customers increasingly ordered product as- +2.88
sortments with lower return rates. '

During the pandemic, our company reduced promotional activities +1.59

that previously encouraged impulse purchases. )

Table IL.6. Provided reasons by companies that reported a reduction in the re-
turn rate (n=32).

The assessments made provide evidence that customers changed their
ordering behavior during the Covid-19 pandemic. Orders were placed
more in line with actual requirements. In addition, e-commerce appears
to have won over customer groups with a more moderate return behavior
who previously shopped mainly in brick-and-mortar stores. On the other
hand, additional reasons could be given by means of a free text field.
Several study participants noted that they benefited from an
internationalization, which the following statement summarizes: “The
customer segment has changed completely and therefore the return rate has
halved. In 2019, I had 80 % German customers. Since the pandemic, it is only
40% German customers, which means the demand in Italy, France, and
Spain has increased dramatically. [...] Only in Germany are returns considered
a legitimate behavior [...]. In all other EU countries, it is considered
inappropriate.” In addition, several retailers suggest that customers shied
away from going to the post office for fear of catching the disease: “[...]
They returned less because they didn't want to go to the post office to return the
package. They preferred to keep the goods.” Other counteracting factors may
have prevented even lower return rates. These include longer delivery
times due to capacity problems at logistics service providers: “[...] At the
same time, there was a noticeable increase in returns for orders with longer
delivery times, especially at the beginning of the pandemic. DHL did not meet
the SLAs in some cases.” Furthermore, some respondents observed
opportunistic ordering behavior: “Multiple orders from different companies.
Only the goods that were delivered the fastest [...] were kept.”
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The final survey section dealt with further changes in the return behavior
as observed by e-tailers. The collected data indicates (1) that the proportion
of returns sent back in the last third of the return period has increased,
(2) that the proportion of returns with obvious signs of use has increased
and (3) that the proportion of returns that can only be disposed of due to
their condition has slightly increased (see Table I1.7).

Decreased | No change | Increased
Share of returns sent back in the last third | 3 % (n=3) |71 % 26 %
of the return period (n=73) (n=27)
Share of returns with obvious signs of use |2 % (n=2) |74 % 24 %
(n=76) (n=25)
Share of returns that was disposed due to |4 % (n=4) |79 % 17 %
their condition (n=81) (n=18)

Table II.7. Evaluation of other relevant return behaviors.

Consequently, during the first months of the Covid-19 pandemic
customers return later and use the ordered items more intensively before
ultimately deciding whether to keep the ordered items, which — from an
economic perspective — may offset some of the e-tailers’ benefits from
lower return rates.

1.5 Summary and Conclusion

This paper conducts a systematic literature review and an exploratory
survey. The literature review summarizes the available descriptive
statistics on return rates published in peer-reviewed papers to date and
demonstrates the relevance of consumer returns to interested scholars. It
also shows the need to clearly define the calculation method of the return
rate in future studies to avoid comparing apples with oranges. The wide
range of published values justifies an exploratory survey, which takes into
account current influences from the Covid-19 pandemic. It shows that e-
commerce in Germany is massively benefiting from the pandemic. In
addition to double-digit growth rates, e-tailers with fashion and interior
product assortments are also benefiting from significantly lower return
rates. The study also identifies reasons for this change in behavior and
points to further changes in the timing and the condition of returns. Thus,
this study contributes to an emerging strand of literature analyzing the
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impact of the Covid-19 pandemic. While there are already several studies
on the forward distribution process (e.g., Kulkarni & Barge, 2020;
Galhotra & Dewan, 2020), this is the first to focus on the often neglected
reverse part of the business model. Accordingly, it appears that the
current Covid-19 pandemic not only affects where and what consumers
purchase but also how they return. Managerially, e-tailers should consider
those changes in their returns management processes. Besides, the
collected data can be used for benchmarking purposes.

One limitation of this research is that it only considers German e-tailers.
As the remarks of the study respondents point out, Germany is a country
with comparatively high return rates. Other regions could therefore
experience different changes. Furthermore, the big question is whether
the observed changes are merely a temporary phenomenon. Further
studies will be needed to investigate whether the observed and described
changes in the consumers’ decision journeys have long-term effects or
not.
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Abstract

The substantial growth of e-commerce during the last years has led to a
surge in consumer returns. Recently, research interest in consumer re-
turns has grown steadily. The availability of vast customer data and ad-
vancements in machine learning opened up new avenues for returns fore-
casting. However, existing reviews predominantly took a broader perspec-
tive, focussing on reverse logistics and closed-loop supply chain manage-
ment aspects. This paper addresses this gap by reviewing the state of re-
search on returns forecasting in the realms of e-commerce.
Methodologically, a systematic literature review was conducted, analyzing
25 relevant publications regarding methodology, required or employed
data, significant predictors, and forecasting techniques, classifying them
into several publication streams according to the papers’ main scope. Be-
sides extending a taxonomy for machine learning in e-commerce, this re-
view outlines avenues for future research. This comprehensive literature
review contributes to several disciplines, from information systems to op-
erations management and marketing research, and is the first to explore
returns forecasting issues specifically from the e-commerce perspective.

Keywords: Consumer returns; product returns; forecasting; prediction; lit-
erature review; e-commerce.
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111.1 Introduction

E-commerce has witnessed substantial growth rates in recent years and
continues growing by double-digit margins (National Retail Federation /
Appriss Retail, 2023). However, lenient consumer return policies have re-
sulted in $212 Billion worth of merchandise being returned to online re-
tailers in the U.S. in 2022, accounting for 16.5 % of online sales (National
Retail Federation / Appriss Retail, 2023). While high rates of consumer
returns mainly concern specific sectors and product categories, online
fashion retailing is particularly affected (Diggins et al., 2016). Recent stud-
ies report average shipment-related return rates for fashion retailers in the
40-50 % range (Difrancesco et al., 2018; Karl & Asdecker, 2021). In addi-
tion to missed sales and reduced profits (Zhao et al., 2020), consumer re-
turns pose operational challenges (Stock & Mulki, 2009), including una-
voidable processing costs (Asdecker, 2015) and uncertainties regarding lo-
gistics capacities, inventory management, procurement decisions, and
marketing activities. Hence, effectively managing consumer returns is an
essential part of the e-commerce business model (Urbanke et al., 2015).
Similar to the research conducted by Abdulla et al. (2019), this work fo-
cuses on consumer returns in online retailing (e-commerce), excluding
the larger body of closed-loop supply chain (CLSC) management, which
encompasses product returns related to end-of-life and end-of-use scenar-
ios involving raw material recycling or remanufacturing. In contrast to
CLSC returns, retail consumer returns are typically sent or given back un-
used or undamaged shortly after purchase, without any quality-related de-
fects. These returns should be reimbursed to the consumer and are in-
tended to be resold “as new” (de Brito et al., 2005; Melacini et al., 2018;
Shang et al., 2020).

Regarding forecasting aspects, demand forecasting is a crucial activity for
successful retail management (Ge et al., 2019). In contrast to demand and
sales, returns constitute the “supply” side of the return process (Frei et al.,
2022). Consequently, forecasting becomes a complex task and a signifi-
cant challenge in managing returns due to the inherently uncertain na-
ture of customer decisions regarding product retention (Frei et al., 2022).
Moreover, return forecasts are interconnected with sales forecasts and
promotional activities (Govindan & Bouzon, 2018; Tibben-Lembke & Rog-
ers, 2002). Hence, forecasting objectives may vary, encompassing return
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quantities, timing (Hachimi et al., 2018), and even individual return prob-
abilities. Minimizing return forecast errors is critical to reduce and mini-
mize reactive planning (Hess & Mayhew, 1997). Accurate forecasts rely
on (1) comprehensive data collection, e.g., regarding consumer behavior,
and (2) information and communications technology (ICT) for data pro-
cessing, such as big data analytics. Despite extensive research in supply
chain management (SCM), Barbosa et al. (2018) noted a lack of relevant
publications exploring the "returns management" process of SCM in con-
junction with big data analytics. Specifically, “the topic of forecasting con-
sumer returns has received little attention in the academic literature”
(Shang et al., 2020, p. 342). Nonetheless, precise return forecasts posi-
tively impact reverse logistics activities’ economic, environmental, and so-
cial performance, primarily concerning quantity, quality, and timing pre-
dictions (Agrawal & Singh, 2020). Hence, forecasting returns holds sig-
nificant relevance across various supply chain stages.

111.1.71 Previous Meta-Research

Hess and Mayhew (1997) emphasized the need for extensive data analysis
concerning reverse flows, which forms the basis for returns forecasting.
Subsequently, research on consumer returns and reverse logistics has
proliferated. Thus, before collecting data and reviewing the topic of con-
sumer returns forecasting, we first examined existing reviews and meta-
studies relevant to the subject matter. To accomplish this, we referred to
Web of Science, Business Source Ultimate via EBSCOhost, JSTOR and
the AIS Electronic Library as primary sources of knowledge (search term:
"literature review" AND "return*" AND "forecast*”). As a secondary
source, we appended the results of Google Scholar?, for which a different
search term was used (intitle:"literature review" ("product return" OR
“consumer return” OR "retail return” OR "e-commerce return") forecast)
due to unavailable truncations and to reduce the vast amount of literature
with financial focus the search term “return” would lead to. Table III.1

! The use of Google Scholar for systematic scientific information search is controversely
discussed (e.g., Halevi et al. (2017)) due to the missing quality control and indexing guide-
lines, as well as limited advanced search options. But as an additional database for an initial
search, the wide coverage of this search system can enrich the results.
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presents the most pertinent literature reviews related to the scope of this
paper.

Authors Title Period  Sources
Agrawal etal,, A literature review and perspectives in reverse 1986- 242
2015 logistics 2015
Hachimi etal,  The optimization of reverse logistics activities: 1986- 45
2018 A literature review and future directions 2018

Abdulla et al,, Taking stock of consumer returns: A review 2012- 100
2019 and classification of the literature 2018
Ambilkar et Product returns management: A comprehen- 1986- 518
al., 2021 sive review and future research agenda 2020

Micol Poli- Machine learning through the lens of e-com- 2015- 70
carpo etal., merce initiatives: An up-to-date systematic liter- 2020

2021 ature review

Duong et al,, Understanding product returns: A systematic until 167
2022 literature review using machine learning and 2021

bibliometric analysis

Table III.1. Relevant literature reviews related to consumer returns or returns
forecasting, sorted by year of publication.

Agrawal et al. (2015) identified research gaps within the realm of reverse
logistics, finding “forecasting product returns” as a crucial future research
path. However, among 21 papers focusing on “forecasting models for
product returns”, the emphasis was predominantly on CLSC, reuse, re-
manufacturing, and recycling, which do not align with the aim of this re-
view. Agrawal et al. also noted a lack of comprehensive analysis of under-
lying factors in returns forecasting, such as demographics or consumer
behavior.

Similarly, Hachimi et al. (2018) addressed forecasting challenges within
the broader context of reverse logistics. They classified their literature us-
ing various forecasting approaches: time series and machine learning, op-
erations research methods, and simulation programs. The research gaps
they identified included a limited number of influencing factors taken
into account, the absence of established performance indicators, and
methodological issues related to dynamic lot-sizing with returns. Alt-
hough this review focused on reverse logistics, the call for research into
predictors of future returns is equally applicable to consumer returns in
e-commerce.
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The review of Abdulla et al. (2019) centers on consumer returns within
the retail context, particularly in relation to return policies. While they dis-
cuss consumer behavior and planning and execution of returns, they do
not present any sources explicitly focused on forecasting issues.

Micol Policarpo et al. (2021) reviewed the literature on the use of machine
learning (ML) in e-commerce, encompassing common goals of e-com-
merce studies (e.g., purchase prediction, repurchase prediction, and prod-
uct return prediction) and the ML techniques suitable for supporting
these goals. Their primary contribution is a novel taxonomy of machine
learning in e-commerce, covering most of the identified goals. However,
within the taxonomy developed, the aspect of return predictions is disre-
garded.

The most exhaustive literature review to date regarding product returns,
conducted by Ambilkar et al. (2021), analyzed 518 papers and adopted a
holistic reverse logistics approach encompassing all supply chain stages.
The authors categorized the papers into six categories, including “fore-
casting product returns”, for which they found and concisely described 13
papers. Due to the broader research scope, none of the analyzed papers
focused on consumer returns within the retail context.

The review by Duong et al. (2022) employed a hybrid approach combining
machine learning and bibliometric analysis. Regarding forecasts of prod-
uct returns, they identified three relevant papers (Clottey & Benton, 2014;
Cui et al., 2020; Shang et al., 2020) within the “operations management”
category. They explicitly call for further research on predicting customer
returns behavior in the pre-purchase stage, highlighting the importance
of a better understanding of online product reviews and customers’ online
interactions.

111.1.2 Research Gap and Research Questions

Why is a systematic literature review necessary for investigating con-
sumer returns and forecasting? On the one hand, there are empirical and
conceptual papers that touch upon this topic, including brief literature re-
views that align with the subject’s focus (e.g., Hofmann et al., 2020). How-
ever, narrative reviews lack transparency and replicability (Tranfield et al.,
2003) and often induce selection bias (Srivastava & Srivastava, 2006) as
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they tend to approach a field from a specific perspective. In contrast, sys-
tematic reviews strive to present a holistic, differentiated, and more de-
tailed picture, incorporating the complete available literature (Uman,
2011). On the other hand, existing systematic reviews provide structured
yet relatively superficial overviews of literature on end-of-use and end-of-
life forecasting (Shang et al., 2020), but they do not specifically address
consumer returns. Furthermore, we contend that a review dedicated to
general reverse logistics forecasting would not adequately capture the dis-
tinctive context and requirements inherent in the consumer-retailer rela-
tionship within the realm of e-commerce (Abdulla et al., 2019).
Consequently, based on existing reviews and papers, we have identified
research gaps worth examining more in detail: (1) Returns forecasting
techniques and relevant predictors for the respective underlying pur-
poses, especially in the context of e-commerce (RQ1 and RQ2); (2) the
integration of return forecasts into an existing but incomplete taxonomy
of machine learning in e-commerce (Micol Policarpo et al., 2021; RQ3);
and (3) future research directions pertaining to e-commerce returns fore-
casting (RQ4). Therefore, this review aims to shed more light on con-
sumer returns forecasting in the retail context. The following research
questions outline the primary objectives:

e RQI: What key research problems (e.g., forecasting purposes, technologi-
cal approaches) have been addressed in the literature on forecasting con-
sumer returns over time?

e RQ2: What are the ...

o publication outlets and research disciplines,

research types and methodologies,

product categories and industries,

data sources and characteristics,

relevant forecasting predictors,

o techniques and algorithms
... used to address these key problems?

e RQ3: How can returns forecasting be integrated into a taxonomy of ma-
chine learning in e-commerce?

e RQ4: What are promising or emerging future research directions regard-
ing forecasting consumer returns?

o 0O O O
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The paper is organized as follows: Section 2 describes selected fundamen-
tal concepts and the delimitation of the research field on consumer re-
turns forecasting. Section 3 contains the methodology for the review,
drawing on the PRISMA guideline (Page et al., 2021) while integrating
the approaches of Denyer and Tranfield (2009) and Webster and Watson
(2002). Section 4 presents the review’s main results, answering RQ1 (Sec-
tion 4.1), RQ2 (Section 4.2-4.5), and RQ3 (Section 4.6). A research frame-
work developed in Section 5 structures the discussion regarding future
research directions (RQ4). Section 6 subsumes the overall contribution of
this review.

111.2 Consumer Returns and Forecasting

111.2.1 Consumer Returns and Return Reasons

Reverse product flows, commonly referred to as product returns, can be
classified into three categories: manufacturing returns, distribution re-
turns, and consumer returns (Shaharudin et al., 2015; Tibben-Lembke &
Rogers, 2002). Among these, consumer returns are further differentiated
between returns in brick-and-mortar retail or mail-order / e-commerce re-
turns (Tibben-Lembke & Rogers, 2002) and are also known as commercial
returns (de Brito et al., 2005) or retail (product) returns (Bernon et al., 2016).
With sky-rocketing e-commerce sales, online consumer returns have
emerged as the dominant segment, making them a highly relevant field
of research (Abdulla et al., 2019; Frei et al., 2020). Additionally, the digiti-
zation of retail provides numerous opportunities for data collection, as
digital customer accounts facilitate more efficient analytical monitoring
of customer behavior (Akter & Wamba, 2016). Simultaneously, as com-
petitive pressures intensify in e-commerce due to increased price trans-
parency and substitution possibilites, retailers aiming to stimulate im-
pulse purchases face hightened return rates (Cook & Yurchisin, 2017; Karl
etal, 2022).

The spatial decoupling of supply and demand introduces a higher level of
uncertainty for e-commerce customers regarding various product attrib-
utes compared to bricks-and-mortar retailing (Hong & Pavlou, 2014). As
consumers are unable to physically assess the products they order, this
translates into returns being essential part of the e-commerce business
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model. Besides fit uncertainty, other reasons for returns exist. Stocker et
al. (2021) classify the drivers triggering consumer returns into consumer
behavior related reasons (e.g., impulsive purchases, showrooming), fulfill-
ment/service related reasons (e.g., wrong/delayed delivery) and information
gap related reasons (product fit, insufficient visualization). By mitigating
customers’ return reasons, retailers try to reduce the return likelihood
(“return avoidance”) (Rogers et al., 2002). Another, but less promising way
of reducing returns, is preventing customers who intend to return from
actually doing so (e.g., by incurring additional effort or by rejecting re-
turns) (Rogers et al., 2002).

Adapted from Abdulla et al. (2019) and Vakulenko et al. (2019), a simpli-
fied parallel process of a return transaction from the consumer’s and re-
tailer’s perspective is visualized in Figure III.1. Retailers can use forecast-
ing in all transaction phases (Hess & Mayhew, 1997). Targeting customer
interventions pre-purchase (real-time forecasting) could be implemented
by using dynamically generated (Dalecke & Karlsen, 2020) digital nudging
elements (Kaiser, 2018; Thaler & Sunstein, 2009; Zahn et al.) in case of a
predicted high return propensity. In the post-purchase phase, forecasting
could stimulate different interventions (e.g., customer support) or can be
helpful for logistics and inventory planning activities (Hess & Mayhew,
1997). In the phase after the return decision, data analysis, including seg-
mentation on different levels, e.g., for customers, products, or brands
(Shang et al., 2020), can support managerial decision-making regarding
assortment or (individualized) return policies for future orders (Abdulla
et al., 2019). In other words, forecasting (or modeling) of returns in later
phases of the process can substantiate interventions in earlier phases of
the process (e.g., a temporary return policy change, or the suspension of
product promotions due to particular forecasts). However, such data-
driven interventions itself also represent an influencing factor to be taken
into account in future forecasts; thus, different forecasting purposes can
be linked, at least when it comes to the data required. All these interde-
pendencies hint at the circularity of the returns process, with an adequate
management of returns representing an opportunity for generating cus-
tomer satisfaction and retention (Ahsan & Rahman, 2016; Réllecke et al.,
2018).
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Figure II1.1. Purchase and return process concerning forecasting issues (adapted
from Abdulla et al., 2019; Vakulenko et al., 2019)

111.2.2 Forecasting Purposes and Corresponding Techniques

Accurate forecasting holds significant importance in the realm of e-com-
merce. Precise demand forecasts (“predictions”) play a pivotal role in in-
ventory planning, pricing, and promotions and ultimately impact the
commercial success of retailers (Ren et al., 2020). Forecasting consumer
returns affects similar business aspects and resorts to comparable existing
technical procedures. The data science and statistics literature offers di-
verse methods and algorithms for forecasting consumer returns. The
choice of approach depends on the specific objective, with the outcome
variable being scaled accordingly. For instance, when forecasting whether
a single product will be returned, the dependent variable is either binary
or expressed as a propensity value ranging form 0 to 1. On the other hand,
forecasting the quantitay or timing of returns entails continuous outcome
variables. As a result, various techniques, from time-series forecasting to
machine learning approaches can be applied, which will be briefly out-
lined in the subsequent sections.

111.2.2.1 Return Classifications and Propensities

A naive method for determining the propensity or return decision forecast
is using lagged (historical) return information (return rates), either for a
given product, a given customer, or any other reference, to calculate a his-
torical return probability (Hess & Mayhew, 1997). Return rate forecasts
are a reference-specific variant of forecasting return propensities.
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Simple causal models based on statistical regression methods utilize one
or more independent exogenous variables. The logistic regression (logit
model) is employed when the dependent variable is binary or contains
more nominal outcomes (multinomial logistic regression). For each ob-
servation, the binary logistic regression assesses the probability that the
dependent variable takes the value “1” (Hastie et al., 2017). Consequently,
this approach finds application for return decisions and return propensi-
ties. Comparatively, linear discriminant analysis (Fisher, 1936) bears a re-
semblance to logistic regression by generating a linear combination of in-
dependent variables to best classify available data. This classification pro-
cess involves determining a score for each observation, subsequently com-
pared to a critical discriminant score threshold, and distinguishing be-
tween return and keep.

More sophisticated machine learning (ML) techniques such as neural net-
works, decision tree-based methods, ensemble learning, and boosting
methods are highly suitable for this forecasting purpose. For a general
exposition of ML techniques in the domain of e-commerce, we refer to
Micol Policarpo et al. (2021). Additionally, for a comparative study of sev-
eral state-of-the-art ML classification techniques, see Fernandez-Delgado
et al. (2014). Artificial Neural Networks (NN) consist of interconnected
nodes (“neurons”) organized in layers, exchanging signals to ascertain a
function that accurately assigns input data to corresponding outputs. Typ-
ically, supervised learning techniques such as backpropagation compare
the network outputs with known actual values (Hastie et al., 2017). Nota-
bly, neural networks are the most popular machine learning algorithm in
last years’ e-commerce research (Micol Policarpo et al., 2021), and deep
learning extensions like Long Short-Term Memory (Bandara et al., 2019)
are gaining attention. Decision Trees (DT) manifest as hierarchical struc-
tures of branches representing conjunctions of specific characteristics
and leaf nodes denoting class labels. This approach endeavors to construct
an optimal decision tree for classifying available observations. Many deci-
sion tree algorithms have been introduced to serve this purpose (e.g.,
Breiman et al., 1984; Pandya & Pandya, 2015). Ensemble learning methods
adopt a voting mechanism involving multiple algorithms to enhance pre-
dictive performance (Polikar, 2006). Analogously, boosting and bagging
techniques are incorporated in algorithms like AdaBoost or the tree-based
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Random Forest (RF) to augment the input data, aiming at more general-
izable forecasting models less prone to overfitting issues (Hastie et al.,
2017). Support Vector Machines (SVM) stand as another example of a su-
pervised ML algorithm, having demonstrated efficacy in tackling classifi-
cation problems within e-commerce (Micol Policarpo et al., 2021).

111.2.2.2 Return Timing and Volume Forecasts

For product returns, timing is crucial in forecasting end-of-life, end-of-
use, or remanufacturing returns that can occur years after the initial pur-
chase (Petropoulos et al., 2022). In contrast, for consumer returns, the
possible time window in which products are regularly returned in new
condition with the aim of a refund is much shorter (usually less than 100
days and mostly less than 30 days), and priorities are more on forecasting
return volumes. Forecasting return volumes can be multi-faceted, ranging
from forecasting the total return volume a retailer has to process within
its logistics department through forecasting product-specific return num-
bers up to forecasting costly return shares, e.g., return fraud volume. Be-
cause returns depend on fluctuating sales, time-series forecasting of re-
turn volumes performs only well with constant sales volumes or under
risk-pooling (Petropoulos et al., 2022). Thus, for a naive return volume
forecast, sales forecasts for a given timeframe are multiplied by the lagged
return rate (historical data of products/consumers or any other reference).
Possible algorithms for estimating historical return rates include time se-
ries forecasting to causal predictions comprising ML approaches (Ha-
chimi et al., 2018).

Time-series techniques, e.g., single exponential smoothing (SES) or Holt-
Winters-approaches (HW), are based on the assumption that the future
development of an outcome variable (e.g., return volume) is dependent on
its past numbers, while time acts as the only predictor. Most of these mod-
els can be generalized as autoregressive moving averages (ARIMA) mod-
els, for which numerous extensions are available. These models can ap-
proximate more complex temporal relationships. Similarly, time-series re-
gression models use univariate linear regression with time as a single ex-
ogenous variable.

The mentioned multivariate regression models are essential statistical
tools and can predict metric variables such as return volume or time.
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The logic is to fit a linear function of a given set of input variables (“fea-
tures”) to the outcome variable with the criteria of minimizing the resid-
ual sum of squares (Hastie et al., 2017). Many variants of regression mod-
els are derived from this logic (e.g., generalized linear models), and vari-
ous extensions are built upon this base (e.g., LASSO for variable selection,
Tibshirani, 1996).

Emerging from more complex statistical methods and using the possibil-
ities of continuously increasing computing power, IT-based machine
learning (ML) approaches were developed. Some of these approaches have
already been presented in Section 2.2.1, being suitable for predicting met-
ric variables in addition to classification tasks, e.g., neural networks, deci-
sion tree algorithms, and especially ensemble techniques like random for-
ests.

111.3 Methodology

Methodologically, the research process of this review follows the PRISMA
guideline (Page et al., 2021) where applicable and is structured in five
steps (Denyer & Tranfield, 2009; Webster & Watson, 2002): (1) question
formulation; (2) locating studies; (3) study selection and evaluation; (4)
(concept-centric) analysis and synthesis; and (5) reporting and using the
results for defining an agenda for future research.

The first step refers to the research questions already formulated in the
introduction. The second step involves selecting the databases and defin-
ing the search terms. In that respect, five scientific databases were se-
lected, aiming at journal as well as conference publications: AIS Elec-
tronic Library (AISeL), Business Source Ultimate (BS) via EbscoHost,
JSTOR (JS), Science Direct (SD), and Web of Science (WoS). To ensure
inclusivity and to account for potential variations in spelling or phrasing,
the final search strings incorporate truncations where applicable. The
search query utilized in this review comprises two key components.
Firstly, it pertains to consumer returns, encompassing products returned
by consumers, primarily in the context of e-commerce, to the retailer.
While it is recommended to use reasonably general search terms, the term
“return” alone would yield results for various stages of reverse logistics
and a vast amount of financial literature. Therefore, we conducted a more
specific search using the phrase “consumer return*” and the related
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terms “e-commerce return®*”, “product return*”, “return* product”, “cus-
tomer return*”, and “retail return*”. Secondly, this paper specifically fo-
cuses on forecasting (“forecast*”), which can be alternately referred to as
“predict*” or “prognos*”. The combination of these terms was searched
for in the Title, Abstract and Keywords fields.

The search includes results up to the middle of 2022 and resulted in 725
initial search hits (see Figure II1.2). As this review aims to identify papers
dealing with consumer returns and forecasting, the inclusion criteria for
eligibility were:

e The title or keywords referred to consumer returns or forecasting (in
a broader sense, including data preparation). A connection to the
respective subject area and applicability to the retail domain should
at least be plausible.

e Manuscript in English: No important study would be written and
published in a language different than English.

e The paper has undergone a single- or double-blind peer-review pro-
cess, either as a journal publication or as a publication in peer-re-
viewed conference proceedings.

In the third step, duplicates were removed, resulting in a set of 650 unique
records. Subsequently, the papers underwent screening based on title,
keywords, and language to determine whether they warranted further ex-
amination. This preliminary screening phase reduced the number of pa-
pers to 85. These papers’ abstracts and full texts were thoroughly reviewed
to assess their relevance. This step encompasses all papers pertaining to
returns forecasting for retailers or direct-selling manufacturers while ex-
cluding those focused on closed-loop supply chain management or re-
manufacturing, recycling, and end-of-life returns. Ultimately, a final sam-
ple of 20 publications was identified, serving as a foundation for identify-
ing additional relevant papers (vom Brocke et al., 2009; Webster & Wat-
son, 2002) through a forward search using Google Scholar and snowball-
ing via backward search. This process yielded an additional five papers,
resulting in a total of 25 papers included for review (Table II1.2).
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Figure IIL.2. Research process flow diagram.

The fourth step comprises the analysis and synthesis of the relevant pa-
pers. Data, including bibliographic statistics, were collected in accordance
with the research questions. A two-way concept-centric analysis, as de-
scribed by Webster and Watson (2002), was conducted, encompassing
confirmatory aspects based on the fundamentals outlined in Section 2 of
this paper, as well as exploratory elements aimed at enriching existing cat-
egories and concepts. The objective was to comprehensively describe the
relevant concepts, approaches, and dimensions discussed in the litera-
ture.

Moving on to the fifth and final step (Denyer & Tranfield, 2009), the re-
sults are presented. Initially, the main scope of the papers included in the
analysis is presented. Next, bibliographic data pertaining to the included
papers are provided to offer a concise overview of the research area and
its recent developments, followed by a content analysis and synthesis of
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the relevant literature to delve into the current state of research and high-
light key findings. Finally, Section 5 outlines a research agenda for the

domain (vom Brocke et al., 2009).

LD Coun- J/C Rank Outlet Title Paper Title
Year try
Hess & May- US ] Q2 Journal of Direct Mar-  Modeling merchandise
hew, 1997 keting returns in direct market-
ing
Potdar & us ] Q2  Foresight Reason-code based
Rogers, 2012 model to forecast product
returns
Drechsler & DE c / Logistics Management  Forecasting Misused E-
Lasch, 2015 Commerce Consumer
Returns
Urbankeet  DE C A*  International Confer- Predicting Product Re-
al., 2015 ence on Information turns in E-Commerce:
Systems (ICIS) The Contribution of Ma-
halanobis Feature Extrac-
tion
Fuetal, 2016 US/CN J Q1 Decision Support Sys- Fused latent models for
tems assessing product return
propensity in online
commerce
Ahmedetal, CA/US C B IEEE Big Data Advantage of Integration
2016 in Big Data: Feature Gen-
eration in Multi-Rela-
tional Databases for Im-
balanced Learning
Heiligetal, DE C A European Conference Data-Driven Product Re-
2016 on Information Systems turns Prediction: A
(ECIS) Cloud-Based Ensemble
Selection Approach
Ding etal., SG cC A Pacific Asia Conference Predicting Product Re-
2016 on Information Systems turn Rate with "Tweets"
(PACIS)
Samoraniet US/CA C B IEEE Big Data Automatic Generation of
al., 2016 Relational Attributes: An
Application to Product
Returns
Urbankeet  DE C A*  International Confer- A Customized and Inter-
al,, 2017 ence on Information pretable Deep Neural

Systems (ICIS)

Network for High-Di-
mensional Business Data
- Evidence from an E-
Commerce Application
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Author(s),

Coun-

J/C Rank Outlet Title Paper Title
Year try
J. Lietal., usS C A% International Confer- E-tail Product Return
2018 ence on Knowledge Dis- Prediction via Hyper-
covery and Data Mining graph-based Local Graph
(ACM) Cut
Zhu et al,, usS C A% International Joint Con- A Local Algorithm for
2018 ference on Artificial In-  Product Return Predic-
telligence (IJCAI) tion in E-Commerce
Asdecker &  DE c / International Confer- Big data analytics in re-
Karl, 2018 ence on Advanced Re- turns management - Are
search Methods and An- complex techniques nec-
alytics (CARMA) essary to forecast con-
sumer returns properly?
Joshi et al., IN c / International Confer- One Size Does Not Fit
2018 ence on Advances in So-  All: Predicting Product
cial Networks Analysis ~ Returns in E-Commerce
and Mining Platforms
(IEEE/ACM)
X. Lietal, CN J] Q1  Science China Infor- A trust-aware random
2019 mation Sciences walk model for return
propensity estimation
and consumer anomaly
scoring in online shop-
ping
Cui et al,, Us J] Q1  European Journal of Op- Predicting product return
2020 erational Research volume using machine
learning methods
Shangetal, US J] Q1 Journal of Operations Using transactions data
2020 Management to improve consumer re-
turns forecasting
Imran & BD/FR C B International Confer- Predicting the Return of
Amin, 2020 ence on Knowledge- Orders in the E-Tail In-
Based and Intelligent In-  dustry Accompanying
formation & Engineer-  with Model Interpreta-
ing Systems Systems tion
Ketzenberg et US J] Q1 Journal of Operations Assessing customer re-
al., 2020 Management turn behaviors through
data analytics
Hofmannet DE CcC A Americas Conference on An Industry-Agnostic
al., 2020 Information Systems Approach for the Predic-
(AMCIS) tion of Return Ship-
ments
John et al., IN ] Q3 Journal of Business An- Refund fraud analytics
2020 alytics for online retail pur-

chases
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LT Coun- J/C Rank Outlet Title Paper Title

Year try

Rezaeietal, CA/US J Q1  Annals of Operations A clustering-based fea-

2021 Research ture selection method for
automatically generated
relational attributes

Rajasekaran  IN c / Advances in Computing An E-Commerce Proto-

& Pri- and Data Sciences type for Predicting the

yadarshini, (ICACDS) Product Return Phenom-

2021 enon Using Optimiza-
tion and Regression
Techniques

Sweidan et SW cC C International FLINS Predicting returns in

al,, 2020 Conference (FLINS) men’s fashion

Fuchs & Lutz, DE C A European Conference A stitch in time saves

2021 on Information Systems nine — A meta-model for

(ECIS) real-time prediction of

product returns in ERP
systems

Table II1.2. Summary of the reviewed papers, sorted by year of publication
(J=Journal, C=Conference, Journal Ranking according to Scimago JR,
Conference Ranking according to CORE if available).

111.4 Results of the Systematic Review

After outlining the main scope of the relevant publications (4.1), a short
bibliographic characterization (4.2) is given. Next, this section presents
the results of the systematic review, focussing on the methodology and
datasets used (4.3), predictors used for returns forecasting (4.4), and fore-
casting techniques employed (4.5). The integration of consumer returns
forecasting into an existing taxonomy for e-commerce and machine learn-
ing (Micol Policarpo et al., 2021) summarizes and concludes the presen-
tation of the results.

111.4.1 Overview and Main Scope of the Relevant Publications

Table II1.3 provides an overview of the forecasting purpose of the papers,
the data source for the forecasting, the algorithms employed, and the pre-
dictors used in the forecasting models. The contributions of the respective
papers regarding forecasting issues are summarized in the Appendix.
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Paper

Forecasting
Purpose

Data Source

Predictors

Journal papers

Hess & May- Return volume  Fashion direct Product attributes (price, fit

hew, 1997 over time marketer, and importance), lagged
simulated data timestamps

Potdar & Rog- Return volume Consumer elec- Return reason codes, be-

ers, 2012 tronics, and sim-  havior data

ulated data

Fuetal., 2016

Return propen-
sity on cus-
tomer-product-
level

Taobao, cosmet-
ics

Product features, user pro-
files

X. Lietal., 2019

Return propen-
sity, customer

Taobao, cosmet-
ics

Transaction level data, cus-
tomer profile, product pro-

clustering file
Shang et al., Return volume Offline electron- Transaction level data
2020 and timing ics, jewelry (timestamps, lagged re-

turns)

Cui et al., 2020

Return volume

Automotive ac-

Sales volume, product re-

(C-R and C- cessories turn rate, sales channel,

OEM) time, product attributes
Ketzenberg et Return abuser Department store ~ Transactional data, cus-
al., 2020 detection retailer (fashion, tomer attributes

jewelry, etc.)

Rezaei et al.,
2021

Return decision
(feature selec-

Simulated data,
and consumer

Price, customer attributes

tion) electronics
John etal, 2020  Return fraud E-commerce gen-  Agent attributes, order at-
detection eralist tributes, return details

Conference Papers

Urbanke et al., Return decision  Fashion e-tailer Product attributes, user
2015 (feature selec- profiles, basket attributes
tion)
Asdecker & Return decision  Fashion e-tailer Product attributes, cus-
Karl, 2018 tomer attributes, shipment
attributes

Drechsler & Misused return  Simulated data Lot-based sales volume,
Lasch, 2015 volume timing information, lagged

return rates

Sweidan et al.,
2020

Return decision
(order-based)

Fashion e-tailer

Order information, cus-
tomer attributes

Ahmed et al.,
2016

Return decision

Electronics re-
tailer

Automatically aggregated
and selected

Samorani et al.,
2016

Return decision

Electronics re-
tailer

Automatically generated,
e.g., price, brand percep-
tion




116

Paper Forecasting Data Source Predictors

Purpose
Heilig et al., Return decision  Fashion e-tailer Order information, product
2016 attributes, customer attrib-

utes

Ding et al., 2016

Overall daily re-
turn rate

E-commerce
Website

Sentiment  analysis  of
tweets regarding the com-

pany

Urbanke et al.,
2017

Return decision

Fashion and
sports e-tailer

Order information, product
features

Zhu et al,, 2018

Return decision

Fashion e-tailer

Customer attributes, prod-
uct attributes

Joshi et al., 2018

Return propen-

E-commerce /

Customer purchase / return

sity and deci- apparel history
sion
J. Lietal., 2018 Return decision =~ Omnichannel Product attributes, histori-
(order- and fashion cal purchase/return records
product-based)
Imran & Amin, Return decision  E-commerce Order attributes
2020 Bangladesh
Hofmann et al., Return decision  Technical whole-  Order / return numbers
2020 (order-based) saler
Fuchs & Lutz, Real-time bas- Slow-moving Basket composition
2021 ket return de- products
tection
Rajasekaran & Product-based E-commerce da- Product feedbacks, product

Priyadarshini,
2021

return probabil-
ity

taset

attributes, time

Table III.3. Overview of relevant publications and their forecasting models.

For identifying research streams, the publications are analyzed regarding
the intention and main scope, as described in the abstract, the respective
research questions, and the remainder of the papers. Most papers were
assigned to an unequivocal research scope, while some contributed to two
key topics (see Figure III.3).
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Figure II1.3. Classification of main scopes (n=25; not mutually exclusive).

At first, we identified a stream of literature regarding the comparison of
different forecasting models and algorithms (Asdecker & Karl, 2018; Cui et
al., 2020; Drechsler & Lasch, 2015; Heilig et al., 2016; Hess & Mayhew,
1997; Hofmann et al., 2020; Imran & Amin, 2020). These papers use ex-
isting approaches, adapt them for individual forecasting purposes, apply
models to one or more datasets, and compare and evaluate the resulting
forecasting performance. One paper claims that the difference in forecast-
ing accuracy of easily interpretable algorithms is relatively small com-
pared to more sophisticated ML algorithms (Asdecker & Karl, 2018). This
statement is partially confirmed (Cui et al., 2020), as the ML algorithms
show advantages over simpler models in the training data set but have
lower prediction quality due to overfitting issues in the test data. Never-
theless, fine-tuned ML approaches (e.g., deep learning with TabNet) out-
perform simpler models and gain accuracy when correcting class imbal-
ances during the data preparation phase (Imran & Amin, 2020). When
confronted with large class imbalances (e.g., low return rates), boosting
algorithms like Gradient Boosting work well without oversampling (Hof-
mann et al., 2020). Fundamentally, ensemble models incorporating dif-
ferent techniques show the maximum possible accuracy (Asdecker & Karl,
2018; Heilig et al., 2016). Forecasting of return timing is more erroneous
than return decisions, and split-hazard-models outperform simple OLS
approaches (Hess & Mayhew, 1997). Time series prediction only works
reliably when return rates do not fluctuate heavily (Drechsler & Lasch,
2015).
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The second stream we identified focuses on feature generation or selection
and dataset preparation (Ahmed et al., 2016; Ding et al., 2016; Hofmann et
al., 2020; Rezaei et al., 2021; Samorani et al., 2016; Urbanke et al., 2015;
Urbanke et al., 2017). Besides this central topic, some papers also com-
pare different forecasting algorithms (Ahmed et al., 2016; Hofmann et al.,
2020; Rezaei et al., 2021; Urbanke et al., 2015; Urbanke et al., 2017). For
example, random oversampling of data with large class imbalances can
improve the performance of different forecasting algorithms, while mod-
els based only on sales/return history perform worse than models with
more features (Hofmann et al., 2020). Two similar approaches are based
on product, basket, and clickstream data, using different algorithms for
feature extraction (Urbanke et al., 2015; Urbanke et al., 2017). The first
developed a Mahalanobis Feature Extraction algorithm, proving superior
to other algorithms like principal component analysis or non-negative ma-
trix factorization (Urbanke et al., 2015). The second develops a NeuralNet
algorithm to extract interpretable features from a high-dimensional da-
taset, showing superior performance and giving reasonable interpretabil-
ity of the most important factors (Urbanke et al., 2017). For the automated
integration of different data sources into single flat tables and the genera-
tion of discriminating features, a rolling-path algorithm is developed, im-
proving performance when data is imbalanced (Ahmed et al., 2016). Sim-
ilarly, the software “Dataconda” can automatically generate and integrate
relational attributes from different sources into a flat table, which is often
the required prerequisite for forecasting algorithms (Samorani et al.,
2016). A different selection approach clusters the features into groups and
applies selection algorithms to the groups, aiming to select a smaller set
of attributes (Rezaei et al., 2021). As quite an offshoot, one paper predicts
a seller’s overall daily return volume dependent on his current “reputa-
tion” measured by tweets (Ding et al., 2016), which needs sentiment anal-
ysis to be integrated into the forecast.

A quite heterogenous research stream belongs to the development of algo-
rithms, heuristics, and models that go beyond a straightforward adaption of
existing approaches (Fu et al., 2016; Joshi et al., 2018; J. Li et al., 2018;
Potdar & Rogers, 2012; Rajasekaran & Priyadarshini, 2021; Shang et al.,
2020; Sweidan et al., 2020; Zhu et al., 2018). Potdar and Rogers (2012)
developed a methodology for forecasting product returns based on reason



119

codes and consumer behavior data. Fu et al. (2016) developed a condi-
tional probability-based statistical model for predicting return propensi-
ties while revealing return reasons and outperforming some baseline
benchmark models. Li et al. (2018) describe their “HyperGo” approach as
a ‘framework’ and develop an algorithm for forecasting return intention
after basket composition. Zhu et al. (2018) describe a “LoGraph” random
walk algorithm for predicting returned customer/product combinations
within their framework. Although Joshi et al. (2018) label their approach
as a “framework”, they describe a specific two-stage algorithm for fore-
casting return decisions based on network science and ML. Rajasekaran
and Priyadarshini (2021) developed a hybrid metaheuristic-based regres-
sion approach to predict return propensities.

Seven papers deal with concepts, meta-models, or substantial frameworks for
returns forecasting (Fu et al., 2016; Fuchs & Lutz, 2021; Heilig et al., 2016;
Hofmann etal., 2020; J. Li et al., 2018; Shang et al., 2020; Zhu et al., 2018).
A generic framework for a scalable cloud-based platform, which enables
a vertical and horizontal adjustment of resources, could enable the practi-
cal real-time use of computationally intensive ML algorithms for forecast-
ing returns in an e-commerce platform (Heilig et al., 2016). Two papers
(Fuchs & Lutz, 2021; Hofmann et al., 2020) are based on design science
research (DSR, Hevner et al., 2004) for developing artifacts like meta mod-
els and frameworks. The first also refers to CRISP-DM, the “Cross Indus-
try Standard Process for Data Mining” (Wirth & Hipp, 2000), and develops
a shopping-basket-based general forecasting approach suitable across dif-
ferent industries without domain knowledge and attributes needed (Hof-
mann et al., 2020). In a similar approach, based on the basket composition
and user interactions, a generic model for real-time return prediction and
intervention is developed (Fuchs & Lutz, 2021) and prepared for integra-
tion into an ERP system. Fu et al. (2016) present a generalized return pro-
pensity latent model framework by decomposing returns into different
inconsistencies (unmet product expectations, shipping issues, and both
factors combined) and enriching the derived propensities with product
features and customer profiles. Li et al. (2018) developed a “HyperGo”
framework for forecasting the return intention in real-time after basket
composition, including a hypergraph representation of historical pur-
chase and return information. Similarly, Zhu et al. (2018) developed a
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“HyGraph” representation of historical customer behavior and cus-
tomer/product similarity, combined with a “LoGraph” random-walk-
based algorithm for predicting customer/product combinations that will
be returned. Shang et al. (2020) discuss two opposing forecasting con-
cepts, demonstrating that their predict-aggregate framework is superior
to common and more naive aggregate-predict approaches.

The last stream covers the detection and forecasting of return fraud and abuse
(Drechsler & Lasch, 2015; John et al., 2020; Ketzenberg et al., 2020; X. Li
et al., 2019). On the employees’ side, one paper tries to automatically pre-
dict fraudulent return behavior of agents (employees), e.g., regarding un-
justified refunds, by a penalized logit model, enabling a lift in detection
(John et al., 2020). On the customers’ side, misused returns as a cost-in-
curring problem are the forecasting purpose of different time series pre-
diction models (Drechsler & Lasch, 2015). Instead of focussing on fraud-
ulent transactions, a trust-aware random walk model identifies consumer
anomalies, enabling retailers to apply targeted measures to specific cus-
tomer groups (selfish, honest, fraud, and irrelevant customers) (X. Li et
al., 2019). Similarly, returning customers can be categorized into abusive,
legitimate, and nonreturners (Ketzenberg et al., 2020). Based on the char-
acterization of abusive return behavior, a neural network classifier recap-
tures almost 50 % of lost profits due to return abuse (Ketzenberg et al.,
2020).

One paper (Sweidan et al., 2020) could not be assigned to the other scopes.
It applies a single algorithm (RF) to a given dataset, and it contributes to
the idea that only forecasted return decisions with high confidence should
be used for targeted interventions due to their overproportional reliability.

111.4.2 Bibliographic Literature Analysis

Forecasting consumer returns has gained more research attention since
2016 (Figure II1.4). The majority of the sample are conference publica-
tions, a couple of years ahead of the rise in journal publications. Com-
pared to the publications on returns forecasting in the broader context of
reverse logistics, which emerged in 2006 (Agrawal et al., 2015), the re-
search on consumer returns moved into the spotlight about ten years
later. This development is linked to a massive increase in e-commerce
sales pre- and in-pandemic (Alfonso et al., 2021).
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Figure IIL.4. Publication trend, by publication outlet.

Out of 9 journal publications in the final sample, only two are published
in the same journal (Journal of Operations Management). Out of 16 con-
ference papers, 6 are published at conferences of the Association for In-
formation Systems. In total, 16 of the 25 papers found are published in
Information Systems (IS) and related outlets. Others can be assigned to
the Management Science / Operations Research discipline (3), Strategy &
Management in a broader sense (4), Marketing (1), and Research Methods
(1) (Figure IIL5).

~ Research Methods 4%
Marketing —

15%

Strategy &
Management e
-.- Information Systems
59%
Science &

Operations R

Research
11%

Figure IIL5. Distribution of publication disciplines.

Regarding the researchers’ geographical perspective, one paper was
jointly published by authors from the US and China, 10 of 25 papers were
authored from North America, followed by authors from Germany (7),
India (3), China (1), and one paper each from Bangladesh, Singapore, and
Sweden.
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The most cited paper (200 external citations?) from Hess and Mayhew
(1997) could be thought of as the root of this research field (Table III.4).
However, only 10 out of 24 papers reference this work. Although Urbanke
et al. (2015) received only 15 citations in total, within the sample, it is the
second most cited paper (8 citations) and could eventually be classified as
aresearch strand and origin of returns forecasting in the IS domain. Con-
cerning the remaining papers, no unique strands of literature are recog-
nizable based on citation analysis.

Author(s) and Year External Citations Internal Citations
Hess & Mayhew, 1997 200 10
Cui et al., 2020 39 3
Potdar & Rogers, 2012 33 3
Fu et al., 2016 22 0
J. Lietal., 2018 16 3
Shang et al., 2020 16 0
Urbanke et al., 2015 15 8
Imran & Amin, 2020 15 0
Ahmed et al., 2016 12 0
Ketzenberg et al., 2020 11 1

Table IIIL.4. Top 10 papers within the sample (minimum of 10 external citations).

111.4.3 Methodology and Data Characterization

Regarding methodology, most of the papers start with a short narrative
literature review regarding their respective focus. Not a single paper was
based on interviews, surveys, questionnaires, or field experiments. 3 out
of 25 papers formulated and tested conventional hypotheses. All of the
publications use quantitative data for analysis and forecasting in a “case
study” style, including numerical experiments based on real or simulated
data.

2 External citations according to Google Scholar, which is preferable for citation tracking
over controlled databases (Halevi et al. 2017).
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Paper
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Type

Data
Type

Industry

Brick & Mortar Store

E-Commerce

(Consumer) Electronics
General Retailer /

Wholesaler

Jewelry, personal items,

hardware store articles
home accessories
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Building material,
Car accessories
Not named

Hess & Mayhew, 1997

> | Direct Marketer

> | Real Data
> | Fashion
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o

> | Simulated Data

I

Urbanke et al., 2015
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Ahmed et al., 2016

Heilig et al., 2016
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Samorani et al., 2016
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Cui et al., 2020
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Ketzenberg et al., 2020
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Rezaei et al., 2021
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Table III.5. Dataset characteristics.

Table IIL5 lists further details about the data used in the publications. 4
out of 25 papers rely on simulated data, and 23 out of 25 integrate actual
data gained from a retailer. Two papers use both data types. 5 papers use
more than one dataset (Ahmed et al., 2016; Cui et al., 2020; Rezaei et al.,
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2021; Samorani et al., 2016; Shang et al., 2020). The most frequently stud-
ied industry is fashion/apparel (10 papers), followed by five consumer
electronics datasets. Two publications are based on data from a Taobao
cosmetics retailer, and two datasets originate from general and wide as-
sortment retailers. Two datasets incorporate building material and hard-
ware store articles, and the detailed products are not named for three pub-
lications. Based on the previous studies, it is evident that consumer re-
turns forecasting is most relevant for e-commerce, as 19 of the 25 publi-
cations refer to e-tailers. Nevertheless, 7 publications refer to brick-and-
mortar retailing. Direct selling/marketing is represented in 2 data sets.

111.4.4 Predictors for Consumer Returns

There is an individual stream of research into factors that influence or
help avoid consumer returns (e.g., Asdecker et al., 2017; De et al., 2013;
Walsh & Mohring, 2017), which is not part of this review. Nevertheless,
the forecasting literature gives insights into return drivers, as the input
variables (features, predictors, exogenous variables) for forecasting mod-
els represent some of these factors. Table III.6 presents the most used
predictors and tries to map these to the return driver categorization from
Section 2.2 (Stocker et al., 2021).

Although only a part of the publications interprets the predictors, some
insights can be extracted. For total return volume, sales volume is the most
critical predictor (Cui et al., 2020; Shang et al., 2020). Historical return
volume trends can include behavioral aspects (e.g., impulse purchases) in
a given timeframe (Cui et al., 2020; Shang et al., 2020). The product type
significantly impacts the volume of returns (Cui et al., 2020), confirmed
by widely varying return rates between different industries/sectors. Add-
ing transaction-, customer-, or product-level predictors led to a surpris-
ingly small forecasting accuracy gain (4 % reduction of RMSE, Shang et
al., 2020). The latter input variables may be more critical in forecasting
return decisions and propensities.
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Hess & Mayhew, 1997 | X | X

Potdar & Rogers, 2012 | X | X |X

Urbanke et al., 2015 X X | X X | X X| X |X X X

Ahmed et al., 2016 X X X

Heilig et al., 2016 X X X X

Ding et al,, 2016 X

Fuetal, 2016 X| X [X[|X]|X X|X|X

Samorani et al., 2016 X X X | X X X

Drechsler & Lasch,

2015 X X X

Urbanke et al., 2017 X X X [ X X | X X| X |X X

J. Lietal, 2018 X X X | X X X

Zhu et al., 2018 X X|X X

Asdecker & Karl, 2018 | X X X X

Joshi et al., 2018 X X | X

X. Lietal., 2019 X X |X|X X|X|X X

Cui et al., 2020 X[X[X|[X]|X[X X

Shang et al., 2020 X X

Imran & Amin, 2020 X X| X |[X

Ketzenberg et al., 2020 | X X X X|X|X X

Hofmann et al., 2020 X |X|X

John et al., 2020 X X | X

Rezaei et al., 2021 X X|X[X X

Rajasekaran & Priya-

darshini, 2021 XX X X

Sweidan et al., 2020 X X X[X|X X

Fuchs & Lutz, 2021 X X

Return Reason

Catogory* 1|ys/E| 1|1 |B|yB|-|-|B|B|B|F|- |B/F|/B| 1 |F]1I

* Legend: I = Information gap-related reasons,
B = (Consumer) Behavior-related reasons, F = Fulfillment-related reasons

Table IIL.6. Predictors used in return forecasting models.

Regarding product attributes, product or order price is one of the most
common predictors, while some papers also include price discounts. In



126

most models, price is hypothesized to increase returns (e.g., Asdecker &
Karl, 2018; Hess & Mayhew, 1997). Promotional (discounted) orders also
seem to result in more returns (Imran & Amin, 2020), which could be
explained by the stimulation of impulse purchases.? Brand perception in-
fluences return decisions (positive brands, lower returns) (Samorani et al.,
2016). The order and return history of products are also relevant for pre-
dicting future orders and returns (Hofmann et al., 2020). Fit importance
as a product attribute does not significantly change return propensities
(Hess & Mayhew, 1997).

Concerning customer attributes, gender seems essential, as female custom-
ers return significantly more items than men (Asdecker & Karl, 2018; Fu
etal., 2016). Younger customers show a slightly lower propensity to return
(Asdecker & Karl, 2018), but age played a more prominent role in predict-
ing return fraud among employees than in customers (John et al., 2020
observed more fraud among younger employees). Customers with low
credit scores returned more (Fu et al., 2016). The return history of a cus-
tomer is possibly the most important predictor of future return behavior
(Samorani et al., 2016). Some papers argue that consumer attributes, in-
cluding purchase and return history (e.g., number and value of orders),
are more relevant predictors than product or transaction profiles, reflect-
ing more or less stable consumer preferences (X. Li et al., 2019).

Basket interactions are significant (Urbanke et al., 2017) in returns predic-
tion. E.g., the larger the basket, the higher the return propensity will be
(Asdecker & Karl, 2018). Selection orders (same product in different sizes
or colors) increase the return propensity (J. Li et al., 2018). Logistics attrib-
utes like delivery times only show minor effects (Asdecker & Karl, 2018).
Regarding the payment method, prepaid products are sent back less fre-
quently than those with post-delivery payment options (Imran & Amin,
2020), confirming other research results (Asdecker et al., 2017).

One literature stream focuses on the automated generation of features, as
different and large-scale data sources need to be integrated and prepared
for forecasting algorithms. Thus, possible interrelationships are complex
to find manually, and ML approaches might outperform human analysts
(Rezaei et al., 2021). While some approaches generate a large number of

3 Other literature also describes a counteracting effect of a reduced price due to lowered
quality expectations or a higher perceived value of the “deal” itself (e.g., Sahoo et al. 2018).
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features that are hard to make sense of (Ahmed et al., 2016), the approach
of Urbanke et al. (2017) aims to maintain the interpretability of automat-
ically generated input variables. Some unexpected but meaningful inter-
relations might be found by automatic feature generation, e.g., the price
of the last returned orders (Samorani et al., 2016). Nevertheless, automatic
feature generation might be computation-intensive; thus, a parallel inte-
gration of feature selection could be advantageous for large data sets (Re-
zaei et al., 2021).

A remarkable research path based on artificial intelligence is integrating
qualitative information like product reviews as predictors, going beyond
numerical feedback (Rajasekaran & Priyadarshini, 2021) or tweets. These
data can be processed and made accessible for forecasting with ML-based
sentiment analysis techniques (Ding et al., 2016).

111.4.5 Forecasting Techniques and Algorithms

To describe the techniques and algorithms employed, we sorted the pa-
pers by forecasting purpose as described in Section 2, then assigned them
to different algorithms, either from time series forecasting, statistical
techniques, or ML algorithms. Table II1.7 lists all papers for which an as-
signment was possible, and the respective techniques used. If a compari-
son was possible, the best-performing algorithm is marked in this table.
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Ahmed et al., 2016 X|[X|X X|[X|[X
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Samorani et al., X
2016
Urbanke et al., 2017 X X[ X[X[|X|X
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Time Se-

Statistical Machine Learning
ries

Vector Autoregression
LASSO / Elastic Net

NN
RF
k-NearestNeighbor

CatBoost
> | Others (e.g., RandomWalk)

MA

SES

HWS

ARIMA

OLS

Logit

LDA

Hazard Model
Probit

SVM
AdaBoost
CART

ERT

XGBoost
GradientBoost
JRIP

C4.5 / C5.0
BayesNetwork
Ensemble

Paper

Zhu et al., 2018
Asdecker & Karl,
2018

Joshi et al., 2018 X
Imran & Amin, 2020 X X|X
Hofmann et al,

2020 X X X
Rezaei et al., 2021 X X|[X X
Sweidan et al., 2020 X
Fuchs & Lutz, 2021 X
Return propensity
X. Lietal., 2019 X
Rajasekaran & Pri-

yadarshini, 2021 X X X
Fuetal, 2016 X
Return fraud / abuse
Ketzenberg et al,
2020

John et al., 2020 X
Return volume (and timing)
Potdar & Rogers,
2012

Drechsler & Lasch,
2015

Cui et al., 2020 X X X X
Shang et al., 2020 X X
Ding et al.,, 2016 X
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>
>
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Table IIL.7. Employed algorithms for return forecasting (for comparisons: best-
performing algorithm with shaded background, if named).

The approaches listed in Table II1.7 are overlap-free, but some papers use
more than one version of an approach, i.e., more than one algorithm from
a category. E.g., TabNet is a DeepLlearning version of neural networks
(NN), and different variants of GradientBoosting are compared in one pa-
per (CatBoost/LightGBM, not differentiated in the table below) (Imran &
Amin, 2020).
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The algorithm used most frequently (Figure III.6) is the Random Forest
algorithm (RF, 10 papers), followed by Support Vector Machines (SVM, 8
papers), Neural Networks (NN, 6 papers), logistic regression (Logit, 6 pa-
pers), GradientBoosting (5 papers), Ordinary Least Squares regression
(OLS, 4 papers), Adaptive Boosting (AdaBoost), Linear Discriminant Anal-
ysis (LDA), and CART (Classification and Regression Trees, 3 papers
each).
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Figure II1.6. Most frequently used algorithms (used in at least three papers).

The papers focusing on return volume use time series forecasts like (Au-
toRegressive) Moving Averages (MA), Single Exponential Smoothing
(SES), and Holt-Winters Smoothing (HWS) more frequently than ML al-
gorithms. Nevertheless, when considering a predict-aggregate approach
as proposed by Shang et al. (2020), these ML techniques could be helpful
in forecasting return decisions first and cumulating the propensity results
for the volume prediction in the second step.

In forecasting binary return decisions, Random Forests (RF) (Ahmed et
al., 2016; Heilig et al., 2016; Ketzenberg et al., 2020), Neural Networks
(NN) (Imran & Amin, 2020; Ketzenberg et al., 2020), as well as Adaptive
Boosting (AdaBoost) (Urbanke et al., 2015; Urbanke et al., 2017) showed
high prediction performance. The performance of different algorithms
varies depending on the data set, the implementation, and the parameter-
ization used. For this reason, it is hardly possible to make a generally valid
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statement regarding performance levels. Combining several algorithms
in ensembles (Asdecker & Karl, 2018; Heilig et al., 2016) seems advanta-
geous, at least for retrospective analytical purposes, when the required
computing resources are less relevant.

When evaluating different forecasting algorithms for return decisions,
imbalanced classes (especially evident for low return shares in non-fash-
ion datasets) seem to be handled differently depending on the algorithms.
Class imbalances might distort comparison results in some publications.
Random oversampling as a measure of data preparation can solve this
problem (Hofmann et al., 2020).

High-performance algorithms are needed for real-time predictions, e.g.,
graph and random-walk-based (J. Li et al., 2018; Zhu et al., 2018). Accord-
ing to J. Li et al. (2018), the proposed algorithm “HyperGo” performs best
for most performance metrics.

111.4.7 E-Commerce and Machine Learning Taxonomy Extension

In their literature review regarding the use of ML techniques in e-com-
merce, Micol Policarpo et al. (2021, p. 13) propose a taxonomy to visualize
specific ML algorithms in the context of e-commerce platforms. This
novel kind of taxonomy is based on direct acyclic graphs, i.e., all input
variables need to be fulfilled to reach the target. The first level of the tax-
onomy represents different target goals for the use of ML in e-commerce.
While returns forecasting (“product return prediction”) is identified as an
essential goal among others (purchase prediction, repurchase prediction,
customer relationship management, discovering relationships between
data, fraud detection, and recommendation systems), it was excluded
from the taxonomy they developed, possibly because the review com-
prised only two relevant papers on this topic (Micol Policarpo et al., 2021).
The review at hand proposes an extension of Micol Policarpo’s taxonomy,
renaming the goal to “consumer returns forecasting”. This extension re-
flects and synthesizes the consumer returns forecasting studies reviewed.
The middle level of the taxonomy represents properties and features that
support this superordinate goal. On this level, our extension does not in-
clude return fraud detection, which we propose to be integrated into the
existing category of “fraud detection”, separated into transaction analysis
and consumer analysis (Micol Policarpo et al., 2021). Circles represent the
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necessary data to execute the analysis, referring to categories introduced
in (Micol Policarpo et al., 2021), with an additional “return history” cate-
gory. The bottom level presents the algorithms described frequently, while
some streamlining is required regarding the tools and approaches that
seem the most common or most appropriate.

[ E-Commerce + Artificial Intelligence ]

v
[ Consumer Returns Forecasting ]
[ Realtime (basket) analysis ] Customer analysis l l Product analysis l

Data Preparation

[Graph Frameworks] [Ensemble Models][ Random Forest ][ AdaBoost ] [Neural Network] [ LASSO ]

[ Return history

[ Browsing Activities ]

[ Clickstream

]
[ Purchase history ] -
@ e [ Customer peronal informa- ] O <|: [ Clickstream ]
]
]

[ Browsing Activities

Figure IIL.7. Proposed consumer returns forecasting extension to the E-
commerce and Machine Learning techniques taxonomy of Micol
Policarpo et al. (2021, p. 13).

The schematic above (Figure I11.7) is to be read as follows: In the context
of E-Commerce + Artificial Intelligence (Layer 1), Consumer Return Forecast-
ing (Layer 2) is an essential goal among six other goals. Layer 3 presents
different purposes of analysis, which are the base for return forecasting.
Realtime Basket Analysis is based on clickstream data and basket composi-
tion (browsing activities) to target interventions. Basket analysis benefits
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from customer and product information (dotted line). Graph-based ap-
proaches (J. Li et al., 2018; Zhu et al., 2018) are promising for real-time
analysis due to their lower computing requirements, although cloud-
based implementation of more complex algorithms or ensemble models
might be feasible (Fuchs & Lutz, 2021; Heilig et al., 2016; Hofmann et al.,
2020). Customer Analysis and Product Analysis (e.g., Potdar & Rogers, 2012)
require adequate Data Preparation in the sense of input variable genera-
tion, extraction, and selection (Urbanke et al., 2015; Urbanke et al., 2017).
For these purposes, data regarding return history (e.g., Hofmann et al.,
2020; Ketzenberg et al., 2020), purchase history (e.g., Cui et al., 2020; Fu
et al., 2016), customer personal information (e.g., Heilig et al., 2016; Ket-
zenberg et al., 2020), clickstream data, and browsing activities are re-
quired as input (shown by cross-hatched circles). For each purpose, one
or more possible algorithms are shown.

Compared to predicting purchase intention, return predictions seem to
require more levels of data. Nevertheless, even simple rule-based inter-
ventions can promise benefits, e.g., selection orders that inevitably lead to
a return shipment can be easily recognized (Hofmann et al., 2020; Swei-
dan et al., 2020). Different ML techniques are helpful for data preparation
and input variable (feature) extraction and generation when considering
more complex interrelations. NeuralNet is one example of an automatic
selection of relevant features (Urbanke et al., 2017). These approaches are
not only able to enhance forecasting accuracy (Rezaei et al., 2021) but can
also render the many possible variables interpretable about their content.

111.5 Discussion

The analysis of the papers above revealed that research in this discipline
seems heterogeneous and partly fragmented, and clear-cut research
strands are still hard to identify. Thus, the existing literature calls for fur-
ther publications to render this research field more comprehensive. Be-
low, research opportunities are derived and embedded in a conceptual re-
search framework derived from the results of the existing literature, also
integrating the extension of the E-Commerce and Machine Learning tax-
onomy (Figure II1.7). A conceptual framework improves the understand-
ing of a complex topic by naming and explaining key concepts and their
relationships important to a specific field (Jabareen, 2009; Miles et al.,
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2020). Thus, this framework aims to organize problems and solutions dis-
cussed in the consumer returns forecasting literature and to embed and
classify potential future research topics in the existing knowledge base
(Ravitch & Riggan, 2017). The subsections following the framework out-
line some potential research avenues (P1 — P6) that have been touched on
in the past but still leave considerable opportunities for further insights.
These proposals should not be seen as comprehensive due to numerous
other research opportunities in this field but rather as prioritization based
on the current literature.
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Figure II1.8 Conceptual consumer returns forecasting framework.

The framework derived (Figure I11.8) underlines the interdisciplinary na-
ture of this research field, integrating different perspectives (information
systems research, marketing and operations perspective, and strategy and
management perspective). From a managerial point of view, the literature
included in this review is biased towards the information systems pet-
spective. Thus, in contrast to the framework developed by Cirqueira et al.
(2020) for purchase prediction, we do not take a process perspective but
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instead emphasize the interdependencies and interactions between re-
search topics and highlight the managerial need to take a strategical per-
spective similar to the framework developed by Winklhofer et al. (1996).
Consequently, a meta-layer on forecasting frameworks and practices in-
cludes the mainly technical development frameworks in this review but
also accentuates the need for further research regarding actual organiza-
tional forecasting practices (e.g., P2, P5, P6). Around this meta-layer,
some related research strands are linked in order to embed the topic of
returns forecasting in the research landscape. E.g., in general, forecasting
purchases and returns could be linked (P6), also effecting inventory deci-
sions.

The center of the framework consists of three dimensions, namely pur-
poses and tasks, predictors, and techniques. Depending on the strategical
purpose, tasks are derived that determine (1) the data (predictors) needed
and (2) the usable techniques to execute the forecasting. Different fore-
casting techniques require an individual set of predictors, whereas the
availability of specific data allows and determines the use of more or less
sophisticated algorithms.

In the literature, some forecasting purposes were more pronounced (re-
turn decisions or propensities), while others have gained less attention
(return timing, P1). Regarding the data necessary for accurate forecasting,
the return predictors discussed often were hardly comparable, as they
originated from different data sources, different industries, were related
to different dimensions, or were aggregated in another way. Systemati-
cally linking forecasting predictors and research on return drivers and rea-
sons could contribute significant insights (P4) that, from a marketing per-
spective, may support the development of effective preventive instru-
ments. Furthermore, the literature mainly refers to the fashion or con-
sumer electronics industry, leaving room to validate the findings in the
context of other industries (P3).

When (automatically) selecting or creating predictors, the boundaries be-
tween predictors and prediction techniques are blurred as machine learn-
ing algorithms prepare the input data before executing a forecasting
model. Regarding forecasting techniques, time series forecasting was sel-
dom used in recent publications. Machine learning algorithms were the
most popular subject of investigation, with random forests, support vector
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machines, and neural networks as the most popular implementations.
Classical statistical models like logit models for return decisions or OLS
regression gained less research attention. Literature on end-of-life return
forecasting could complement the research on techniques and their accu-
racy. Most publications used technical indicators for assessing the accu-
racy of forecasting models, which is the information systems perspective.
From a managerial position, evaluating (monetary) performance out-
comes (e.g., Ketzenberg et al., 2020) of forecasting systems should be
more relevant.

111.5.1 Research Proposal P1: Return Timing for Consumer Returns

Toktay et al. (2004) encouraged the integrated forecasting of the return
rate and the return time lag. In line with this, Shang et al. (2020) criticize
the missing focus on the timing of return forecasts. The reviewed litera-
ture confirms that forecasting return propensities and decisions are more
prominent than timing and volume forecasts. While the knowledge of
when a return is expected is vital in managing end-of-life returns that oc-
cur over the years, for retail consumer returns, return periods are mostly
14-30 days. Thus, the variability of return timing seems limited compared
to end-of-life returns in this context, which makes this forecasting pur-
pose less critical. Nevertheless, some retailers offer up to 100 days of free
returns (e.g., Zalando). Consequently, more studies about the importance
of return timing forecasts in the e-commerce context from a business and
planning perspective and their interdependence with return processing or
warehousing issues could shed light on this topic and complement the
current literature (Shang et al., 2020; Toktay et al., 2004).

111.5.2 Research Proposal P2: Realtime Forecasting Systems

Another research gap became apparent regarding the real-time use of
forecasting systems and the associated activities and interventions, build-
ing on the initial research and the frameworks already published (e.g.,
Heilig et al., 2016; Urbanke et al., 2015). The generic framework devel-
oped by Fuchs and Lutz (2021) could serve as a launching pad for this
stream of research.
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o The paper from Ketzenberg et al. (2020) could act as a stimulus and

inspiration for a similar approach, not only focusing on return
abuse as already examined but on return forecasting in general, the
possible associated interventions for various consumer groups, and
the resulting consequences for the retailer’s profit. Even the meth-
odology of customer classification could be helpful for many retail-
ers in targeting interventions.

Before real-time return forecasting is implemented, associated pre-
ventive return management instruments need to be designed and
evaluated. Many of these measures are discussed (e.g., Urbanke et
al., 2015; Walsh et al., 2014), but an overview of which preventive
measures (for some examples, see Walsh & Mohring, 2017) are ef-
fective in general (1) and how forecasting accuracy interdepends
with their usefulness (2) is still missing, to substantially link the
topics of forecasting and interventions. No answers could be found
to the call by Urbanke et al. (2015) for field experiments to investi-
gate such a link.

Thanks to cloud and parallelization technologies and the associated
scalability of computing power (Bekkerman et al., 2011), algorithm
runtimes are becoming less relevant. However, especially for real-
time use, it should be evaluated which algorithms and underlying
datasets exhibit an appropriate relationship between the targeted
forecasting accuracy, the expected benefit, and the required compu-
ting power.

Recommendations concerning the algorithms and techniques can
be derived (Urbanke et al., 2015, p. 15), and a generic implementa-
tion framework was developed (Fuchs & Lutz, 2021). However,
from a business perspective, no contributions could be found re-
garding the actual implementation of real-time forecasting systems,
the interventions involved, and their impact on consumer behavior
or profit (also see proposal P5). In addition, the implementations of
such systems need to be analyzed concerning the cost-effectiveness
of the required investments.
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111.5.3 Research Proposal P3: Cross-Industry and Multiple Dataset
Studies

Many publications rely on a single data set from a specific industry or
retailer. Only a few compare several retailers (e.g., Cui et al., 2020). Stud-
ies including and comparing different countries are missing, which is es-
pecially interesting since legal regulations for returns vary. For example,
in contrast to the U.S., citizens within the EU are granted a 14-day right
of withdrawal for distance selling purchases.* Although in most devel-
oped countries, liberal and broadly comparable returns policies are stand-
ard in practice due to competitive pressure, the generalizability of the re-
sults is frequently limited. One remedy for this problem is to use multiple
data sets from different retailers (e.g., electronics vs. jewelry, Shang et al.,
2020). Admittedly, it is challenging to simultaneously collaborate with sev-
eral retailers and to combine different data sets, due to reasons of preserv-
ing corporate privacy and synchronizing various data sources. Neverthe-
less, research needs to draw conclusions from single data points, as well
as logically replicate or falsify those results by integrating more data points
to find patterns of similarities and differences, either within or cross-study
(Hamermesh, 2007). Therefore, we suggest that future studies acquire in-
dustry-related datasets from several retailers at once or replicate existing
studies, which aligns with the aim and scope of Management Review
Quarterly (Block & Kuckertz, 2018). Cross-industry or cross-country man-
uscripts, which go beyond the mere assertion of an industry-agnostic ap-
proach (Hofmann et al., 2020) and jointly investigate data from several
sectors, would promise an additional gain in knowledge and could be less
challenging from a privacy perspective.

111.5.4 Research Proposal P4: Extended Study of Relevant Predic-
tors in Forecasting Applications

Although not the main focus of this review, predictors of consumer re-
turns are especially interesting for marketing and e-commerce research,

* 1t should be noted that the relevance of the forecasting topic depends on the maturity of
the e-commerce sector. In most developing countries, B2C e-commerce is comparatively
young and returns are not yet a common phenomenon, which is why research on return
forecasts is relatively insignificant for these countries.
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for example, regarding preventive measures for avoiding returns. In the
past, many consumer return papers highlighted single aspects or a lim-
ited selection of return drivers or preventive measures employed but
rarely attempted to model return behavior as comprehensively as possible.
However, the latter is the very objective of returns forecasting, which is
why the findings on influencing factors in articles with a forecasting focus
tend to be more holistic, although not sufficiently complete (Hachimi et
al., 2018). Some return reasons named in the literature (e.g., Stocker et
al., 2021) have not yet been included in forecasting approaches, and vice
versa, only a part of the influencing factors investigated could be mapped
to a return reason categorization. The reason categories assigned (Section
4.4, Table I11.6) still contain some uncertainty. For example, a customer’s
product return history may reflect the general returning behavior of a cus-
tomer to some extent, while it can not be ruled out that repeated logistical
problems caused the returns. Product attributes may reflect information
gaps that consumers can only assess after physically inspecting the prod-
uct, whereas product price — a frequently cited and influential product at-
tribute — is only related to information gaps when considering the price-
performance ratio (Stocker et al., 2021). Technical information about the
web browser or device used by the customer is difficult to categorize, as it
may reflect behavioral (impulse-driven mobile shopping) as well as infor-
mational (small display with few visible information) aspects. The pay-
ment method chosen by a customer, for example, could not be linked to
one of the reason categories.

This reasoning should serve as a basis for linking forecasting predictors
and return reasons more closely in the future. For example, the respective
relative weighting of return drivers is more likely to be obtained consider-
ing as many factors involved as possible, minimizing the unexplained var-
iation. From the reviewed literature, we extracted 18 different return pre-
dictor categories. For instance, seven papers (Cui et al., 2020; Fu et al,,
2016; Ketzenberg et al., 2020; J. Li et al., 2018; X. Li et al., 2019; Urbanke
et al., 2015; Urbanke et al., 2017) integrated more than five predictor cat-
egories. But even though some papers integrate more than 5,000 features
for automated feature selection (Ketzenberg et al., 2020), there are still
combinations of input variable categories that have not been investigated
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and, more importantly, interpreted yet. Therefore, we call for more com-
prehensive research on return predictors and their interpretation, includ-
ing associated preventive return measures, in the context of return fore-
casting.

111.5.5 Research Proposal P5: Descriptive Case Studies and Busi-
ness Implementations

This review identified a lack of publications regarding the actual benefit
and the diffusion of consumer returns forecasting systems in different
scopes and industries, building on the papers presenting return forecast-
ing frameworks. In 2013, less than half of German retailers analyzed the
likelihood of returns (Pur et al., 2013). Most of those who did were using
naive approaches that might be outperformed by the models presented in
this review. Still, we do not know the status quo regarding the degree of
adoption and implementation of forecasting systems for consumer re-
turns in e-commerce firms (e.g., see Mentzer & Kahn, 1995 for sales fore-
casting systems), country-specific and internationally.

Furthermore, the impact of return forecasting practices on company per-
formance should be examined not only based on modeling, but on retro-
spective data (e.g., see Zotteri & Kalchschmidt, 2007 for a similar study on
demand forecasting practices in manufacturing). A possible hypothesis to
examine might be that accuracy measures like RMSE or precision/recall
and subsequently even the choice of the most accurate machine learning
algorithm (e.g., see Asdecker & Karl, 2018) are less relevant from a busi-
ness perspective: (1) No algorithm clearly outperforms all other algo-
rithms, and (2) the correlation between technical indicators and business
value is unstable (Leitch & Tanner, 1991). Methodologically, implementa-
tions of consumer returns forecasting in e-commerce should thus be sur-
veyed and analyzed with multivariate statistical methods to examine criti-
cal factors and circumstances of return forecasting systems — similar to
publications on reverse logistics performance (Agrawal & Singh, 2020).
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111.5.6 Research Proposal P6: Holistic Forward and Backward Fore-
casting Framework for E-Tailers

Some publications present frameworks for forecasting returns (Fuchs &
Lutz, 2021). Nevertheless, in the past, forecasting in retail and especially
e-commerce commonly focused more on demand (Micol Policarpo et al.,
2021) than returns. Current approaches for demand forecasting try to pre-
dict individual purchase intentions based on click-stream data, online ses-
sion attributes, and customer history (e.g., Esmeli et al., 2021). Our sys-
tematic approach could not identify any paper that connects and inte-
grates both directions in e-commerce forecasting, neither conceptual
(frameworks) nor with a quantitative or case-study-like approach. Never-
theless, first implementations of return predictions in inventory manage-
ment are presented (e.g., Goedhart et al., 2023). Subsequently, similar to
Goltsos et al. (2019), we call for research addressing both demand and
return uncertainties by providing a holistic forecasting framework in the
context of e-commerce.

111.6 Conclusion

To date, no systematic literature review has undertaken an in-depth explo-
ration of the topic of forecasting consumer returns in the e-commerce
context. Previous reviews have primarily focused on product returns fore-
casting within the broader context of reverse logistics or closed-loop sup-
ply chain management (Agrawal et al., 2015; Ambilkar et al., 2021; Ha-
chimi et al., 2018). Regrettably, the interdisciplinary nature of this subject
has often been overlooked, also neglecting the inclusion of results from
information systems research.

The review first aims to provide an overview of the existing literature
(Kraus et al., 2022) on forecasting consumer returns. The findings con-
firm that this once novel topic has significantly evolved in recent years.
Consequently, this review is timely in examining current gaps and estab-
lishing a robust foundation for future research, which forms a second goal
of systematic reviews (Kraus et al., 2022). The current body of work en-
compasses various aspects from different domains, including marketing,
operations management/research, and information systems research,
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highlighting the interdisciplinary nature of e-commerce analytics and re-
search. As a result, future studies can find suitable publication outlets in
domain-specific as well as methodologically oriented journals and confer-
ences.

Scientifically, the algorithms and predictors investigated in previous re-
search serve as a foundational reference for subsequent publications and
informed decisions regarding research design, ensuring that specific pre-
dictors and techniques are not overlooked. Researchers can utilize this re-
view and the research framework developed as a structuring guide, e.g.,
regarding relevant publications on already examined algorithms or pre-
dictors.

Managerially, the extended taxonomy for machine learning in e-com-
merce (Micol Policarpo et al., 2021) can serve as a guideline for imple-
menting forecasting systems for consumer returns. This review classifies
possible prediction purposes, allowing businesses to apply them based on
their respective challenges. Exploring the most frequently used predictors
reveals the data that must be collected for the respective purposes. This
review also offers valuable insights into data (pre-)processing and high-
lights popular algorithms. Furthermore, frameworks are outlined that
support the design and implementation phase of such forecasting sys-
tems, supporting analytical purposes or enabling direct interventions dur-
ing the online shopping process flow. As an exemplary and promising
application, return policies could be personalized (Abbey et al., 2018) by
identifying opportunistic or fraudulent basket compositions or high-re-
turning customers, thereby reducing unwanted returns (Lantz & Hjort,
2013).

Finally, a limitation of this review is the exclusion of forecasting algo-
rithms for end-of-use returns, which could potentially be applicable to
forecasting shorter-term retail consumer returns. However, the closed-
loop supply chain and reverse logistics literature has been systematically
excluded. Hence, future reviews could synthesize previous reviews on re-
verse logistics forecasting with the more detailed findings presented in
this paper.
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Appendix I11.1 Journal publications

Hess and Mayhew (1997) describe a forecasting approach, taking the ex-
ample of a direct marketer for apparel with a lenient consumer return
policy (free returns anytime). The analysis can plausibly be applied to a
general retailer, although return time windows are somewhat different. A
regression approach and a hazard model are compared. The regression
approach itself is split into an OLS estimation of return timing (with poor
fit) and a logit model of return propensities, which is in turn used for the
split function of the box-cox-hazard approach for estimating the probabil-
ity of a return over time. The accuracy was measured by fit statistics re-
garding the absolute deviation from the actual cumulative return propor-
tion, with the split-hazard model outperforming the regression model. Be-
sides price, the importance of fit of the respective product is used as a
predictor.

Potdar and Rogers (2012) propose a method using reason codes combined
with consumer behavior data for forecasting returns volume in the con-
sumer electronics industry, aiming at the retailer stage as well as the pre-
ceding supply chain stages. The subject of their study is an offline retailer,
which allows generalization for e-tailers due to a similar return policy (14
days free returns with no questions asked). In a multi-step approach, the
authors are using essential statistical methods (moving averages, correla-
tions, and linear regression), but use sophisticated domain and product
knowledge like product features or price in relation to past return num-
bers, aiming to rank different competing products regarding their quality,
and to predict the volume of returns for a given product for each given
period of time.

Fu et al. (2016) derive a framework for the forecasting of product- and
consumer-specific return propensities, i.e., the return propensity for indi-
vidual purchases. Their study is directed at online shopping and is evalu-
ated using the data from an online cosmetic retailer selling via
Taobao.com. The predictors are categorized into inconsistencies in the
buying and in the shipping phase of a transaction. A latent factor model
is introduced for return propensities capturing differences between ex-
pectations and performance. This model is extended by product (e.g., war-
ranty) and customer information (e.g., gender, credit score). The model is
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based on conditional probabilities, and an iterative expectation-maximiza-
tion approach derives its parameters. MAE and RMSE, precision/recall,
and AUC metrics assess the forecast accuracy. As benchmark models, two
matrix factorization models and two memory-based models (historical
consumer or product return rates) are compared, while the proposed
model outperforms the references. Furthermore, this model allows iden-
tifying various return reasons, e.g., return abuse and fraud.

Building on the work of Fu et al. (Fuetal., 2016), Li et al. (2019) investigate
underlying reasons for consumer returns, taking the example and data of
an online cosmetic retailer via Taobao.com. They examine the customers’
return propensity for product types, aiming at detecting abnormal returns
suspecting abuse. Different from purchase decisions, they find customer
profile data to be more important predictors for return decisions than
product information or transaction details. The authors detect “selfish” or
“fraud” consumers based on this rationale. For estimating return propen-
sities for a given consumer and product, they calculate the return behavior
depending on the return decision of similar consumers (“trust network”)
and the amount of trust in these other consumers. MAE and precision-
recall-measures are used to assess the prediction of different random walk
models. The employed trust-based random walk model outperforms the
other models on most indicators, building the basis for anomaly detection
of consumers to cluster them into groups (honest/selfish/fraud) and in-
dividually address the return issues of these groups.

Although the paper from Cui et al. (2020) aims at product return forecasts
from the perspective of the manufacturer, their case can be generalized
for classic e-tailers, as the manufacturer is responsible for the return han-
dling in their scenario — a task often performed by the retailer. They used
a comprehensive data set from an automotive accessories manufacturer
aiming to forecast return volume for sales channels and different prod-
ucts. The observed return rates lower than 1 % are uncommonly low, and
therefore the results must be interpreted with caution. First, a hierarchical
OLS regression step-by-step incorporates up to 40 predictors regarding
sales, time, product type, sales channel, and product details, including re-
turn history. The full model shows a significantly increased performance
measured by a more than 50 % decrease of MSE, which was used as the
primary performance measure. Interestingly, relatively small differences
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in model quality (R2) led to overproportional changes in the MSE. Using
a machine-learning approach for predictor selection (“LASSO”), another
MSE reduction of about 10 % was achieved. Data Mining approaches (ran-
dom forest, gradient boosting) could not outperform the LASSO ap-
proach. Forecasting performance was strongly dependent on the variation
of the data. The two best predictors for return volume were past sales vol-
ume and lagged return statistics. The authors were wondering about the
importance of lagged return information, failing to acknowledge that this
predictor includes the consumer reaction to detailed product information,
which has not been a significant predictor.

Ketzenberg et al. (2020) segment customers and target detecting the small
number of abusive returners, as these are unprofitable for the retailer and
generate significant losses over a long time. In general, high-returning
customers are usually more profitable. The data used for this study is from
a department store retailer with various product groups in the assortment.
Predictors are transactional data and customer attributes. For classifica-
tion, different algorithms like logit, Support Vector Machines (SVM),
Random Forests (RF), Neural Networks (NN) are used in combination
with different shrinkage methods like LASSO, ridge regression, and elas-
tic net. Random Forests and especially Neural Networks outperform the
other algorithms, assessed by sensitivity, precision, and AUC. In conclu-
sion, a low rate of false positives could assure retailers of using abuse de-
tection systems.

Shang et al. (Shang et al., 2020) developed a predict-aggregate (P-A) model
adaptable both for retailers and manufacturers for forecasting return vol-
ume in a continuous timeframe, in contrast to commonly used aggregate-
predict (A-P) models. Instead of aggregating data first (i.e., sales volume
and returns volume), they first aggregate product-specific return probabil-
ities and then aggregate the purchases by addition of the individual prob-
abilities. As predictors, they only use timestamps and lagged return infor-
mation. They tune and assess their models on two datasets from an offline
electronics and an online jewelry retailer. ARIMA and lagged return mod-
els known from end-of-life forecasting (de Brito et al., 2005) are used as
benchmarks, using RMSE as an assessment criterion. The authors show
that even a basic version of their approach outperforms the benchmark
models in almost all observed cases by up to 19 %, though using only
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lagged returns and timestamps as input. Different extensions, e.g., in-
cluding more predictor variables, can easily be integrated and are shown
to further improve the forecasting performance.

John et al. (2020) try to predict the rare event of return fraud from cus-
tomer representatives that make use of exactly knowing the e-commerce
company’s return policy framework and buying and returning items
fraudulently. Therefore, predictors range from transaction details to cus-
tomer service agent attributes. A penalized likelihood logit model was cho-
sen by the authors and was evaluated by precision and recall, focussing
on maximizing recall and minimizing false negatives. The most im-
portant predictors were communication type and reason for interaction.
The paper by Rezaei et al. (2021) introduces a new algorithm to automat-
ically select attributes from high-dimensional databases for forecasting
purposes. As a demonstration sample, they use simulated data as well as
the publicly available ISMS Durable Goods dataset (Ni et al., 2012) for
consumer electronics. The results are assessed by AUC, precision, recall,
and f1-score. They compare different configurations. For the simulated
data, LASSO as shrinkage method generally works best, outperforming
RF and BaggedTrees. For real-world data, based on a forecast with a logit
model, they show that the proposed selection algorithm performs similar
or better compared to LASSO, SVM, and RF, while the complexity of the
chosen variables is lower.

Appendix 111.2 Conference Publications

Urbanke et al. (2015) describe a decision support system to better direct
return-reducing interventions at e-commerce purchases with highly likely
returns. They compare different approaches for extracting input variables
for return propensity forecasting. They use a large dataset from a fashion
e-tailer, aiming to reduce the input variables regarding consumer profile,
product profile, and basket information from over 5,000 binary variables
to 10 numeric variables by different algorithms (e.g., principal component
analysis, non-negative matrix factorization, etc.). The results are then used
to predict return propensities with a wide variety of state-of-the-art algo-
rithms (AdaBoost, CART, ERT, GB, LDA, LR, RF, SVM), thus also reveal-
ing both feature selection and prediction performance. The proposed Ma-
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halanobis feature extraction algorithm used as input for AdaBoost outper-
forms all other combinations presented, while interestingly, a logit model
with all original inputs delivers relatively precise forecasts.

Building on some parts of this study, the paper of Urbanke et al. (2017)
presents a return decision forecasting approach and aims at two targets,
(1) high predictive accuracy and (2) interpretability of the model. Based on
real-world data of a fashion and sports e-tailer, they first hand-craft 18 in-
put variables and then use NN to extract more features and compare this
approach to other feature extraction algorithms based on different fore-
casting algorithms. For assessment, they measure correlations between
out-of-sample-predictions and class labels and AUC. The best performing
classifier was AdaBoost, while the contribution of NN-based feature ex-
traction shows interpretability as well as superior predictive performance.
Ahmed et al. (2016) focus on the automatic aggregation and integration
of different data sources to generate input variables (features). They use
return forecasting just as an exemplary classification problem for their
data preparation approach, using various ML algorithms, e.g., RF, NN,
DT-based algorithms, to detect returned purchases of an electronics re-
tailer. Based on AUC measure, the results of their GARP-approach are
superior to not using aggregations while generating an extensive amount
of features with no pruning approach. In general, SVM and RF work best
in combination with the proposed GARP approach. The data is based on
the publicly available ISMS durable goods data sets (Ni et al., 2012).

A similar group of authors published another paper (Samorani et al.
(2016)), again using the aforementioned ISMS dataset as an example for
data preparation and automatic attribute generation. Besides forecasting
performance, in this paper, they want to generate knowledge about im-
portant return predictors; e.g., a higher price is associated with more re-
turns, but only as long price levels are below a 1,500% threshold. AUC is
used to assess different levels of data integration, confirming that overfit-
ting might happen when too many attributes are used.

Heilig et al. (2016) describe a Forecasting Support System (FSS) to predict
return decisions in a real environment. First, they compare different fore-
casting approaches for data from a fashion e-tailer, assessed by AUC and
accuracy metrics. The ensemble selection approach outperforms all other
classifiers, with RF being the closest competitor. Computational times
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grow exponentially when using more data. Based on these results, they
secondly describe a cloud framework for implementing such ensemble
models for live use in a real shop environment.

Ding et al. (2016) present an approach to predict the daily return rate of
an e-commerce company based on sentiment analysis of tweets regarding
this company in the categories of news, experience, products, and service.
Therefore, they use sophisticated text mining technologies, while the fore-
casting approach of an econometric vector autoregression is more or less
common. The emotion of posts regarding different variables (news, prod-
uct, service) impacts the returns rate negatively, while the emotion of pur-
chasing experience impacts it positively, showing that the prediction ac-
curacy enhances through classifying social network posts.

Drechsler and Lasch (2015) aim at forecasting the volume of fraudulent
returns in e-commerce over several periods of time. They present differ-
ent approaches multiplying the sales volume and the relative return rate,
the first referring to Potdar and Rogers (2012), estimating the rate of mis-
used returns directly based on time-lag-specific return rates. In a second
approach referring to Toktay et al. (2000), they estimate the overall returns
rate and multiply it by the time-specific ratio of fraudulent returns. The
return rates were forecasted by moving averages and exponential smooth-
ing techniques. Assessment criteria for performance comparison based
on simulated data were MAE, MAPE, and TIC, showing the first approach
to be superior, but both methods are not sufficiently robust. Therefore,
the authors include further time-specific information (like promotions or
special events, which could foster fraudulent returns) in a model using a
Holt-Winters approach, showing superior performance. All of the models
are highly dependent on low fluctuation in return rates, showing a short-
coming of these more or less naive forecasting techniques.

Asdecker and Karl (2018) compare the performance of different algo-
rithms for forecasting binary return decisions: logit, linear discriminant
analysis, neuronal networks, and a decision-tree-based algorithm (C5.0).
Their analysis is based on the data of a fashion e-tailer, including price,
consumer information, and shipment information (number of articles in
shipment, delivery time). For the assessment of different algorithms, they
use the total absolut error (TAE) and relative error. An ensemble learning
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approach performs best and similar to the C5.0 algorithm. Though, dif-
ferences in performance are relatively small, while only about 68 % of re-
turn decisions are forecasted correctly.

Lietal. (2018) propose a hypergraph representation of historical purchase
and return information combined with a random-walk-based local graph
cut algorithm to forecast return decisions on order (basket) level as well
as on product level. By this, they aim to detect the underlying return
causes. They use data from two omnichannel fashion e-tailers from the
US and Europe to assess the performance of their approach, using preci-
sion/recall/Fo.5/AUC metrics while arguing that precision is the most im-
portant indicator for targeted interventions. Three similarity-based ap-
proaches (e.g., a k-Nearest Neighbor model) are used as reference. The
proposed approach performs best regarding AUC, precision, and Fo.s met-
rics.

Zhu et al. (2018) developed a weighted hybrid graph algorithm represent-
ing historical customer behavior and customer/product similarity, com-
bined with a random-walk-based algorithm for predicting customer/prod-
uct combinations that will be returned. They report an experiment based
on data from a European fashion e-tailer suffering from return rates as
high as 50 %. For assessment, they use precision, recall, and Fo.s metrics.
Their approach is superior to two reference competitors (similarity-based
and a bipartite graph algorithm). As predictors, they use product similar-
ities and historical return information, while their approach can be en-
riched with detailed customer attributes.

Joshi et al. (2018) model the return decisions based on the data of an In-
dian e-commerce company, especially dealing with returns for apparel
due to fit issues. In a two-step approach, they first model return probabil-
ities using concepts from network science based on a customer’s histori-
cal purchase and return decisions, and secondly use a SVM implementa-
tion with return probabilities as a single input to classify for the return
decision. Assessed by Fi/precision/recall scores, their approach is supe-
rior to a reference random-walk baseline model.

Imran and Amin (2020) compare different forecasting algorithms
(XGBoost, CatBoost, LightGBM, TabNet) for return classification based
on the data of a general e-commerce retailer from Bangladesh. As input
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variables, only order attributes, including payment method and order me-
dium, are used. For evaluation, they use metrics like true negative rate,
false-positive rate, false-negative rate, true positive rate, AUC, Fa-score,
precision, and accuracy. In the end, they chose TPR, AUC, and F2-score,
claiming that misclassifying high return probability objects were the first
thing to avoid. According to these metrics, TabNet as a deep learning al-
gorithm outperforms the other models. The most important predictors
were payment method, order location, and promotional orders.

As returns are most prominent in fashion e-commerce, most of the fore-
casting papers take this industry as an example, as forecasting models are
more precise when returns are more frequent. Hofmann et al. (2020) de-
velop a more generalized order-based return decision forecasting ap-
proach, appropriate for different industries and suitable also for low re-
turn rates. For their analysis, they use a dataset from a german technical
wholesaler with a return rate as low as 5 %. Input variables were just bas-
ket composition and return information. For assessment, they used pre-
cision and recall metrics. RF did not perform superior to a statistical base-
line approach, nor with oversampling as data preparation, to deal with the
group imbalance. The DART algorithm makes use of the group imbalance
correction by random oversampling. In general, gradient boosting per-
forms best with imbalanced groups, also without oversampling, but fore-
casting quality is lower than with more specialized forecasting approaches
as described for fashion. Furthermore, results were more accurate on bas-
ket level than on single-item level.

Fuchs and Lutz (2021) use Design Science Research (DSR) principles to
design a meta-model for the real-time prediction of returns. The goal is to
influence consumer decisions by triggering a feedback system based on
the basket composition and its return probability. For forecasting, which
is not the primary focus of their paper, they build upon a gradient boost-
ing model taken from existing research (Hofmann et al., 2020) and de-
scribe possible implementations into an ERP system regarding asynchro-
nous communication requirements and possible architecture.

The paper by Sweidan et al. (2020) evaluates the forecasting performance
of a random forest model for a shipment-based return decision, using
real-world data of a fashion e-tailer. For their model, they use customer
(e.g., lagged return rate) and order information as inputs. They find that
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predictions with high confidence are very precise (i.e., low false-positive
rate). Thus, interventions can be targeted at such orders already when the
items are in the consumers’ basket without risk of a misdirected interven-
tion. For assessment, accuracy, AUC, precision, recall and specificity are
used. Regarding the predictors, they note that selection orders (a product
in different sizes) are the best predictor for order-based returns.
Rajasekaran and Priyadarshini (2021) develop a metaheuristic for fore-
casting the product-based return probabilities. In the first step, they deter-
mine return probabilities based on product feedback, time, and product
attributes regarding manufacturer return statistics. Secondly, they com-
pare different algorithms (OLS, RF, Gradient Boosting) by MAE, MSE,
and RMSE metrics. Interestingly, linear regression performs best in all
metrics, but no explanation and a misinterpretation regarding the best
algorithm are given.
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Abstract

While e-commerce has recently experienced substantial growth rates, re-
tailers face increasing consumer returns. Machine learning techniques
opened up opportunities for improved consumer returns forecasting. In
the past, returns forecasting was analyzed predominantly from a broader
reverse logistics and closed-loop supply chain perspective. This paper ex-
tends this view by reviewing the state of research on current algorithms
for forecasting returns in e-commerce in particular and integrating it into
the body of knowledge regarding forecasting product returns extracted
from previous reviews. Methodologically, four reviews were synthesized
first. Subsequently, a systematic literature review was conducted, analyz-
ing 28 additional publications related to consumer returns and enriching
the literature on product returns. Thus, this comprehensive review is the
first to analyze current forecasting issues while integrating the e-com-
merce perspective and emphasizing relevant developments regarding ad-
vanced algorithms and metrics for their assessment in returns forecast-
ing.

Keywords: Forecasting, product returns, consumer returns, literature re-

view, performance indicators, machine learning, evaluation
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IV.1 Introduction

Online shopping experienced substantial growth rates of up to 15 % dur-
ing the last few years and is growing way faster than traditional brick-and-
mortar retailing (Ratchford et al., 2022). Since customers cannot physi-
cally assess the quality and fit of products online, returns are an inevitable
part of the business model (Hong & Pavlou, 2014). Merchants of fashion
products experience return rates of 50 % and are particularly affected
(Asdecker et al., 2017). Merchandise worth $218 Billion was returned to
online retailers in the U.S., equalling 20.8 % of online sales (National Re-
tail Federation / Appriss Retail, 2021). Consumer returns are associated
with operational challenges, such as unavoidable processing costs and
planning uncertainties regarding logistics capacities, inventory manage-
ment, procurement decisions, and marketing activities (Chopra, 2019;
Stock & Mulki, 2009). Nevertheless, returns do not just happen but can be
actively influenced and managed, e.g., by marketing instruments (El Kihal
& Shehu, 2022). Upstream in the supply chain, end-of-use or end-of-life
returns are linked to similar issues while trying to recover as much value
as possible by recycling or remanufacturing (Guide, 2000).

Returns belong to the related term reverse logistics. Reverse product flows,
also called product returns, can be categorized into (re-)manufacturing re-
turns, distribution returns, and consumer returns (Shaharudin et al., 2015;
Tibben-Lembke & Rogers, 2002). Consumer returns (see Table IV.1) de-
scribe returns from a consumer back to a retailer. Over the past years,
online consumer returns have accounted for the largest share of returns
and thus are a highly relevant field of research (Abdulla et al., 2019; Frei
et al., 2020). In contrast to returns in closed-loop supply chain manage-
ment (CLSC), consumer returns are usually sent or given back unused or
undamaged shortly after purchase (usually within 30 days, while some
retailers allow free returns up to 365 days after purchase). Generally, they
suffer no quality-related defects, should be reimbursed to the consumer,
and are intended to be resold “as new” (de Brito et al., 2003; Melacini et
al., 2018). In summary, consumer returns describe returns from consum-
ers to retailers primarily due to information asymmetries regarding the
product fit to their expectations, but not due to end-of-life issues, durable
goods buybacks, or product failure (Shulman et al., 2011).



166

CLSC returns in general
(“product returns”)
Time of return  Shortly after purchase  Indefinite, including end-of-life re-

Dimension Consumer returns

(14-365 days) turns
Return source Retail customer Any supply chain actor
(“consumer”)
Return Retailer Any supply chain actor except the
destination consumer
Purpose Resale as new Resale, Repair, Refurbish, Reman-
ufacture, Recycle, Dispose
Financial Full refund Full/partial/no refund
compensation
Return reason Mainly pre-purchase  Various, including defective prod-
lack of information ucts

Table IV.1. Delimitation between different kinds of returns.

In addition, digitized retail offers numerous opportunities for data collec-
tion, as digital customer accounts make customer analytics more efficient
(Akter & Wamba, 2016). Nevertheless, the problem presented equally ap-
plies to brick-and-mortar retail (Santoro et al., 2019), which can benefit
from data analytics for forecasting purposes (Hess & Mayhew, 1997).
While demand forecasting is widely recognized as critical supply chain
management activity (Ge et al., 2019), only a few publications exist com-
bining the “returns management” process with big data analytics (Bar-
bosa et al., 2018). However, retailers managing returns deal with massive
amounts of data and use available technological advances (Robertson et
al., 2020). Compared to demand forecasting, returns build the “supply”
side of the process (Frei et al., 2022). Thus, forecasting is more complex
due to customers ultimately and only hardly predictable deciding about
their intention whether to keep a product or not. Additionally, interde-
pendencies with sales forecasts and promotional activities increase com-
plexity (Govindan & Bouzon, 2018; Tibben-Lembke & Rogers, 2002), jus-
tifying a deeper investigation of this domain.

In all supply chain stages, the accuracy of return forecasting positively im-
pacts the economic, environmental, and social performance of reverse lo-
gistics activities (Agrawal & Singh, 2020). In general, “there is a very lim-
ited research conducted on the applications of BDA [Big Data Analytics]
in [...] reverse logistics” (Seyedan & Mafakheri, 2020, p. 17). Similar, but
even more than forecasting in reverse logistics in general (Petropoulos et
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al., 2022), “the topic of forecasting consumer returns has received little
attention in the academic literature” (Shang et al., 2020, p. 342) in the
past. For example, a recent review on retail forecasting completely ignored
the prediction of product returns (Fildes et al., 2022). However, e-com-
merce platforms increasingly use machine learning (ML) and artificial in-
telligence to generate beneficial knowledge for customers and sellers
(Micol Policarpo et al., 2021), e.g., by better addressing customer needs
and optimizing retail operations.

IV.1.1 Previous literature reviews

About twenty years ago, de Brito et al. (2003) called for analyzing reverse
flows, forming a basis for forecasting returns. Since then, online com-
merce has skyrocketed, and research into reverse logistics in general and
consumer returns in particular has multiplied. Thus, we first examined
existing literature reviews and meta-studies regarding the subject of this
study, referring to Google Scholar and Web of Science (see Table IV.2), to
identify apparent research gaps.

Review Sources Scope

Duongetal., 167 Operations management, retailer and (re)manufac-

2022 turer issues, customer’s psychology, experience, and
perception

Ambilkaret 518 Reverse logistics: product recovery, forecasting prod-

al,, 2021 uct returns, consumer behaviour, return policy, uncer-
tainty, technology

Micol Poli- 70 E-Commerce and machine learning: goals, tech-

carpo etal., niques, a taxonomy of machine learning in e-com-

2021 merce

Abdulla etal., 100 Consumer returns: consumer behaviour, return pol-

2019 icy, planning, and execution, return management

Goltsos etal., 25 Closed-loop supply chain dynamics, uncertainties for

2019 remanufacturing systems: forecasting, collection, in-
ventory, and production control

Hachimi et 45 Reverse logistics forecasting techniques

al., 2018

Agrawal etal.,, 242 Adoption and implementation, forecasting product re-

2015 turns, outsourcing, RL networks, disposition deci-
sions

Table IV.2. Relevant reviews discussing consumer/product returns or returns
forecasting.
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Duong et al. (2022) analyze 167 papers. Regarding forecasts of product
returns, they find three papers (Clottey & Benton, 2014; Cui et al., 2020;
Shang et al., 2020) and called for research regarding predicting customer
returns behaviour in the pre-purchase stage. Ambilkar et al. (2021) exam-
ine 518 papers and consider product returns in a holistic reverse logistic
approach. Although not analyzed in detail, 13 papers are categorized un-
der “forecasting product returns” in the digital appendix. None of these
papers focuses on consumer returns.

Micol Policarpo et al. (2021) review 70 papers on machine learning in e-
commerce regarding common goals of e-commerce studies (e.g., (re-)
purchase prediction, product return prediction) and techniques to support
these goals. A taxonomy of ML in e-commerce includes most of the iden-
tified goals but ignores the aspect of return predictions, apparently due to
a lack of sufficient studies on this topic.

In contrast to other reviews, Abdulla et al. (2019) focus on consumer re-
turns. Although their review discusses consumer behaviour, planning,
and execution of returns, no sources focussing on forecasting issues are
included.

Goltsos et al. (2019) investigate the impact of different uncertainties on
the dynamics of remanufacturing systems. While their systematic review
focuses on closed-loop supply chain dynamics, in a non-systematic re-
view, they elaborate on one of the most relevant “pillars” of uncertainty,
namely forecasting in closed-loop supply chains.

Hachimi et al. (2018) consider reverse logistics forecasting issues and cat-
egorize 45 relevant works regarding various forecasting approaches: time
series and ML, operations research (OR) methods, and simulation pro-
grams. As a research gap, missing performance indicators for assessment
are identified. Agrawal et al. (Agrawal et al., 2015) point out research gaps
in the reverse logistics domain. Reviewing 242 papers, they identify “fore-
casting product returns” as a crucial opportunity for future research. 21
papers regarding “forecasting models for product returns” mainly focus
on CLSC, reuse, remanufacturing, and recycling. No literature on perfor-
mance indicators for assessing return forecast model accuracy was found.
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IV.1.2 Research objectives

Generally, “returns forecasting has not received sufficient attention in the
academic literature” (Petropoulos et al., 2022, p. 67). More specifically,
existing reviews (e.g., Ambilkar et al., 2021) include a structured but ra-
ther superficial overview of the literature regarding end-of-use and end-
of-life forecasting (J. Li et al., 2018; Shang et al., 2020) while almost omit-
ting the topic of consumer returns. Some empirical or conceptual papers
cover this field with brief literature sections (e.g., Hofmann et al., 2020),
but these short narrative reviews are neither transparent nor replicable
(Tranfield et al., 2003). Unsystematic reviews often induce selection bias,
while systematic reviews attempt to draw a holistic, differentiated, and
more detailed picture, incorporating the complete available literature
when possible (Uman, 2011). Additionally, only Hachimi et al. focus on
ML algorithms for forecasting returns, an application partly ignored by
Micol Policarpo et al. Several reviews (Agrawal et al., 2015; Hachimi et al.,
2018) name the lack of established assessment indicators for return fore-
casts. Accordingly, this (meta-)review aims to close gaps in existing re-
views by providing a comprehensive overview of available knowledge re-
garding forecasting approaches for product returns management, includ-
ing consumer returns, and to elaborate on areas for further scholarly in-
vestigation. Against this background, we address the following research
question:

e Which (advanced) algorithms are used in the literature on forecasting
product returns in general and consumer returns in particular, and how
are these approaches evaluated?

To answer this question, we derive knowledge from existing reviews con-
cerning product returns forecasting (Agrawal et al., 2015; Ambilkar et al.,
2021; Hachimi et al., 2018) and conduct a systematic literature review on
consumer returns forecasting, in particular, to integrate this field into the
existing body of literature. This study contributes to multiple disciplines,
including the literature around decision support and machine learning
for reverse logistics as well as the e-commerce literature. We examine al-
gorithms currently researched, performance indicators used to assess and
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compare these approaches, and extend the previous research by integrat-
ing the consumer returns perspective.

The remainder of this paper is organized as follows: Section 2 presents
backgrounds and concepts essential for assessing the relevant literature.
The methodology used for the meta-review on product return forecasting
and the systematic review on consumer return forecasting is presented in
Section 3. Section 4 contains the data analysis and discusses the results
by outlining opportunities for future research. A brief conclusion forms
Section 5.

IV.2 Background and relevant concepts

In general, accurate forecasting is crucial in managing the supply chain.
E.g., reliable demand forecasts are essential for inventory planning, pric-
ing, promotions and affect a retailer's success. Forecasting returns affects
similar business aspects but also resorts to similar technical procedures.
Depending on the purpose, the outcome variable of a return forecast is
scaled differently. When forecasting whether a single product will be re-
turned, the dependent variable is either binary in nature or a continuous
propensity value between 0 and 1. When forecasting the number or the
timing of returns, outcomes are continuous variables. The timing of prod-
uct returns is crucial in forecasting end-of-life, end-of-use, or remanufac-
turing returns that usually occur years after the initial purchase. Forecast-
ing return volumes can be multi-faceted, ranging from forecasting the to-
tal return volume a retailer has to process within its logistics department
through forecasting product-specific return numbers up to forecasting
costly return shares, e.g., return fraud volume.

IV.2.1 Fundamental forecasting techniques

Because returns depend on fluctuating sales, sales forecasts are often na-
ively combined with lagged return rates. Nevertheless, various other fore-
casting techniques can be applied. For the most part, we follow the cate-
gorization suggested by Hachimi et al. (2018) while emphasizing the ma-
chine learning category (Carbonneau et al., 2008).

In a narrower sense, Operations Research (OR) methods aim at optimiz-
ing a given decision problem utilizing mathematical modelling of the
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structure of a real-world situation (e.g., Meisel & Mattfeld, 2010). For a
more detailed classification of OR methods, we draw on Brandenburg et
al. (2014), differentiating between mathematical programming methods,
analytical models, and (meta-)heuristic methods (Hachimi et al., 2018).
Simulation programs sometimes enable what-if-analyses to compare op-
erational alternatives before making real-world decisions (Chang & Ma-
katsoris, 2001). Time-series techniques (e.g., exponential smoothing) pre-
dict the future development of an outcome on its past numbers and time
as the only predictor. Most time-series models can be generalized as au-
toregressive moving averages (ARIMA) models. Similarly, time-series re-
gression models use univariate linear regression with time as an exoge-
nous variable.

Traditional regression models comprise other independent exogenous
variables. Multivariate models are essential statistical tools (Hastie et al.,
2017). Many variants are derived from this logic (e.g., generalized linear
models), and various extensions are built upon this base. The logistic re-
gression and the linear discriminant analysis extend the linear regression,
where the dependent variable is binary (Hastie et al., 2017). These ap-
proaches can model return decisions as well as non-binary return propen-
sities.

Expanding on these traditional approaches, an almost unlimited compu-
ting power facilitated the establishment of advanced algorithms (Carbon-
neau et al., 2008) based on more complex statistical methods. Some pop-
ular algorithms are shortly outlined: Artificial Neural Networks (NN) are
the most popular ML algorithm in last years’ e-commerce research (Micol
Policarpo etal., 2021), and deep learning extensions like Long Short-Term
Memory (Bandara et al., 2019) are gaining attention. Many Decision Tree
(DT) algorithms have been presented for classification, e.g., the C5.0 al-
gorithm (Pandya & Pandya, 2015). Ensemble learning methods use sev-
eral algorithms to improve predictive performance (Polikar, 2006;
Tsoumakas et al., 2008). Similar to the ensemble principle, boosting and
bagging techniques are used in algorithms like AdaBoost or Random For-
est (RF) (tree-based) to expand the input data artificially, aiming at more
generalizable forecasting models that are less prone to overfitting, a prob-
lem of algorithms not able to generalize rules to other datasets apart from
those they are trained with (Hastie et al., 2017). Support Vector Machines
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(SVM) proved effective for classification problems in e-commerce (Micol
Policarpo et al., 2021). For a comparison of state-of-the-art ML classifica-
tion techniques, we refer to Fernandez-Delgado et al. (2014). Besides clas-
sification (return decision and propensities), almost all supervised ML ap-
proaches are suitable for different forecasting purposes, e.g., continuous
forecasts (return quantities and timing).

IV.2.2 Forecasting evaluation

Forecasts must be assessed regarding their quality to select the suitable
forecasting algorithm, its settings, and the necessary input variables for
the individual forecasting purpose. Often, after a prediction model has
been fitted using a subset of data (training data), a comparison of pre-
dicted values with known values for another subset of the data set (test or
check data) is performed (Efendigil et al., 2009). For assessing the predic-
tion quality, performance indicators represent the error between the fore-
casted and the actual value. E.g. for classification, the accuracy of an algo-
rithm applied to a given dataset can be measured by true and false posi-
tives, prediction accuracy, sensitivity, specificity, or graphically by receiver
operating characteristics (Baldi et al., 2000). When predicting continuous
variables, accuracy measures widespread in literature are mean squared
error (MSE), root mean squared error (RMSE), mean absolute error
(MAE), or the mean absolute percentage error (MAPE) (Galdi & Ta-
gliaferri, 2018).

IV.3 Methodology

The methodology of this paper is split into a (meta-)review of product re-
turns forecasting, which is complemented by a systematic review of con-
sumer returns forecasting. For both parts, we draw on and combine es-
tablished suggestions for reviewing the literature (Denyer & Tranfield,
2009; vom Brocke et al., 2009; Webster & Watson, 2002). The process is
structured in several steps: (1) question formulation, (2) identifying re-
search gaps and defining the scope, (3) conceptualizing the topic; (4) lo-
cating studies; (5) study selection and evaluation; (6) analysis and synthe-
sis; and (7) reporting and using the results for defining a research agenda.
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The first two steps are described in Section 1, while Section 2 describes
the research topic's conceptualization (step 3).

IV.3.1 Meta-review on forecasting product returns

For the (meta-)review, in step 4 (locating studies) and 5a (study selection),
we refer to the literature already located and selected by previous reviews
concerning forecasting product returns. As already described in the intro-
duction, four reviews included the topic of forecasting product returns at
least as a relevant section. We are confident that the sample derived from
these reviews (see Table IV.3) can be considered saturated and relatively
up-to-date, as it covers works from 1986 until 2020, found via different
databases and search strategies.

Review Years Relevant sources Sum of relevant sources
Ambilkar et al. (2021) 1986-2020 13 78

Goltsos etal. (2019)  1994-2017 8

Hachimi et al. (2018) 1986-2018 43

Agrawal et al. (2015) 1986-2015 21

Table IV.3. Relevant reviews for product returns (n=4 reviews).

One paper (Efendigil et al., 2009) has been miscategorized in recent re-
views (Agrawal et al., 2015; Hachimi et al., 2018) while exclusively cover-
ing demand forecasting. After removing this paper and after removing
duplicates, the sample consists of 56 works. In sum, 15 papers were added
to the most extensive review by Hachimi et al. (2018). The complete list is
provided in Table IV 4.

Agrawal et Hachimi Goltsos et Ambilkar

Paper al, 2015 etal., 2018 al., 2019 etal., 2021
Goh & Varaprasad, 1986 v v v
Kelle & Silver, 1989 v v

Hess & Mayhew, 1997

Murayama et al., 2000

Toktay et al., 2000 v
Golany et al., 2001

Kiesmiiller & van der Laan, v
2001

Richter & Weber, 2001 v

AVANENAN
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Agrawalet Hachimi Goltsos et Ambilkar
Paper al, 2015 etal., 2018 al., 2019 etal, 2021

Linton et al., 2002

Marx-Goémez et al., 2002 v

Terzi & Cavalieri, 2004

Toktay et al., 2004

Kleyner & Sandborn, 2005

AVANENANANEN

Y. Li et al., 2006

Peralta & Fontanos, 2006 v

Srivastava & Srivastava, 2006 v

Teunter et al., 2006

Hanafi et al., 2007 4

Serrato et al., 2007

Wen-Jie & Zhi-Geng, 2007 v

SSANANANENAN

Carrasco-Gallego & Ponce-
Cueto, 2009

Xiaofeng & Tijun, 2009

Chen & He, 2010

AVAVAN

Yu et al., 2010

Barker & Zabinsky, 2011

Masmoudi, 2011

Schulz, 2011

Clottey et al., 2012

ANEENENENEN

Plewa & Jodejko-Pietruczuk,
2012

Potdar & Rogers, 2012

Shih et al., 2012

Benedito & Corominas, 2013

Krapp et al., 2013a

AVANENEANANEN

Krapp et al., 2013b

Agrawal et al., 2014

Ayvaz et al., 2014

Baki et al., 2014

ANENENENENANENAN

AN

Clottey & Benton, 2014

Kumar, Palaniappan, et al.,
2014

Kumar, Soleimani, & Kan- v
nan, 2014

Liang et al., 2014

Tekin Temur et al., 2014 4

Canda et al., 2015

AVASENANERN
<

Mota et al., 2015
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Agrawalet Hachimi Goltsos et Ambilkar
Paper al, 2015 etal., 2018 al.,, 2019 etal., 2021
Parsopoulos et al., 2015
Sifaleras et al., 2015
Ma & Kim, 2016
Zhou et al., 2016
Ene & Oztiirk, 2017
Sifaleras & Konstantaras,
2017
Wu et al., 2017
Banasik et al., 2018
Mota et al., 2018
Tsiliyannis, 2018 v
Agrawal & Singh, 2020 v
Chou et al., 2020 v

N AN AN N ANANANANA
<

Table IV.4. Sample derived from reviews, sorted by year of publication (n=56 pa-
pers).

IV.3.2 Review on forecasting consumer returns

For the location of studies regarding consumer returns forecasting in par-
ticular, five scientific databases were selected, aiming at journal and con-
ference publications: (1) AIS Electronic Library (AISel), (2) Business
Source Ultimate (BSU) via EBSCOhost, (3) JSTOR, (4) Science Direct, and
(5) Web of Science.

Consumer return related keywords Forecasting related keywords
consumer return*

product return® forecast*

return® product predict*

retail return* prognos*

customer return*
e-commerce return®

Table IV.5. Search string combinations for Title/Abstract/Keywords.

The search string consists of two parts. On the one hand, we specifically
searched for “consumer returns” and related terms like “e-commerce re-
turns”, “customer returns”, and “retail returns” but also included the term
“product returns”, as the delimitation of these concepts might not be used
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coherently in the existing literature. Secondly, “forecasting” is para-
phrased with “prediction” or “prognosis”. The final search strings include
truncations, where applicable, to capture similar spellings or wordings

(see Table IV.5).
The search performed in early 2023 resulted in 802 hits (see Figure IV.1).

g 802 Records identified from:
= AlSeL (n=263)
& BSU (n=192) 75 duplicate records
g JSTOR (n=153) removed
3 ScienceDirect (n=22)
- Web of Science (n=172)
— v
Title / k ds d
itle / keywords screene | 640 records excluded
) (n=727)
=
g v
3]
2 Abstracts and full-text articles as- .
sessed for eligibility (n=88) > 65 articles excluded
— v
- 5 articles included
Q . .
2 Articles included in the review || from citation search
T:;) (Il= 2345 = 28) - Forward (1'l=3)
= - Backward (n=2)

Figure IV.1. Research process of the systematic review.

Inclusion criteria were the English language, the title or keywords refer-
ring to returns or forecasting, and the paper being peer-reviewed and pub-
lished as a journal or conference publication. After determining the pa-
pers’ relevance regarding consumer returns (in the sense of the delimita-
tion to other return types outlined in the introduction) based on abstract
and full text, the preliminary set consisted of 23 publications. Conducting
a forward and backward search via Google Scholar, among 1264 refer-
ences, we found five more relevant papers, leading to a total of 28 papers
included for review. Wherever possible, we classified the results according
to their publication outlet, the forecasting outcome, the focus of the paper,
and the industry the paper refers to (see Table IV.6).
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Paper

Outlet

Conference

Outcome

Decision

Propensity

Fraud/abuse detection

Data preparation

Focus

Development
Framework

Fraud/abuse

others

Industry

Consumer electronics

Cosmetics
Others

Hess and Mayhew (1997)
Potdar and Rogers (2012)
Fuetal. (2016)

X. Lietal. (2019)

Cui et al. (2020)

John et al. (2020)
Ketzenberg et al. (2020)
Shang et al. (2020)
Rezaei et al. (2021)

Xu et al. (2023)

Urbanke et al. (2015)
Ahmed et al. (2016)
Ding et al. (2016)
Drechsler and Lasch (2015)
Heilig et al. (2016)
Samorani et al. (2016)
Urbanke et al. (2017)
Asdecker and Karl (2018)
Joshi et al. (2018)

J. Li etal. (2018)

Zhu et al. (2018)
Hofmann et al. (2020)
Imran and Amin (2020)
Sweidan et al. (2020)
Fuchs and Lutz (2021)
Rajasekaran and Pri-
yadarshini (2021)
Meifiner et al. (2022)
Zhang et al. (2022)

SN KS K S S KK | Journal

SN N N N Y SN N N N N N NENENEN

< | Quantity

<

ANRNENEN

AN N N N N RN

<

v

< | Algorithm comparison

ANENEN

ANEN
<

ANENEN
ANENEN

v
v

< | Fashion

SNRNENENEN

<

<

ANENEN

ANAN

SRR

Table IV.6. Relevant works from the consumer returns forecasting database

search (n=28 papers), sorted by outlet and year of publication.
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IV.3.3 Combined sample

After joining the results from Section 3.2 with the dataset derived from
product return reviews (Section 3.1), only two duplicates existed (Hess &
Mayhew, 1997; Potdar & Rogers, 2012). This small overlap between con-
sumer and product returns domains additionally justifies the review con-
ducted under Section 3.2 as an extension for existing product return re-
views. Furthermore, these two works are fundamental for the whole area
of research. The final sample consists of 82 works (see Table IV.7). Of
note, the sample also includes the three works referenced in the most re-
cent review by Duong et al. (2022).

OR: Mathematical
OR: Analytical
OR: Heuristic
Machine learning

Simulation

Paper

Goh & Varaprasad, 1986
Kelle & Silver, 1989
Hess & Mayhew, 1997
Murayama et al., 2000 v
Toktay et al., 2000 v
Golany et al., 2001

Kiesmiiller & van der Laan, 2001
Richter & Weber, 2001

Linton et al., 2002 v
Marx-Gémez et al., 2002 v
Terzi & Cavalieri, 2004 v
Toktay et al., 2004 v
Kleyner & Sandborn, 2005 v
Y. Li et al., 2006 v
Peralta & Fontanos, 2006 v
Srivastava & Srivastava, 2006 v
Teunter et al., 2006 v
Hanafi et al., 2007 v
Serrato et al., 2007 v
Wen-Jie & Zhi-Geng, 2007 v
Carrasco-Gallego & Ponce-Cueto, 2009 v

«| Time series & regresion

<
<

AN
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Paper

Simulation

OR: Analytical

OR: Heuristic

Time series & regresion

Machine learning

Xiaofeng & Tijun, 2009
Chen & He, 2010

Yu et al., 2010

Barker & Zabinsky, 2011
Masmoudi, 2011

Schulz, 2011

Clottey et al., 2012

Plewa & Jodejko-Pietruczuk, 2012
Potdar & Rogers, 2012

Shih et al., 2012

Benedito & Corominas, 2013
Krapp etal., 2013a

Krapp et al., 2013b

Agrawal et al,, 2014

Ayvaz et al., 2014

Baki et al., 2014

Clottey & Benton, 2014
Kumar, Palaniappan, et al., 2014
Kumar, Soleimani, & Kannan, 2014
Liang et al., 2014

Tekin Temur et al., 2014
Canda et al., 2015

Mota et al., 2015
Parsopoulos et al., 2015
Sifaleras et al., 2015
Urbanke et al., 2015

Ahmed et al., 2016

Ding et al., 2016

Drechsler & Lasch, 2015
Fuetal,, 2016

Heilig et al., 2016

Ma & Kim, 2016

Samorani et al., 2016

Zhou et al., 2016

Ene & Oztiirk, 2017

<| OR: Mathematical

< S
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Time series & regresion

OR: Mathematical
OR: Analytical
Machine learning

Simulation

Paper

Sifaleras & Konstantaras, 2017
Urbanke et al., 2017

Wu et al., 2017

Asdecker & Karl, 2018 v
Banasik et al., 2018 v
Joshi et al., 2018 v
J. Lietal., 2018 v
Mota et al., 2018 v
Tsiliyannis, 2018 v
Zhu et al., 2018 v
X. Lietal., 2019 v
Agrawal & Singh, 2020
Chou et al., 2020 v
Cui et al., 2020
Hofmann et al., 2020
Imran & Amin, 2020
John et al., 2020 v
Ketzenberg et al., 2020
Shang et al., 2020 v
Sweidan et al., 2020

Fuchs & Lutz, 2021

Rajasekaran & Priyadarshini, 2021
Rezaei et al., 2021

Meifner et al. (2022) v
Zhang et al. (2022) v
Xu et al. (2023) v

<«| OR: Heuristic

<
(\

< AN

YR YRNIRN

Table IV.7. Final sample (n=82 papers) according to the categories of Hachimi et
al., 2018, sorted by year of publication.
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IV.4 Results

The presentation of the results is split into (standard) forecasting algo-
rithms in general (Section 4.1), presenting an extension for the classifica-
tion provided by Hachimi et al. (2018) (Simulation, Operations Research:
mathematical, Operations Research: analytical, Operations Research:
heuristic, time series and regression) with some additional sources. Sec-
tion 4.2 focuses on advanced (machine learning) algorithms. Section 4.3
covers indicators for evaluating time series, regression, and advanced al-
gorithms. Section 4.4 details the recent research discussion in academic
journals, and Section 4.5 discusses some future research opportunities.

IV.4.1 Forecasting algorithms in general

Regarding simulation programs, an often-cited paper (Kelle & Silver,
1989) uses simulation to compare different forecasting procedures. Tsili-
yannis (2018) uses a Markov-chain Monte Carlo simulation to assess re-
turn forecasting. Additional OR models divide into mathematical pro-
gramming (Chou et al., 2020; Kiesmdiller & van der Laan, 2001; Peralta &
Fontanos, 2006; Xiaofeng & Tijun, 2009) and analytical models (Kumar,
Palaniappan, et al., 2014). Some papers contribute to time series and re-
gression approaches: In a multi-step method, Potdar and Rogers (2012)
use essential statistical methods (moving averages, correlations, regres-
sion). Logistic regression was used by Yu et al. (2010). For grey forecas-
ting, an additional source was found (Chen & He, 2010).

Only two papers from the field of consumer returns fall into the category
of OR models. Fu et al. (2016) publish an analytical model for product-
and customer-individual return propensities. Zhu et al. (2018) examine a
graph-clustering-based analytical model for return decisions. For forecast-
ing consumer return volumes, time series techniques are widely used
(Drechsler & Lasch, 2015; Potdar & Rogers, 2012; Shang et al., 2020).
Within this strain of literature, regression-based models are used for var-
ious purposes, but only two works exclusively rely on these procedures
(Ding et al., 2016; John et al., 2020).
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IV.4.2 Advanced forecasting algorithms

Twenty-two works contain advanced algorithms from the machine learn-
ing domain (see Table IV.8).

Algorithm Forecasting purpose and references

RF Decision (Ahmed et al., 2016; Heilig et al., 2016; Rezaei et al,,
2021; Samorani et al., 2016; Sweidan et al., 2020; Urbanke et
al., 2015; Urbanke et al.,, 2017), propensity (Rajasekaran &
Priyadarshini, 2021), abuse (Ketzenberg et al., 2020), quantity
(Cui et al., 2020)

SVM Decision (Ahmed et al., 2016; Heilig et al., 2016; Hofmann et
al., 2020; Joshi et al., 2018; Rezaei et al., 2021; Urbanke et al.,
2015; Urbanke et al., 2017), abuse (Ketzenberg et al., 2020)

NN Decision (Ahmed et al., 2016; Asdecker & Karl, 2018; Heilig et
al., 2016; Imran & Amin, 2020; Urbanke et al., 2015; Xu et al.,
2023), abuse (Ketzenberg et al., 2020)

GradientBoost Decision (Fuchs & Lutz, 2021; Hofmann et al., 2020; Imran &
Amin, 2020), propensity (Rajasekaran & Priyadarshini, 2021),
quantity (Cui et al., 2020)

Fuzzy Quantity (Hanafi et al., 2007; Kumar, Soleimani, & Kannan,
2014; Marx-Gomez et al., 2002; Tekin Temur et al., 2014)

AdaBoost Decision (Heilig et al., 2016; Urbanke et al., 2015; Urbanke et
al,, 2017)

CART Decision (Heilig et al., 2016; Urbanke et al., 2015; Urbanke et
al,, 2017)

DT Decision (Ahmed et al., 2016; Asdecker & Karl, 2018)

ERT Decision (Urbanke et al., 2015; Urbanke et al., 2017)

Ensemble Decision (Asdecker & Karl, 2018; Heilig et al., 2016)

XGBoost Decision (Imran & Amin, 2020)

CatBoost Decision (Hofmann et al., 2020)

JRIP Decision (Ahmed et al., 2016)

BayesNet Decision (Ahmed et al., 2016)

kNN Decision (J. Li et al., 2018)

Random Walk Propensity (X. Li et al., 2019)

Clustering Feature generation (Rezaei et al., 2021)

HyperGo Decision (J. Li et al., 2018)

Table IV.8. Machine learning algorithms & forecasting purpose (n=22 papers).

Most advanced algorithms were found within consumer returns papers;
only four were selected via product returns reviews. Consequently, the
most frequent forecasting purpose was determining return decisions or
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propensities in an e-commerce context. Forecasting return quantities via
machine learning has not been studied frequently, while classical time
series procedures seem to fit this purpose better.

The most popular algorithms for various purposes were RF (10), SVM (8),
NN (7), GradientBoost (5), and fuzzy algorithms. Interestingly, RF and
SVM algorithms were used more frequently than NN, which was the most
popular algorithm in general e-commerce applications, according to
Micol Policarpo et al. (2021).

Some papers focus on the comparison of algorithms (Asdecker & Karl,
2018; Cui et al., 2020; Heilig et al., 2016; Hofmann et al., 2020; Imran &
Amin, 2020) based on performance indicators (see Section 4.3), but no
definitive ranking can be derived. In forecasting a binary return decision,
Random Forests (RF) (Ahmed et al., 2016; Heilig et al., 2016; Ketzenberg
et al., 2020), Neural Networks (NN) (Imran & Amin, 2020; Ketzenberg et
al., 2020), as well as Adaptive Boosting (AdaBoost) (Urbanke et al., 2015;
Urbanke et al., 2017) achieve high performance. Ensemble or ensemble-
like algorithms (e.g., RF) are robust and highly accurate (Asdecker & Karl,
2018; Heilig et al., 2016).

A few works cover forecasting algorithms more or less incidentally, con-
centrating on data preparation (e.g., automated feature generation or se-
lection via ML algorithms) for forecasting (Ahmed et al., 2016; Rezaei et
al., 2021; Samorani et al., 2016; Urbanke et al., 2015; Urbanke et al., 2017).

IV.4.3 Forecasting evaluation

Table IV.9 categorizes assessment indicators extracted from 36 papers re-
garding time series, regression, or ML product return forecasts by their
respective outcome, integrating the consumer returns forecasting litera-
ture into the literature from existing reviews. Not all works used a numer-
ical assessment; e.g., Marx-Gémez et al. (2002) evaluated the forecasting
quality based on graphical representations.

Some works from time series forecasting use expected-cost measures in
the context of inventory management (Toktay et al., 2000; Toktay et al.,
2004). However, most papers from this domain use classical indicators
like MAPE or MAE, supplemented by a coefficient of determination for
regression procedures. Interestingly, papers predicting return propensi-
ties often assess the results wusing classical error metrics
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(MAE/MSE/RMSE) and indicators often applied in forecasting dichoto-
mous return decisions (precision/recall/F-score/AUC). The F-score indi-
vidually weighs precision and recall; e.g., Fos weights precision higher
than recall, as in an e-commerce scenario, the share of true positives
among all positives is more important for targeting possible interventions
(J. Li et al., 2018) to reduce the risk of unjustified limiting the shopping

experience.

Indicator Purpose

References

Indicators for dichotomous outcomes

Precision  Decision

Propensity
Fraud/abuse
Recall Decision

Propensity
Fraud/abuse
F-Score Decision

Propensity
AUC Decision

Propensity
Abuse
Accuracy  Decision

Specificity Decision

Hofmann et al., 2020; Imran & Amin, 2020;
Joshi et al., 2018; J. Li et al., 2018; Rezaei et al.,
2021; Sweidan et al., 2020; Urbanke et al., 2015;
Xu et al., 2023; Zhu et al., 2018

Fuetal, 2016; X. Lietal., 2019

John et al., 2020; Ketzenberg et al., 2020
Hofmann et al., 2020; Imran & Amin, 2020;
Joshi et al., 2018; J. Li et al., 2018; Rezaei et al.,
2021; Sweidan et al., 2020; Urbanke et al., 2015;
Xu et al., 2023; Zhu et al., 2018

Fu et al., 2016; X. Li et al., 2019

John et al., 2020; Ketzenberg et al., 2020

Imran & Amin, 2020; Joshi et al., 2018; J. Li et
al., 2018; Rezaei et al., 2021; Xu et al., 2023; Zhu
etal., 2018

X. Lietal,, 2019

Ahmed et al., 2016; Heilig et al., 2016; Imran &
Amin, 2020; J. Li et al., 2018; Rezaei et al., 2021;
Samorani et al., 2016; Sweidan et al., 2020; Ur-
banke et al., 2017; Xu et al., 2023

Fu etal., 2016

Ketzenberg et al., 2020

Asdecker & Karl, 2018; Heilig et al., 2016; Imran
& Amin, 2020; Sweidan et al., 2020; Xu et al.,
2023

Sweidan et al., 2020
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Indicator Purpose

References

Indicators for continuous outcomes

MAPE Quantity

MAE Propensity
Quantity
MSE Propensity
Quantity
RMSE Propensity
Quantity
TAE Decision
Return Rate
TIC Quantity

Relative Er- Quantity
ror

Canda et al., 2015; Chen & He, 2010; Clottey et
al., 2012; Clottey & Benton, 2014; Drechsler &
Lasch, 2015; Ene & Oztiirk, 2017; Hanafi et al.,
2007; Krapp et al., 2013a, 2013b; Kumar, So-
leimani, & Kannan, 2014

Fu et al.,, 2016; X. Li et al., 2019; Rajasekaran &
Priyadarshini, 2021

Canda et al.,, 2015; Drechsler & Lasch, 2015;
Krapp et al., 2013a, 2013b; Kumar, Soleimani, &
Kannan, 2014

Rajasekaran & Priyadarshini, 2021

Ayvaz et al.,, 2014; Cui et al., 2020; Krapp et al,,
2013a, 2013b

Fu et al, 2016; Rajasekaran & Priyadarshini,
2021

Canda et al., 2015; Kumar, Soleimani, & Kan-
nan, 2014; Meifner et al., 2022; Shang et al.,
2020

Asdecker & Karl, 2018

Masmoudi, 2011

Drechsler & Lasch, 2015; Krapp et al., 2013a
Ene & Oztiirk, 2017

Regression metrics & others

R/R2 Decision Tekin Temur et al., 2014; Urbanke et al., 2017
Quantity Cui et al., 2020; Kumar, Soleimani, & Kannan,
2014; Potdar & Rogers, 2012; Tekin Temur et al.,
2014
AIC Quantity Ding et al., 2016

Tracking  Quantity
Signal

Ayvaz et al., 2014

Table IV.9. Usage of performance indicators (n=36 papers).
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IV.4.4 Recent discussion in academic journals

This section presents an overview of the latest discussion published in
academic journals found via the database search and published in well-
renowned journals since 2020.

Cui et al. (2020) use a comprehensive data set from an automotive acces-
sories manufacturer aiming to forecast return volume for sales channels
and different products. A hierarchical OLS regression incorporates up to
40 predictors. Relatively small differences in model quality (R2) led to
overproportional changes in the MSE. A machine-learning approach for
predictor selection (“LASSO”) resulted in a significant MSE reduction,
while other data mining approaches (random forest, gradient boosting)
could not outperform the LASSO approach.

The paper from Chou et al. (2020) models inventory policies integrating
return forecasts for used products that are intended to be remanufactured
(“buyback cores”). Past demand and sales serve as predictors for returns.
When comparing two different models, they only find minor differences,
which is confirmed by numerical examples based on data from a reman-
ufacturing company.

Ketzenberg et al. (2020) segment customers and target detecting the small
number of abusive returners, as these are unprofitable for the retailer and
generate significant losses over a long time. In general, high-returning
customers are usually more profitable. Different algorithms like logit,
SVM, RF, and NN are combined with shrinkage methods like LASSO,
ridge regression, and elastic net for classification. RF and especially NN
outperform the other algorithms, assessed by sensitivity, precision, and
AUC.

Shang et al. (2020) developed a predict-aggregate (P-A) model adaptable
both for retailers and manufacturers for forecasting return volume in a
continuous timeframe, in contrast to commonly used aggregate-predict
(A-P) models. ARIMA and lagged return models known from end-of-life
forecasting (de Brito et al., 2003) are used as benchmarks, using RMSE as
an assessment criterion. The authors show that even the basic version of
their approach outperforms the benchmark models, though using only
lagged returns and timestamps as input.
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John et al. (2020) predict the rare event of return fraud from customer
representatives buying and returning items fraudulently. They chose a pe-
nalized likelihood logit model and evaluated it by precision and recall, fo-
cusing on maximizing recall and minimizing false negatives.

The paper by Rezaei et al. (2021) introduces an algorithm to select attrib-
utes from high-dimensional databases for forecasting purposes automat-
ically. They use simulated data and the publicly available ISMS Durable
Goods dataset (Ni et al., 2012) for consumer electronics as demonstration
sample. AUC, precision, recall, and f1-score assess the results. LASSO as
shrinkage method generally works best for the simulated data, outper-
forming RF and BaggedTrees. For real-world data, based on a forecast
with a logit model, they show that the proposed selection algorithm with
a lower variable complexity performs similarly or better compared to
LASSO, SVM, and RF.

The framework of Xu et al. (2023) predicts problematic products with high
return rates (> 30 %) in live-streaming e-commerce, which is prone to im-
pulse purchases and suffers from high return rates. Based on multimodal
features, including visuals, texts, and audio sources, their model is tested
with real-world data from Taobao.com. For classification, a deep neural
network (DNN) is complemented by a multihead attention mechanism
for combining the different predictor modalities. Evaluated by AUC, pre-
cision, recall, F1-score, and accuracy, the framework proved suitable for
live return predictions with high accuracy (> 90 %).

IV.4.5 Research gaps and paths

This review identified a research gap regarding ML algorithms for fore-
casting (e.g., end-of-life) returns in closed-loop supply chain manage-
ment. Previous reviews presented ML approaches based only on different
fuzzy algorithms, while many different ML algorithms were used in fore-
casting consumer returns. The likely explanation is that consumer return
research predominantly models return decisions (classification prob-
lems), while the CLSC domain predominantly intends to forecast return
quantities. Nevertheless, the paper by Cui et al. (2020) could serve as a role
model when adjusting the input parameters for the respective reverse lo-
gistics objectives. Furthermore, when considering a predict-aggregate ap-
proach proposed by Shang et al. (2020), classification techniques could be
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helpful in forecasting return decisions before cumulating the propensity
results for the volume prediction in the second step. Vice-versa, fuzzy al-
gorithms have not been considered in forecasting consumer return quan-
tities thus far.

Another significant gap could be recognized regarding the implementa-
tion and real-world application of the proposed algorithms. Indeed, some
recent papers focus on the practical use of forecasting, e.g., by incorporat-
ing a management dashboard in the framework of Meifdner et al. (2022)
or developing a management tool for retailers (Zhang et al., 2022). How-
ever, most papers present models and their evaluation based on single
case studies. We neither know which algorithms are used in general busi-
ness practice nor if and how the model assessment with the proposed per-
formance metrics takes place apart from research purposes. Generally,
forecasting accuracy in RL should increase operational performance
(Agrawal & Singh, 2020). We call for more empirical studies focussing on
the business value to substantiate this relation. For advanced forecasting
algorithms and their application in e-commerce, we recommend evaluat-
ing their use based on multiple case studies and surveys on operational
performance (Agrawal & Singh, 2020) or based on cost metrics or profit
(Ketzenberg et al., 2020) instead of more technical performance indica-
tors.

To further elaborate on this, one could argue that analyzing the assess-
ment metrics used in the papers can only deliver limited insights, as many
of these indicators are used in interchangeable forecasting domains like
finance. Nevertheless, this leads to a long-standing discussion of whether
these indicators correlate to the business value, which should not be taken
for granted (e.g., Leitch & Tanner, 1991). Thus, besides the scientific dis-
cussion about algorithms and assessment indicators, it is due to study ac-
tual consumer returns forecasting implementations for ERP or CRM sys-
tems in business practice, in the short and in the long term. Frameworks
for these systems exist (Fuchs & Lutz, 2021; Heilig et al., 2016; Hofmann
et al., 2020; Xu et al., 2023), but we did not find any papers assessing the
real-time use of such systems and the respective algorithms.

Some studies compare forecasting algorithms (e.g., Asdecker & Karl,
2018; Urbanke et al., 2015). These comparisons rarely consider that each
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algorithm, algorithm implementation or parametrization may require tai-
lored data preprocessing, affecting the performance (Alshdaifat et al,
2021). Moreover, the specific parameterization is rarely made transparent.
We also call for sensitivity analyses and different input variable sets for
the forecasting algorithms examined.

Regarding the predictors for forecasting models, it is well known that
product returns from the customer of unused products are due to the cus-
tomer ordering the same product in different sizes to be sure that one fits
their needs (Asdecker et al., 2017). Fashion retailers heavily work on solu-
tions for customers to find the perfect fit in the pre-purchase phase and
refrain from a practice that guarantees return flows. This emphasizes the
need to adequately model such initiatives to anticipate their effectiveness,
similar to the approach of Zhang et al. (2022) for fraudulent returns. Thus,
research on consumer return forecasts should, in addition to discussing
algorithms and techniques, focus on the contextual aspects (i.e., relevant
predictors): When and why do returns occur, and to what extent can fore-
casts help prevent them?

IV.5 Conclusion

The research area of product returns forecasting is highly interdiscipli-
nary, referring to information systems research, operations research, op-
erations & logistics, and marketing. Motivated by skyrocketing e-com-
merce sales and the associated returns, ML methods that have become
more and more common in management and for decision support sys-
tems, and encouraged by research gaps resulting in calls for research re-
garding these issues in previous literature reviews, we examined the sci-
entific literature on the use of different return forecasting algorithms and
metrics for their evaluation. Based on existing reviews and an additional
database search on consumer returns forecasting, we deliver an overview
of advanced forecasting techniques and the indicators to assess their per-
formance. Based on this, we outline several research propositions.

Of note, this review entails some limitations: While previous reviews
mostly excluded conference papers from their data collection, we inte-
grated them into our database search on consumer returns, making the
search less comparable. However, e.g., the AIS eLibrary delivers insight-
ful, up-to-date, and relevant conference works on this topic. Furthermore,
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no overarching meta-comparison of algorithm performance was possible
given the studies at hand, as controlling for the crucial model parameters
and the data preprocessing is hardly possible. This fact adds to our call for
more empirical multiple case study research, either qualitative or quanti-
tative, which could reveal the algorithm's performance in business use.
This work reviewed the state of research on return forecasting and out-
lined some future research paths. We are confident that this paper is help-
ful for other scholars researching this topic, e.g., when determining which
evaluation metrics to use. For practitioners, we provide an overview and
kickoff for their enquiry when implementing return forecasting algo-
rithms, especially in e-commerce.
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Abstract

The digitization of all aspects of life is causing online retailing to become
increasingly important: Growing mail-order sales and increasing inde-
pendence from brick-and-mortar stores lead to higher logistics volumes
and, consequently, to more mobility of goods. Due to legal requirements
and liberal return policies, this applies in particular to the reverse logistics
and gives rise to operational challenges in the area of inventory and re-
turns management. The fashion industry is particularly affected by the
returns phenomenon, as customers often return every second package.

This paper first derives models from extensive historical transaction data
of a German shoe and apparel mail-order company using data mining
methods. Subsequently, these models are used to predict future returns
at the time of ordering. By evaluating the volume-related prediction based
on these models in comparison to established forecasting methods, con-
clusions can be drawn about the benefits of data mining in returns man-
agement. In addition, practical recommendations can be generated as to
which methods are most suitable for returns volume forecasting.
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V.1 Introduction

“Retailers have long understood that the digitization of all our business
processes will completely revolutionize the century-old retail business
model. Better put, digitization will turn retail into an experimental field
for unleashed data analytics of all kinds in the coming years.” (translated
from Wenzel & Dziemba, 2014, p. 95)

This quote illustrates that data analysis is and will be a critical success
factor for retail. Demand forecasts — often estimated intuitively without
information technology support (Crone, 2010, p. 92) — have long been es-
sential for brick-and-mortar retailers to be able to anticipate and satisfy
customer needs. The ongoing digital transformation of processes and en-
tire business models regarding information and communication technol-
ogies expands the potential data base and analysis options for retailers:
Operational information systems such as enterprise resource planning
(ERP) systems hold large data sets that are either a by-product of business
processes or are deliberately collected (e.g., expressed customer prefer-
ences). However, the phrase “experimental field” (Wenzel & Dziemba,
2014, p. 95) from the above-mentioned quotation indicates that there is
considerable uncertainty as to how retailers can exploit and use this data
in a meaningful and beneficial way.

Mail-order retailers in particular, whose business model is characterized
by information flows to and from the customer in a special manner due
to the spatial discrepancy between supply and demand, can benefit from
the purposeful use of data. Compared to stationary retail, mail-order busi-
ness is continuously gaining in importance (Handelsverband Deutsch-
land [HDE], 2023b; Jahn, 2013, p. 3). In the footwear and apparel indus-
try, online retailing already accounts for almost 20 % of sales (HDE,
2023a). Since there is no inspection of the item of interest in the store,
customers have the right under EU Consumer Rights Directive
2011/83/EU to inspect ordered goods at home and return them (Directive
2011/83/EU on consumer rights, 2011). Due to the associated expenses
and possible loss of revenue for the retailer, the planning, management,
and control of these returns is an elementary part of the distance-selling
business model (Asdecker, 2014, back cover). Due to an increasing fusion



208

of brick-and-mortar and online retailing, traditional retailers cannot ig-
nore this issue and must consider their return policies (Jahn, 2013, pp. 8,
13; Wenzel & Dziemba, 2014, p. 112).

A survey of returns management practitioners by Asdecker (2014, p. 144)
regarding the research gaps and the associated practical significance sup-
ports the relevance of data analysis in returns management: Many deci-
sion-makers perceive a need for research on “estimating [the] quantity of
returns” using “forecasting models” as part of tactical planning, which is
a key component of returns management (translated from Asdecker,
2014, p. 160).

Based on real-world transaction data from a shoe and apparel retailer over
a period of one year, the following research questions shall be answered:

o How accurately can retailers predict a customer’s return decision based
on transaction data using data mining techniques?

o Which techniques are best suited for forecasting return volumes?

o To what extent do data mining models used for return decision-making
enable the derivation of accurate return quantity forecasts?

For this purpose, Chapter V.2 briefly introduces the conceptual and meth-
odological basics of returns management and data mining. Chapter V.3
presents the data set used by the retailer and the associated data mining
models for forecasting the return decision. Chapter V.4 uses these models
to generate predictions of the volume of returned items and packages, and
compares these with naive estimates of return volume based on sales fig-
ures and historical return rates. Finally, Chapter V.5 briefly summarizes
the results obtained, outlines the limitations of the study, and identifies
future research needs.

V.2 Conceptual and methodological basics

Section V.2.1 provides a basic introduction into the field of returns man-
agement and explains the key performance indicators that are relevant for
the remainder of the paper. Section V.2.2 indicates potential benefits of
data analysis in this area. Section V.2.3 outlines the conceptual basics of
data mining as well as methods relevant for this paper, while Section V.2.4
briefly summarizes simple forecasting methods commonly used. Section
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V.2.5 provides an overview of frequently used measures for evaluating
forecasting models, which will be employed in the remainder of this pa-
per.

V.2.1 Returns management and relevant key performance indica-
tors

The term returns generally encompasses all returns to upstream institu-
tions in the value creation process or to contracted service providers
(Asdecker, 2011, p. 258; Rogers et al., 2002, pp. 3—4). Returns manage-
ment refers to the “cross-institutional planning, control, and monitoring
of return flows as well as associated information and financial flows, with
the aim of supporting the profit maximization of the value creation sys-
tem” (translated from Asdecker, 2012, p. 495).

Returns management tasks are divided into two areas: on the one hand,
preventive tasks at the tactical level (prevention, avoidance, promotion)
that involve early interventions before a return occurs and on the other
hand, predominantly curative tasks at the operational level for optimal
handling of the return process, focusing on actual or unavoidable returns
(Asdecker, 2014, p. 23; Rogers et al., 2002, p. 5). This article primarily co-
vers curative, internal returns management and is also limited to returns
from end customers to retailers, in other words consumer-to-business
(C2B) transactions (“consumer product returns”).

Key performance indicators generally serve as condensed operational in-
formation to support management decisions with a data basis and to re-
duce complexity in interpreting business reality (Weber & Wallenburg,
2010, pp. 332-333). Returns can only be planned, controlled, and moni-
tored meaningfully with aggregated data, as this frequently cited manage-
ment wisdom illustrates: “[I]f you can’t measure it, you can’t manage it.”
(Garvin, 1993, p. 89)

Probably the most important key figure for returns management
(Asdecker, 2014, pp. 229-230) is calculated from the ratio of returned
units to the total number of units shipped:

RR units returned
unspecific = ymits shipped
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The return rate (RR) can be differentiated into a-, §-, and y-return rates,
particularly for the purposes of distance selling, with each perspective
highlighting certain entrepreneurial functional areas (Asdecker, 2014,
pp. 42—44): The a-return rate (a-RR) refers to the ratio of returned to
shipped packages and, consequently, focuses on the logistical perspective,
while the B-return rate (8-RR) expresses this ratio in relation to individual
items and takes the marketing perspective. The y-return rate (y-RR) de-
scribes the monetary, value-based ratio of returned to shipped units,
which corresponds to the financial and controlling perspective. Due to the
operational focus of this article, the remainder of the analysis considers
a- and B-return rates.

A more detailed classification of the return rate can be conducted with
regard to the perspective or aggregation level. Common reference units
are customers, items, item variants (e.g., colors), manufacturers, or an
overall view from the company’s perspective. To avoid confusion, this ref-
erence must always be specified, leading to two-dimensional manifesta-
tions of this key figure.

In addition to the return rate, practitioners use other key figures such as
the absolute number of returns, lead times, return reasons, or error rates
(Asdecker, 2014, pp. 227-231). This study focuses on operational sales key
figures derived from historical transaction data and examines their influ-
ence on returns management.

V.2.2 Context-related benefits of data analytics

Data analytics for management purposes aim to achieve business bene-
fits, which, in a broader sense, means value creation. The following sec-
tion outlines potential ways of using returns-related data analytics in the
e-commerce sector.

When predicting a return, the following factors are of interest: whether a
customer returns an item or package, the timing of the return, and the
condition of the returned items. The timing of the return is particularly
relevant to resource allocation and order quantity planning. The condition
of the item affects its resale value and the returns processing, including
necessary steps for reuse, refurbishment, or disposal. These, in turn, af-
fect process costs and order quantities from suppliers. No conclusions can
be drawn about the condition and timing of a return based on the available
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transaction data. The subsequent discussions focus solely on the decision
to return and its probability.

Analyzing the probability of package-related returns or the « return rate
is more applicable to curative returns management, as this metric and the
resulting number of packages support capacity planning for specific lo-
gistical operations, such as workforce scheduling (Asdecker, 2014, p. 261).
Predicting the quantity of returns related to specific items is operation-
ally/curatively relevant for batch size and order quantity planning because
returns directly affect inventory levels assuming the items are reusable.
Managing returns is one of the main challenges in e-commerce. Accord-
ing to Loebich (2014), the central question for retailers is how to control
their inventory and the number of returns. Accurate return forecasts can
prevent overstocks, which lead to increased warehousing costs and longer
capital lockup (Feindt & Sinn, 2014, p. 24). Understocks result in sales
losses, opportunity costs, higher procurement costs, and customer dissat-
isfaction or loss of goodwill (Jarke, 2014, p. 330; Werner, 2013, p. 229).
Item-specific return information can also be useful in supplier negotia-
tions to obtain higher discounts, improved quality standards, or lower
manufacturing tolerances.

V.2.3 Data mining fundamentals

According to Ratner (2012, pp. 13-14), data mining combines three com-
ponents: classical statistical methods of exploratory data analysis, big data,
and machine learning using information technology (IT). Therefore, it is
not possible to make a clear distinction between data mining and the con-
cept of big data. “Mining” is more about the process of extracting valuable
information from complex datasets using classical statistical or modern
IT algorithms, as summarized by Brethenoux of the Gartner Group:
“Data mining is the process of discovering meaningful correlations, pat-
terns and trends by sifting through large amounts of data stored in repos-
itories. Data mining employs pattern recognition technologies, as well as
statistical and mathematical techniques.” (Gartner, 2023; for a German
translation, see Kuf et al., 2014)

Data mining methods can be broadly categorized into four categories
based on their application. Nevertheless, the classifications are not mutu-
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ally exclusive, as identical algorithms can be used in multiple areas: nu-
merical methods, clustering methods, association analyses, and classifi-
cation methods, with only the latter being relevant for the further course
of this study (Cleve & Limmel, 2014, p. 57; Petersohn, 2009, p. 25).
Classification methods, including discriminant analysis, classification
and decision trees, and neural networks, determine the class membership
of a nominal-scaled (or dichotomous) dependent variable based on a set
of predictors (Kiisters, 2001, p. 107). In addition to class membership, the
probability or prediction confidence is of interest (Cleve & Limmel, 2014,
p. 61). Unlike cluster analyses, the classes are known a priori, although
both approaches may use the same algorithms, such as the aforemen-
tioned neural networks.

Combining different data mining methods into hybrid models can com-
pensate for weaknesses in a single model and improve the overall model’s
efficiency, especially since data mining software packages enable auto-
mated model linking (Fidan & Ozkok, 2013, p. 121). Cross-validation of
the model through subsample evaluation and aggregating multiple sub-
models can further stabilize or enhance predictions (Domingos, 2012,
pp. 85-86; Fromm, 2005, p. 23).

For the present study, the software packages IBM SPSS Statistics 23 (clas-
sical statistical package), IBM SPSS Modeler 17 (data mining tool), and
Microsoft Excel 2013 (spreadsheet for all numerical calculations) are used.

V.2.4 Common forecasting techniques

Forecasts or predictions refer to statements about future events and de-
velopments based on qualitative or quantitative foundations that promote
rational decision-making (Hansmann, 1983, pp. 7; 12; Rosentreter, 1977,
p- 5). Qualitative forecasting methods, which aim to estimate long-term
trends, include expert surveys (e.g., Delphi method) or scenario tech-
niques, which are not relevant to the current topic (Hansmann, 1983,
pp. 18-26). Quantitative forecasting techniques, oriented toward the short
to medium term, can be classified into two subcategories: time series ex-
trapolation and causal analysis. A time series extrapolation calculates fu-
ture values solely based on past values of the same variable and does not
consider any influences other than time, which is also a major criticism
of such methods (Hansmann, 1983, p. 45). By contrast, causal analysis
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estimate the target variable based on explanatory variables, considering
their relationships and enabling the interpretation of directions and
strengths of effects.

The first class of forecasting techniques includes simple time series fore-
casts such as moving averages or simple exponential smoothing. These
two methods assume a constant model, meaning the forecasted value is
assumed to have no underlying trend or seasonality. The forecast value t
V141 for period T + 1, based on the moving average (MA) method, is
calculated as the arithmetic mean of the last N periods (Schréder, 2012,
pp. 22-23).

N 1
Vrr+1 = 3" Ve
’ N
t=T+1-N

The principle of simple exponential smoothing (SES) considers all past
values for the forecast but with exponentially decreasing weights: the far-
ther back a value is in the past, the less it influences the next forecasted
value. The smoothing parameter a, set in the interval between 0 and 1,
determines how quickly the weight of older values decreases (Schréder,
2012, pp. 25-27). The forecasted value using simple exponential smooth-
ing is defined as

yT,T+1 =a-yrt+(1—-a) 'yT—l,T'

However, the quantity of returns is directly dependent on the quantity of
units shipped because a return to the retailer can occur only if the cus-
tomer has previously received the item or package. In this regard, causal
forecasting methods seem more appropriate, as they consider such func-
tional relationships, unlike time series forecasting. Formally, bivariate lin-
ear regression can be described as follows:

Jrrs1(x) =a+b-xr

xr represents the independent variable (i.e., the number of orders in pe-
riod T) that explains the dependent variable y (number of returns). The
parameters a and b are estimated by minimizing the squared deviation of
the predicted value from the actual value in the historical data using the
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least squares method (Dreger et al., 2014, pp. 24-25). The regression co-
efficients can be recalculated at fixed intervals (e.g., annually), but it is also
possible to perform a continuous, quasirolling calculation based on the
information from the last N periods.

V.2.5 Evaluation of forecasting models

The coefficient of determination (R2) of a linear regression model
measures the goodness of fit of the model to given (training) data. How-
ever, it is less suitable for the evaluation of forecasting problems, espe-
cially since there is no comparable measure for time series forecasts. The
goal of a forecasting model is generally to have good generalizability for
new data (Domingos, 2012, 80). Only the ex-post comparison of the fore-
casted values with the actual values from an evaluation or test data set can
objectively assess the forecasting quality, assuming the model was speci-
fied with training data (Hansmann, 1983, p. 14).

Such an ex-post forecast error can be calculated in several ways, with the
metrics differing in terms of calculation, assessment of the error measure,
and interpretation possibilities. When comparing different models with
minor differences, it may be useful to consider multiple error measures
to incorporate heterogeneous perspectives (e.g., different weighting of
outliers). Table V.1 provides an overview of some common evaluation
metrics suitable for assessing numerical forecasting models, but it does
not claim to be exhaustive.

Formula Description

AE = %L, 1% — x4 Absolute Error

MAE = %Z?’:ﬂfi —x Mean Absolute Error
MSE = %2?’:1@1‘ - x;)? Mean Squared Error

RMSE = ’%Z?’:l(?i — x;)? Root Mean Squared Error

MAPE = %Z?’:l i Mean Absolute Percentage Error

Xi

Table V.1. Selected assessment measures for forecasting (Hansmann, 1983,
pp. 15-16; Kiisters, 2012, p. 434; Petersohn, 2009, pp. 171-172).

The absolute error (AE) is generally applicable only when all forecasts are
based on the same number of observations. Since it is not standardized,
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it is not relatively interpretable (Barrot, 2009, pp. 548-550; Petersohn,
2009, pp. 171-172). When forecasting a binary dependent variable (0/1),
there is no difference between the mean absolute error (MAE) and the
mean squared error (MSE), while the mean absolute percentage error
(MAPE) is not applicable due to a possible division by zero.

The advantages of the MAE and the root mean squared error (RMSE) for
numerical values lie in their simple interpretability when compared to the
predicted value. Conversely, the MSE, due to the squared result that in-
cludes the unit, can hardly be meaningfully related to the original value.
The MAPE is the easiest to interpret due to its relative perspective, but,
similar to the MAE, its sensitivity to outliers is lower compared to the
RMSE (Kiisters, 2012, pp. 433-434).

V.3 Data mining models for the prediction of return decisions

Chapter V.3 covers the generation and evaluation of various data mining
models that aim to predict whether a return will occur for each individual
item or package shipped or if the item or package will remain with the
customer. Section V.3.1 introduces the data set used as the basis for build-
ing the models. Section V.3.2 explains the modeling approach, while Sec-
tions V.3.3 and V.3.4 assess the achievable prediction accuracy for the
item and package levels, respectively.

V.3.1 Dataset details

The data used for the study consist of historical transaction data over one
year (n =481,092) from a real fashion and footwear online store. The ob-
served retailer is a medium-sized business (Commission Recommenda-
tion of 6 May 2003 concerning the definition of micro, small, and me-
dium-sized enterprises, 2003) with an annual turnover of €13.2 million
during the observation period, with returns amounting to €17.8 million
during the same period. The return rates during this time are above 50%
for all metrics (a-RR: 59.85 %; B-RR: 52.55 %; y-RR: 57.38 %). There is a
clear relationship between orders and the number of returns (Figure V.1).
Over the course of the year, a relatively constant number of orders and
returns can be observed with a weak trend. The monthly B-return rate
fluctuates only slightly between 50 % and 55 % (right scale).
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Figure V.1. History of orders, returns, and beta return rate in the transaction
data.

The data set contains information about the transaction itself (sales and
shipping date, ID), the sold product (ID, size, color, manufacturer, price),
customer details (ID, gender/title, date of birth, state, customer account
creation date), and whether the customer returned the respective product.
In addition to the mentioned data, the transactions of the immediately
following month (04/2013; n = 45,810) are used as test data, where the re-
turn decision is initially assumed to be unknown, which serves the evalu-
ation of the different models. The preceding one-year transaction data are
used for training the models and is henceforth referred to as training data.
A total of 93.5 % of the customers in the analyzed data set are female.
Table V.2 provides further characterization of the customer base and the
items shipped by the retailer.

Variable N Mean SD Min. Max.
Age [years] (without missings) 53,549 47.80 9.94 0 112
Lead time [days)] 482,283 11.25 18.343 0 175
Product price [Euro] 531,170 70.51  44.82  0.00 999.00
Account age [days] 531,170 476.46 273.661 1 805

Table V.2. Measures of central tendency and of spread for various relevant var-
iables for test and training data set together (13 months).
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The original data contain missing, inconsistent, or implausible values.
For example, an order placed by a 112-year-old customer is highly un-
likely. Therefore, comprehensive data preprocessing is necessary. Fur-
thermore, the existing data have been enhanced through data aggregation
(e.g., identification of selection orders) and integration of data from exter-
nal sources (such as population density of the customers’ originating
states) to enrich and expand the available information.

V.3.2 Approach to model specification for return decision forecast

In the first step, it is necessary to filter out all transactions with missing
shipping or delivery dates. These items cannot be returned because they
never reached the customer.

The approach for model specification follows these systematics at the ar-
ticle and package levels (Figure V.2): Initially, the base model includes only
the continuous (metric) variables contained in the data set. Together with
additional explanatory or control variables, they form an extended model.
The history model exclusively uses historical return rates of different refer-
ence variables (article, manufacturer, color, customer, state) but ignores
information about prices, selection orders, et cetera. A comprehensive
model (“full model”) combines all influencing factors available in the data,
including additional factors generated during data preprocessing.

//[ N N
N
\

Basic metric data Historic return rates
— base model — history model

Extended data
— extended model j

Additional variables

—> full model /

Figure V.2. Schematic assignment of different variables to the models.
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Different algorithms such as logistic regression, neural networks, C5.0
decision trees, discriminant analysis, and ensemble models, as well as
various preprocessing steps are used to create multiple models for each of
the described data foundations. The models’ precision is evaluated using
the test data.

V.3.3 Models for the return decision forecast on article level

At the article level, the comprehensive full model encompassing all avail-
able input variables enables the best prediction: It accurately forecasts
two-thirds of all returns (Table V.3). The elimination of weak or implausi-
ble variables can further enhance this overall model, resulting in a rela-
tively high accuracy with a forecast error of 14,987 misclassified transac-
tions (out of 45,810).

The greatest improvement is observed between the base model and the
extended model, indicating the significant role played by the identification
of selection orders within the extended model. The performance of the
full model stands out distinctly from the history model or the extended
model. Therefore, in pursuit of high prediction accuracy, it is worthwhile
to generate and incorporate additional variables.

A careful iterative examination of a variable’s relative influence is also es-
sential, as demonstrated by the improvements of a refined full model
through variable elimination. Although the refined full model exhibits
poorer fit to the training data, it can better predict unknown data, indicat-
ing higher generalization capability.

The performance of the history model highlights that minimal effort and
no consideration of order-specific information still allow an acceptable
forecast by averaging over a large data set.

Data basis Model Absolute (relative) error
Base model C5.0 17,869 (39.01 %)
Extended model NN 16,682 (36.42 %)
History model NN 16,080 (35.10 %)
Full model NN 15,274 (33.34 %)
Refined full model DA, NN 14,987 (32.71 %)

Table V.3. Comparison of model precision of article-based classification models
(n=45,810 articles).
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V.3.4 Models for return decision forecasting at the package level

In addition to article-level predictions, forecasting at the package level is
of particular interest for logistical purposes. Package-specific information
such as delivery time, package size, and package value are used as exoge-
nous variables. Article-specific return rates incorporate additional variable
details about the articles contained in the package into the package mod-
els. Similar to the article level, the package models employ a progressively
expanded set of predictors to compare their influence in the overall eval-
uation and to assess the models based on an appropriate balance between
complexity and goodness of fit.

An additional alternative article based model aggregates the information
from the best article model for the package level and utilizes its probabil-
ities for the respective decision on an article basis (return or not) to deter-
mine the return probability of a package:

N
pj(package) =1 — 1_[(1 — p;(article))

i=1

Subsequently, the model classifies packages with a calculated return prob-
ability greater than 50% as expected returns. In comparison (Table V.4),
this article-based alternative model performs the best and also enables a
slightly better prediction than at the article level. Generally, the prediction
is more precise at the package level, which is related to the typically higher
a-return rate: For example, a naive model that classifies all units as re-
turns would make an error of approximately 40 % for packages, while it
would misassign 48 % of the articles.

Data basis Algorithm Absolute (relative) error
Base model Ensemble 7,215 (32.69 %)
Extended model Ensemble 7,004 (31.74 %)
History model C5.0 6,897 (31.25 %)
Full model Ensemble 6,672 (30.23 %)
Refined full model Ensemble 6,544 (29.65 %)
Article-based model Alternative model 6,195 (28.07 %)

Table V.4. Model precision comparison of packet-based classification models
(n=22,069 packets).
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The ensemble models, which consist of combined models from different
method classes, exhibit the best and most stable forecasts. The differences
between the various databases are relatively small at the package level.
Therefore, from a practical perspective, it is advisable to either rely on less
resource-intensive history models or use the detailed modeling performed
at the article level directly for package prediction using the alternative
model.

V.4 Evaluation of return volume forecasts

Section V.4.1 explains an additional naive forecasting model for the total
volume of returned articles that should be evaluated afterward. Subse-
quently, Sections V.4.2 and V.4.3 evaluate the weekly forecasting accuracy
of different techniques for both article and package total volume.

To verify the usefulness of the created data mining models for logistical
planning processes, Section V.4.4 compares the forecast for the expected
returns volume over a one-month period based on the most accurate data
mining models from Section V.3.2 with the techniques used in Sections
V.4.2 and V.4.3. A subsequent analysis at the individual product level in
Section V.4.4 completes the analysis of return volume forecasts.

V.4.1 Naive return volume forecast

In addition to the techniques explained in Section V.2.4, a third calcula-
tion methodology is employed. This model takes into account the men-
tioned causal relationship — in other words, the dependence of returns on
current sales figures — and, therefore, exhibits similarities to the regres-
sion model mentioned above. The multiplication of the volume ordered
by customers within a reference period by the historical return rate can be
formally represented as a naive estimation (Toktay, 2001, p. 4) as follows:

Nunits ordered * RRhistoric = Nunits returned

In a sense, it can be interpreted as regression model without a constant,
in which the historical return rate serves as the slope parameter. The tem-
poral reference of this return rate is variable and can, for example, refer
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to the most recent period, an exponentially smoothed value of past peri-
ods, or a constant time frame, such as the return rate of the previous fiscal

year.

V.4.2 Article-based return volume forecast

The investigation now focuses on the number of returned articles, with
one week corresponding to one period. The explained quantitative meth-
ods are applied to the transaction data of the shoe and fashion retailer and
are evaluated based on the error metrics MAPE, MAE, and RMSE. The
evaluation (Table V.5) implicitly assumes that forecasts are generated at
the end of the period and that returns occur in the period following the

order.

Model Parameter MAPE MAE RMSE
Moving Avereage (MA) N =1 period 29.87% 1,397 2,040
N = 4 periods 36.36 % 1,575 2,260
N = 8 periods 33.81 % 1,403 2,079
Single Exponential a=02 3276 % 1,366 2,062
Smoothing (SES) a=05 31.36 % 1,378 2,032
a=0.8 30.44 % 1,385 2,031
Holt a=0.5 =02 35.07 % 1,548 2,209
a=0.5 =05 40.15% 1,781 2,499
a=0.5 =08 4594 % 2,092 2,810
Bivariate linear regression periods 1-8 6.04% 213 260
rolling, N = 4 periods 3.69% 143 187
rolling, N = 8 periods 337% 123 182
Naive model a=02 260% 118 186
a=0.5 236% 101 152
a=0.38 241% 102 155

a =1 (previous RR value) 2.50% 106 162

Table V.5. Comparison of returned article volume forecasts. Quality measures
calculated for 49 periods starting from period 9 (total number of re-
turns in this period: 221,968, average: 4,530 returns/period).

Since the forecast accuracy of simple exponential smoothing improves
with increasing a and achieves the best value for a = 1, the assumption of
a constant model needs to be questioned: Such behavior suggests the ex-
istence of a trend or seasonality (Schroder, 2012, p. 30). For this reason,
the double exponential smoothing method, known as Holt’s method, is
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additionally employed, which takes into account a possible trend (Holt,
2004, pp. 5-10; Schroder, 2012, pp. 41-42). However, according to the re-
sults, no such trend is present, since the forecasts deteriorate for double
exponential smoothing, and the parameter 8 = 0 yields the best forecasts
for this method, which aligns with simple exponential smoothing. Sea-
sonal factors could be calculated only with a multi-year database.

The moving average over one period or exponential smoothing with a
smoothing parameter o= 1 corresponds to the value of the previous pe-
riod as the forecast value, which still represents the best forecast within
the time series forecasts but exhibits an average error (MAPE) of nearly
30 %. Generally, due to the lack of consideration for current sales figures,
time series forecasts are not well suited for forecasting the return volume.
The causal methods perform much better, with the naive method of linear
regression being preferable due to its simplicity and better forecast per-
formance. Exponential smoothing of the historic return rate with a mod-
erate to high parameter a can yield the best possible results depending on
the volatility of the underlying data. However, in the data used for this
study, using the return rate from the previous period (a = 1) already pro-
vides a very low forecast deviation of only 2.60 %.

V.4.3 Package-related return volume forecast

The primary benefit of volume forecasting at the enterprise level lies in
predicting the number of packages to be processed by the company, as
these data, for example, supports operational workforce planning. The re-
sults in Table V.6 confirm the findings from the article volume forecast.
Once again, the naive model estimates the volume most precisely, which
holds for the package level. Bivariate linear regression yields usable re-
sults, but due to the higher complexity, the naive model is preferable with-
out smoothing or with simple exponential smoothing using a moderate
to high smoothing parameter . Time series methods perform approxi-
mately an order of magnitude worse.
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Model Parameter MAPE MAE RMSE
MA N =1 period 30.70% 714 1,040
N = 4 periods 3739% 814 1,174
N = 8 periods 36.18 % 759 1,093
SES a=02 35.06 % 728 1,074
a=0.5 32.73% 713 1,050
a=0.8 31.37% 706 1,041
Holt a=0.5 =02 35.80% 801 1,145
a=05 =05 41.59% 917 1,293
a=05 =08 47.89% 1,077 1,447
Bivariate linear regression periods 1-8 531% 113 140
rolling, N = 4 periods 450% 86 117
rolling, N = 8 periods 348% 71 95
Naive model a=02 2.70% 56 72
a=0.5 248% 50 65
a=0.8 239% 48 65

a =1 (previous RRvalue) 2.45% 51 67

Table V.6. Comparison of returned package volume forecasts. Quality measures
calculated for 49 periods starting from period 9 (total number of re-
turns in this period: 114,921, average: 2,345 returns/period).

V.4.4 Comparison of the naive volume forecast with the volume
forecast of the data mining model

Since the data mining model is based on the complete training data (April
2012 — March 2013), an objective evaluation with unknown data is possi-
ble only for the month of the test data set (April 2013). The comparison is
conducted for the total number of returns in that month, and the previ-
ously described naive model serves as reference model.

25,029 articles returned 13,166 packages returned
Model Forecast Percentage error | Forecast Percentage error
Data mining model 28,671 15.08 % 14,799 12.40 %
Naive model 24,072 3.82% 13,208 0.32%

Table V.7. Forecast comparison of the data mining model and the naive model
for the total number of returns in one month (test data: April 2013).

The naive model for articles in Table V.7 is based on the historical return
rate averaged over the previous fiscal year. By using the return rate of the
previous month instead of the entire year, the deviation is only 0.34 %,
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but it is more susceptible to short-term fluctuations in this rate. Exponen-
tial smoothing of this return rate with a smoothing parameter o= 0.5 re-
sults in a prediction error of 1.55 % and should represent a satisfactory
compromise in terms of responsiveness to changes in return behavior.
At the package level, the forecast is slightly more precise than at the article
level: With 13,166 actually returned packages in the test data, the error is
only 0.32 %, while using the a-return rate of the previous month increases
it to 0.61 %. When using a monthly exponentially smoothed return rate
with a smoothing parameter of a= 0.5, the error is only 0.71 %, and for
a=0.25, itis 0.07 %.

Compared to the best data mining model, the naive model deviates signif-
icantly less from the true value and, therefore, is better suited for the over-
all quantity forecast (see Table V.7).

V.4.5 Forecasting the returns volume at the product level

At the product level, the forecast of the expected return quantity holds the
highest practical value, as these numbers can be directly used for order
quantity and inventory planning. Forecasting returns for items with low
sales and return volumes is likely to be difficult, which is why the analysis
covers the entire month of the test data to include an adequate number of
units. Nevertheless, this section also demonstrates the extent to which
low-selling and low-return items can be predictable.

The naive volume forecast is calculated by multiplying the product-spe-
cific B-return rate aggregated over one year (corresponding to the training
data) with the sales figures of the following month (i.e., from the test data).
The data mining-based forecast is derived from the most accurate article
model, in other words, the refined full model, for which the sum of pre-
dicted returns was calculated for each product.

Figure V.3 illustrates the higher forecast accuracy of the naive model and
the relationship between the forecast accuracy measured by the MAPE
and the number of returned items. The return volume of rarely purchased
items is more difficult to predict and, therefore, can be forecasted only
over longer periods compared to top sellers. In this unweighted analysis
of the articles, multiple iterations progressively limit the number of con-
sidered products based on their order frequency: For example, during the
analysis period, 575 different products were returned more than five
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times, while only 256 products caused more than 25 returns. Items with-
out returns are not considered, as their deviation from the true value
(zero) cannot be determined as a percentage.
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> 1 return, = 5 returns, =10 =25 =50 =100

n=1072 n=575 returns,n returns,n returns,n returns,n
=415 =256 =149 =57
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Figure V.3. Mean absolute percentage error (MAPE) of the product-specific vol-
ume forecast as a function of the minimum number of returned arti-
cles. Data basis: 45,810 transactions in one month (45,378 transactions
for products with at least one return).

With each restriction on the number of examined products, gradually fil-
tering out the rarely returned items, the forecast of the returned quantity
improves as expected. The naive model predicts the return volume more
accurate than the data mining model for products with more than five
returns. The average deviation of the naive model is 16.6 %, compared to
the data mining model restricted to the products with more than 100 re-
turns (19.9 % average forecast deviation).

Finally, weighting all products with at least one return by their respective
sales volume and subsequently calculating the normalized relative devia-
tion confirms this result. An average percentage error of 13.0 %
(SD = 0.31) for the naive forecast compares to 26.6 % (SD = 0.34) for the
most accurate data mining model.



226

V.5 Conclusion

A fundamental limitation of this study is the fact that only data from a
single online shoe and fashion retailer with a rather specific customer
base (93.5 % female customers of higher age) were considered. Therefore,
the findings can only be partially extrapolated to other online retailers or
even other industries. Consequently, the results should be critically exam-
ined in the future using additional real-world data sets or through simu-
lation. Additionally, such a study could also consider return timings,
which could not be closely examined in the present analysis due to data
limitations.

Referring to the research questions, the results can be summarized as fol-
lows:

o How accurately can retailers predict a customer’s return decision based
on transaction data using data mining techniques?

The best prediction models misclassify 14,987 (32.71 %) out of 45,810
transactions. Taking into account the previously filtered-out 4,268 can-
celed items, the overall precision in the test data set is approximately 70 %.
A package-level model based on these item-level models can correctly as-
sign 15,874 (71.93 %) out of 22,069 packages. Thus, aggregating data from
the item level to the package level slightly improves the forecasting accu-
racy.

o Which techniques are best suited for forecasting return volumes?

The choice of the appropriate forecasting method depends on usually
complementary criteria (particularly “accuracy, cost, and complexity”;
Hansmann, 1983, p. 141), requiring careful prioritization (Hansmann,
1983, pp. 141-142). This study demonstrates that this trade-off does not
always hold true, as the naive model for quantity forecasting based on his-
torical return rates and current order quantity outperforms more complex
regression models. Time series methods, in general, are less suitable for
forecasting return quantities.
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o To what extent do data mining models used for return decision-making
enable the derivation of accurate return quantity forecasts?

In the overall analysis, the data mining models used to forecast return
volume, which were actually created to predict return decisions, are not
well-suited for estimating the total return quantity of the merchant or
product-specific return quantities. However, in a future study, alternative
numerical data mining models specifically designed for these purposes
could be generated, which may achieve a level of precision similar to that
of the naive volume forecast.

The naive forecasting tool presented in this paper is recommended for
practical use in quantity forecasting due to its low deviations and intuitive
handling. In the next step, for early return estimation, it is conceivable to
link it with product-specific demand forecasts instead of order quantities.
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Abstract

The more people shop online, the more consumer returns e-tailers face.
In order to plan the returns management process capacity adequately, it
is necessary to forecast the expected amount of returned parcels. Big data
analytics provides a vast number of methods to perform such tasks. How-
ever, it should be noted that particularly small- and medium-sized e-tailers
lack the capabilities and resources to employ such complex techniques.
Against this background, this paper analyzes the performance of several
data analysis methods that differ in application complexitiy using real data
from an apparel e-tailer. On the one hand, we find that —as expected— com-
plex methods outperform simple ones. On the other hand, and from a
practitioner’s perspective probably even more interesting, we also con-
clude that a binary logistical regression as the simplest analyzed method
may already provide satisfactory results. The findings indicate that the use
of big data analytics is of great value to effectively and efficiently manage
consumer returns — even if not the most sophisticated state-of-the-art
method is used.

Keywords: Returns management, product returns, e-commerce, forecast

models
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VI.1 Introduction and motivation

In today’s retailing world, more people shop online more frequently. Con-
sequently, e-commerce revenues have been skyrocketing in the last two
decades and an end to this development is not foreseeable. In 2015, for
instance, US consumers spent more than $340.41 billion online; up from
$4.98 billion in 1998 (United States Census Bureau, 2018). While e-tailing
clearly offers numerous advantages over traditional brick-and-mortar re-
tailing, there is one major disadvantage: supply and demand are geo-
graphically separated. Therefore, consumers are unable to see, feel, and
test the products before purchase. In other words, they can not try before
they buy, which almost inevitably leads to consumer returns.

From a business perspective consumer returns are a major cost driver and
pose a serious threat on an e-tailer’s profitability. According to Stock et al.
(2006), expenditures can be as high as $30-35 per return, while return
rates may well exceed 50 % for fashion items (Asdecker et al., 2017). These
already staggering numbers still reflect only part of the problem. In addi-
tion to the direct costs there are indirect effects that influence customer
value.

Existing research shows that the returns process is part of the post pur-
chase-experience and herein influences customer satisfaction and reten-
tion (Petersen & Kumar, 2009). Laseter and Rabinovich (2012) argue that
the improvement of the product return experience is based on the follow-
ing three principles: (1) lower customer efforts to return the product, (2)
offer customized solutions that fit the customers’ needs, and (3) exceed
customer expectations when processing returns. The third principle spe-
cifically refers to the desired outcome (e.g., compensation of made pay-
ments), ease of contact, and recovery responsiveness (Mollenkopf et al.,
2007). The latter can be operationalized with the time necessary to process
areturn. To speed returns up, operations require the most accurate capac-
ity planning, which, in turn, is based on forecasts. The importance of this
task cannot be underestimated: The better the forecasts are, the more ef-
fective and efficient will cosumer returns be processed.

Literature provides various econometric, statistical and/or data mining
methods that can be employed to predict returns. Some are higly complex
while others are more straightforward and easier to apply. In a world
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where many decision makers strive for the one optimal alternative, com-
plex state-of-the-art methods seem to be the best choice. However, they
also demand sophisticated skills, additional capabilities and financial re-
sources, which are confined, particularly in small- and medium-sized e-
tailing companies (Coleman et al., 2016). In a challenging paper, Banks
(1993, p. 360) concludes: “I would guess that intelligent use of simple
tools will achieve 95 % of the knowledge that could be obtained through
more sophisticated techniques, at much smaller cost. Also the simple
tools can be applied more quickly to all problems, whereas the complex
tools are unlikely to be ubiquitously used.” While the paper was written
in a different era the general message remains. Against this background,
we address the following research-leading question:

e How are simple data analysis methods performing compared to complex,
more sophisticated ones when predicting consumer returns?

Unlike other publications that try to identify factors that influence the like-
lihood of consumer returns (e.g., Asdecker et al., 2017; Smriti, 2018; Tok-
tay et al., 2004), this paper compares the performance of different fore-
casting methods. To the authors’ best knowledge, the publication that is
the closest to the one at hand originates from Urbanke et al. (2015). They
developed a decision support system that identifies transactions with a
high likelihood to return before the actual sale takes place and demon-
strated the approach’s applicability using a large dataset from a German
fashion e-tailer. Within their study they compare seven forecasting tech-
niques, namely the principal component analysis, linear discriminant
analysis, randomized truncated singular value decomposition, feature se-
lection based on univariate chi-squared statistic, random projection, non-
negative matrix factorization, and a specific feature extraction technique
that ignores nominal indicators. While they search for the technique with
maximum precision, they do not compare simple with complex ap-
proaches.

The remaining article will provide an overview of different forecasting ap-
proaches, followed by a report on the performance of the previously intro-
duced techniques. Finally, we conclude with a summary and an outlook
on future research.
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V1.2 Theoretical background and return forecasting tech-
niques

The data science and statistics literature provides a variety of different
methods or techniques that can be used to to predict consumer returns.
Since consumers decide to either return or keep the delivered items the
dependent variable is binary in nature. This article considers five ap-
proaches that are briefly described as follows.

VI.2.1 Binary logistic regression

The binary logistic regression is the simplest method to be taken into ac-
count. It is an extension of the linear regression, where the dependent
variable is binary (1=return, O=keep). The independent variables can be
either continuous (interval/ratio) or categorial (ordinal/nominal) in na-
ture. For each observation, the binary logistic determines the probability
that the dependent variable takes value “1” (Hastie et al., 2009).

VI1.2.2 Linear discriminant function analysis

The linear discriminant function analysis, which was first performed by
Fisher (1936), shares great similarities with the logistic regression. The
analysis requires at least two a priori known groups to which observations
shall be assigned. The basic idea is to create a linear combination of inde-
pendent variables, which best classifies the available data. Thereby, it de-
termines a score for each observation which is then compared to a critical
discriminant score in order to carry out the classification (return vs. keep).

VI.2.3 Artifical neuronal network: multiylayer perceptron

Artificial neuronal networks are based on a set of connected nodes, the so
called artificial neurons, which are organized in layers. Connected artifi-
cial neurons can exchange signals with each other. The receiving artificial
neuron will then process it and, in turn, signal artificial neurons con-
nected to it. The ultimate goal is to find a function that best assigns input
data to the correct output. To achieve this goal in the returns management
context, this study uses multilayer perceptrons, a class of feedforward neu-
ral networks. Herein, the information flows exclusively from the input
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layer through hidden layers with a certain amount of units to the output
layer with no feedback flow. Training is done through backpropagation,
which is a supervised learning technique that compares the outputs of the
network with the known actual values (Hastie et al., 2009).

V1.2.4 Decision tree learning: C5.0 algorithm

Decision trees are hierarchical structures of branches, representing con-
junctions of certain characterisics, and leafs, representing class labels.
The goal of this technique is to create a decision tree that best classifies
the available observation. For this purpose many decision tree algorithms
have been presented. This analysis refers to the C5.0 algorithm. C5.0 is
the faster, more efficient successor of the widely-employed C4.5 algorithm
(Pandya & Pandya, 2015).

VI.2.5 Ensemble learning technique

The ensemble learning method uses several algorithms to improve pre-
dictive performance. It determines the result of every single algorithm
and interprets it as a hypothesis for the final verdict (Polikar, 2006). In this
study, we used the training data to determine the three most accurate tech-
niques from the following selection: artificial neuronal network, different
decision trees (C5.0, QUEST, CART, CHAID), binary logistic regression,
linear discriminant analysis, Bayesian network, and nearest neighbor.
This resulted in three hypotheses that were given a vote proportional to
the confidence, which equals the probability that the postulated hypothe-
sis of a specific algorithm is accurate.

With regard to the required expertise and software, the binary logistic re-
gression and the two-group discriminant analysis are quite straightfor-
ward and implemented in common statistical programs with simple and
intuitive user interfaces. The remaining three are more complex and
therefore require more data mining knowledge as well as less intuitive
software (e.g., R, Python, MATLAB, or specific data mining tools such as
the IBM SPSS Modeler).
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V1.3 Comparison of the different forecasting techniques

The introduced prediction techniques will be tested using real data from
a medium-sized German fashion e-tailer that requested confidentiality
concerning its name. We will first describe the characteristics of the pro-
vided data and then determine the predictive performance of the previ-
ously introducted techniques.

VI1.3.1 The dataset

The dataset contains shipment and returns information from April 2012
to April 2013. More up-to-date data would be desirable but is unrealistic
because many merchants consider returns data as proprietary and are un-
willing to share this kind of information. During the analyzed period, the
e-tailer sent 220,474 shipments and received 131,907 returns, which
equals an a-returns rate of 59.8 % (Asdecker, 2015). While the returns rate
might change over time due to different customer behavior or successful
avoidance strategies, it should be noted that data age is irrelevant to this
type of comparative investigation. The e-tailer shared the following infor-
mation:

e Package ID: unique ID of the shipment

e Price: Total value of shipped goods in Euro

o Number of articles: total number of articles in the shipment

e Delivery time: time between order placement and delivery in days

e Customer type: categorial variable that indicated the customer type
(1=female, 2=male, 3=family, 4=company, 5=unknown)

o Customer age: customer age at the time of order in years

e Account age: age of the customer account at the time of order in days

e Return: binary variable to indicate whether the enclosed return label
had been used (1=return, O=no return)

VI.3.2 Predictive performance

We divided the shared dataset in two parts. The first twelve months, that
is, the data from April 2012 to March 2013, were used to derive the pre-
diction model. The last month, April 2013, is the actual test data. Within
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that period, the e-tailer sent 22,069 shipments and received 13,166 re-
turns. Consequently the a-returns rate is 59.7 %. The criterion used to
assess the quality of the forecast is the total absolute error (TAE), which is
the summed absolute difference between the predicted and the actual
value. This equals the total number of cases that were mispredicted, which
means they were either classified as a return even though nothing was
returned or vice versa. All five predicting methods were implemented in
IBM SPSS Modeler 18, leading to the following results:

e Binary logistic regression, TAE=7,329 (33.21 %)

e Linear discriminant function analysis, TAE=7,372 (33.40 %)

o Artifical neuronal network I (MLP, one hidden layer, six units/layer),
TAE=7,364 (33.37 %)

e Artifical neuronal network II (MLP, two hidden layers, six
units/layer), TAE=7,146 (32.38 %)

e Decision tree learning: C5.0 algorithm, TAE=6,973 (31.60 %)

¢ Ensemble learning technique, TAE=6,963 (31.55 %)

Accordingly, the ensemble learning technique provides the best results
and predicts 68.45 % of the analyzed cases correctly. The three techniques
derived from the training data and used in the ensemble were C5.0,
CHAID, and QUEST, which are all decision trees. This finding was ex-
pected because the utilization of multiple algorithms within an ensemble
usually provides better predictive results than any of the algorithms sepa-
rately (Polikar, 2006). More surprising is the good performance of the sim-
pler, less sophisticated techniques. Binary logistic regression and linear
discriminant function analysis correctly predict 66.79 % and 66.60 % of
cases, respectively. This is equivalent to the artificial neuronal network
with one hidden layer (66.63 %) and only slightly worse than the neuronal
network with two hidden layers (67.62 %).

On the one hand, this generally shows that data mining can be helpful
when it comes to plan the return processes and determining the necessary
capacity in the returns department. On the other hand, this study also
highlights that it does not always have to be the most sophisticated
method to generate an acceptable consumer return forecast. In fact, a cost-
benefit analysis might favor simple methods, since more sophisticated
and complex methods require more resources and data mining
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knowledge. This holds particulary true for the binary logistic regression,
which is not only easy to conduct but also allows for a detailed analysis
regarding the factors that affect consumer return behavior. Table VI.1
summarizes the SPSS report for the statistically significant binary logistic
regression (p=0.000, Nagelkerke’s R2=0.212) derived from the twelve
months training data.

In the model, the probability of a return increases with the total value of
the shipped goods, the number of items in a shipment and the account
age, whereas it decreases with the delivery time. Packages that are deliv-
ered to women have the highest return probability, followed by families,
companies, men and unknown recipients. The standardized coefficients
b and the Wald statistics show the factor’s relative impact: the biggest ef-
fect has the price, followed by the number of items and the customer type.

Variable b SE © (f(i(spg)gtio) Wald
Constant* 0.655  0.006 1.926 12,514.985
Price* 1.267  0.010 3.550 15,552.654
Nr. of articles* 0.325 0.006 1.384 2,532.507
Delivery time* -0.026  0.005 0.975 23.871
Sent to: Mr.®* -0.437  0.026 0.646 272.223
Sent to: Family? -0.139  0.086 0.870 2.597
Sent to: Company*  -0.303 0.178 0.739 2.904
Sent to: Unkown®*  -0.554 0.190 0.574 8.525
Customer age* -0.065 0.005 0.937 172.983
Account age* 0.036  0.005 1.036 48.129

Table VI.1. Results of the binary logistic regression model.

V1.4 Summary and outlook

Overall, the good classification performance of the parametric methods
(binary logistic regression and linear discriminant analysis) surprises. In
fact, their performance is only 1.66/1.85 percentage points worse than the
ensemble technique as the best nonparametric method. However, their
results are easy to interpret and understand. Therefore, simple models
such as the binary logistic regression might be the better choice in busi-
ness practice, especially for small and medium-sized e-tailers that face
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limited data mining capabilities and financial resources. This holds par-
ticularly true because they can also be used for the initiation of preventive
returns management measures.

This study is based on real data provided by a German e-tailer. Neverthe-
less, the scope of the analyzed data was very limited. It would be desirable
if future studies had access to additional information, e.g., a customer’s
order and return history, shopping basket composition, to substantiate
the presented results. With a larger amount of data, it is very likely that
the investigated complex techniques can better exploit their advantages.
Moreover, this analysis focused on the prediction of return shipments
which is important to plan the reverse logistics process. In further re-
search, it may be of interest to take a closer look inside the shipments to
extend the analysis to single articles/items.
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Abstract

Returns management — an important component of supply chain man-
agement — is a key aspect of online retailers’ business models. Despite
increasing interest in this issue, few studies have published empirical re-
sults on the drivers of consumer returns in e-tailing. Because this
knowledge is essential to enabling better decisions about return flows, we
explored an extensive dataset from an online apparel retailer using linear
and logistic regression models. This approach distinguishes our study
from other empirical work, which is usually based on survey methods.
Before the data analysis, previously untested hypotheses were formulated
using established theories and anecdotal information.

Keywords: Big Data, Consumer Returns, E-Commerce, Retailing, Re-
turns Management
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VII.1 Introduction and motivation

The impact of digitization is particularly significant in retailing. In today’s
retailing world, more and more people shop online. This process can be
quantified. In the US, for instance, e-commerce revenues more than
quadrupled between 2004 and 2014, increasing from 72.7 to 298.6 billion
dollars (United States Census Bureau, 2016). Most of this growth can be
attributed to the cannibalization of other distribution channels, particu-
larly traditional brick-and-mortar retailing. This trend will continue for
two main reasons:

1. In contrast to traditional stationary merchants, online retailers (known
as e-tailers) do not face shelf space limitations. As a result, online busi-
nesses can offer an almost unlimited variety of products, which is becom-
ing more important and valuable in a world in which customer needs are
increasingly diverse.

2. Historically, two of the major advantages of brick-and-mortar retailing
have been immediate product availability and the opportunity to provide
customers with assistance from well-trained employees. However, be-
cause logistics service providers can now offer same-day services and in-
formation technologies can provide unprecedented customer relationship
management capabilities, the previous selling advantages of traditional
retailers have been eroded.

E-tailing fundamentally influences retailers’ business models. First, as
mentioned above, distribution channels are changing. Moreover, cus-
tomer relationships, core activities and cost structures are changing as a
result of digitization. While e-tailing clearly offers numerous advantages,
there is one major disadvantage: supply and demand are generally geo-
graphically separated. Therefore, consumers are unable to touch and try
out products before purchase, which leads to higher consumer returns.
Thus, returns management — as one of eight major supply chain manage-
ment processes (Croxton et al., 2001) — is a key activity in e-tailing. It is
becoming increasingly important as more people shop online and are
more likely to return their purchases.

From a business perspective, consumer returns are a major cost driver
and represent a threat to profitability. Stock et al. (2006) estimate such
expenditures at $ 30-35 per return. Prior research has shown that returns
rates may exceed 60 % for e-commerce fashion retailers (Foscht et al.,
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2013). However, it should be noted that e-tailers use different types of re-
turns rates. Asdecker (2015) distinguishes between the a-returns rate and
the B-returns rate:

The a-returns rate is the number of returned shipments in relation to the total
number of outbound shipments. In contrast, the B-returns rate is the number of
returned items in relation to the number of shipped items.

These two key performance indicators may deviate substantially, as the
following example illustrates. Imagine three shipments: the first one com-
prises three articles, of which two are returned; the second one, four arti-
cles, of which one is returned; and the third one, a single article that the
customer keeps. In this example, the a-returns rate equals 2/3 = 66.7 per-
cent, whereas the B-returns rate equals 3/8 = 37.5 percent.

From a logistical point of view, the a-returns rate is a valuable piece of
information for predicting the number of parcels that must be handled.
The B-returns rate is more valuable to marketing and sales because it
helps decision makers to evaluate distribution success.

Asdecker (2015) presents a circular model of the sales and returns pro-
cess, which reveals a disproportionate relationship between the rate of re-
turns and the associated costs. For this reason, many e-tailers emphasize
preventive returns management measures as a way of reducing the vol-
ume of products sent back. Stock and Mulki (2009) note that “[...] the best
way of optimizing the product returns process is to not have returns at all
[.]

Avoiding returns before they occur requires knowledge of the drivers af-
fecting the returns rate. These drivers may also help retailers to forecast
the volume of returned products, which is essential to planning an effi-
cient physical return process. Toktay et al. (2004) indicate that: “[...] there
is little research on identifying factors that significantly influence return
flow characteristics. Developing a good understanding [...] would enable
better decision making for influencing return flows”. Although this call
for research was issued more than a decade ago, little progress has been
made on this topic. We therefore address the following research-guiding
question:

o Which drivers influence the flow of returns in e-tailing and to what extent?
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The nature of online shopping generates large amounts of data, which e-
tailers could profitably analyze using sophisticated big data analytics. To
address the research question above, we use actual order and returns data
from an online apparel retailer. This approach distinguishes our study
from other empirical work, which is usually based on survey methods.
The remainder of this article is structured as follows: the next section pro-
vides an overview of the relevant literature and develops the hypotheses to
be tested. Then, we introduce the chosen methodology. Next, we present
the findings of the empirical models. Finally, we offer a conclusion and
an outlook for future research.

VII.2 Selected literature review and development of hypothe-
ses

Interest in the issues of consumer returns and returns management has
grown over time, leading to an increase in publications on the subject
(Stock & Mulki, 2009). This selective literature review focuses on concep-
tual/theoretical and empirical contributions, allowing us to deduce the hy-
potheses to be tested.

E-tailers can manage their customers’ expectations by providing detailed
product information, high-resolution product photography, videos,
and/or balanced customer reviews. However, this addresses only part of
the problem. There is also a psychological dimension to returns, which
can be explained using the post-purchase dissonance (PPD) theory (Lee,
2015; Powers & Jack, 2013). Festinger (1957) describes cognitive disso-
nance as an uncomfortable state of mind that one experiences after choos-
ing among a set of alternatives, each of which has both positive and neg-
ative attributes. Cognitive dissonance theory implies that individuals try
to maintain a consistent set of beliefs. Any deviation from this consistency
causes psychological tension, such as anxiety or uncertainty. Incon-
sistency may originate from the positive attributes of the rejected alterna-
tives or the negative attributes of the chosen alternative. The theory also
holds that people attempt to alleviate these negative psychological states.
Lee (2015) notes that “[...] consumers increasingly use product returns to
cope with PPD over other actions identified in the literature”. Thus, with
regard to online shopping, PPD theory suggests that consumers tend to
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order more products to eliminate mental discomfort resulting from the
rejection of alternatives and, hence, return more to reduce dissonant ten-
sion resulting from the chosen alternatives. We therefore assume that ad-
ditionally ordered items have a positive effect on the returns rate.

e H1.1: There is a positive relationship between the number of additional
items and the a-/B-returns rate of an order.

The argument above is particularly true for so-called “multiple-item
orders”. In these cases, customers purchase multiple items in different
styles, sizes, or colors because they are uncertain about which article will
best meet their expectations. In the end, the majority of articles are sent
back. This phenomenon has been anecdotally reported by several practi-
tioner-oriented outlets: “Paula Cuneo [...] recently ordered 10 pairs of cor-
duroy pants in varying sizes and colors [...], only to return seven of them.
Ms. Cuneo is shopping online for Christmas gifts this year, ordering coats
and shoes in a range of sizes and colors. She will let her four children
choose the items they want—and return the rest” (Banjo, 2013). There-
fore, we specifically hypothesize as follows:

e H1.2a: There is a positive relationship between the number of multiple-
items regarding size (i.e., same style and same color) and the a-/B-returns
rate of an order.

e H1.2b: There is a positive relationship between the number of multiple-
items regarding color (i.e., same style and same size) and the a-/f-returns
rate of an order.

o H1.2c: There is a positive relationship between the number of multiple-
items regarding style (i.e., same color and same size) and the a-/B-returns
rate of an order.

Utility theory suggests that consumers decide to order online when the
associated utility exceeds the utility of not ordering (McFadden, 1974).
Therefore, the utility of ordering is positively influenced by the customer’s
expectations of the product and negatively influenced by the attached un-
certainty (Minnema et al., 2016; Rust et al., 1999). To reduce the cus-
tomer’s perceived risk, many e-tailers offer liberal returns policies that can
be considered as insurance against negative experiences (Mollenkopf et
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al., 2007; Padmanabhan & Png, 1995). Actively advertising these liberal
policies decreases a consumer’s uncertainty, thus increasing his or her
overall likelihood of placing an order (Kirmani & Rao, 2000; Wood, 2001).
However, because customers have only imperfect information about a
product’s performance prior to receiving it, these liberal policies also lead
to more products being returned when customer expectations are not met.
According to Zeithaml et al. (1990), a product’s price can influence a cus-
tomer’s expectations. Teboul (1991) notes that price determines the level
of quality a customer demands. In a recent interview, Mayuki Chou,
founder of the Taiwanese fashion e-tailer W-style, notes that consumers
have lower expectations of lower-priced items and develop a higher toler-
ance for disappointment (E27.co, 2015). Accordingly, Hess and Mayhew
(1997) argue, “[...] that consumers will be less likely to accept a poor fit as
the item becomes more expensive”. They use data from an apparel mar-
keter and find that price is significantly positively correlated with the re-
turns rate. Therefore, we also hypothesize that higher prices lead to higher
returns rates.

e H2: There is a positive relationship between the mean item price and the
a-/B-returns rate of an order.

From an information processing perspective, a customer’s return deci-
sion is a mixed one. Lynch and Srull (1982) define a mixed decision as a
choice in which some information is physically present, while some is
retrieved from memory. Consequently, consumers base their return deci-
sion on (1) the newly acquired information after delivery (e.g., testing
product performance, other consumer opinions) and (2) the accessible
and available information from the pre-order phase. Bechwati and Siegal
(2005) show that the number of positive cognitive responses elicited dur-
ing the pre-order phase strongly determines the ability to defend against
disconfirming information that can trigger returns. In other words, e-tail-
ers that want to reduce returns should avoid measures that lead to their
customers making careless and hurried order decisions. However, many
firms engage in marketing that encourages the exact opposite behavior by
targeting impulse buyers: “Marketers often announce special offers for
limited periods of time [...]. Our findings suggest that this approach re-



254

sults in high product returns because under these circumstances, custom-
ers have little opportunity to generate cognitive responses in favor of the
chosen alternative [...]” (Bechwati & Siegal, 2005). Bellenger et al. (1978)
show that fashion items are frequently purchased on impulse. Dawson
and Kim (2009) identify coupons as an external impulse trigger on apparel
websites. Therefore, redeeming coupon codes while shopping for apparel
on the internet will most likely increase the returns rate.

However, it should be noted that coupons also reduce prices, which low-
ers expectations and generates a higher tolerance against negative experi-
ences (Hess & Mayhew, 1997). Consequently, the negative price effect
compensates for the positive impulse buying effect with an increasing rel-
ative coupon code value. We consequently hypothesize the following:

e H3.1: The use of coupons codes has a positive effect on the a-/B-returns
rate of an order.

e H3.2: There is a negative relationship between the relative value of a cou-
pon and the a-/B-returns rate of an order.

Another external impulse trigger is the offer of free gifts with purchase.
Some e-tailers require customers to return any free gift received with a
product, while others do not. Assuming that the gift must also be re-
turned, the gift increases the value of the actual ordered product. If con-
sumers may keep the gift, it takes on a psychological dimension. The idea
of gifts is based on the concept of reciprocity (Schwartz, 1967). It is part
of social etiquette that we return not only favors but also gifts. In some
cultures, the counter-gift must even exceed the value of the initial gift
(McVeigh, 2014). Therefore, accepting a gift leads to informal accounta-
bility, and the person who receives it is obliged to give back (Ferrary,
2003). Thus, keeping the gift without buying something in return leads to
psychological pressure, which increases return hassles for the consumer.
Davis et al. (1998) show that consumers only choose to return if the pur-
chase price minus transaction costs (e.g., restocking fees, any type of has-
sle) exceeds the remaining product value (Davis, 1995). Ceteris paribus,
the first option increases the remaining product value, whereas the sec-
ond option increases transaction costs because it introduces more hassle.
Thus, we strongly believe that free gifts reduce the returns rate.
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o H4: Adding free gifis to an order has a negative effect on the a-/B-returns
rate of an order.

Another factor that may enhance careless and hurried order decisions is
the payment option. A recent Nielsen (2016) report shows that payment
practices vary considerably around the world (Nielsen, 2016). In North
America, consumers prefer credit cards over digital payment systems
(e.g., PayPal, Alipay) and store-specific gift cards. In India, cash on deliv-
ery is the most popular option, followed by debit cards and direct debit. In
contrast, the majority (58 %) of German online shoppers, representing
the largest e-commerce market in central Europe, prefer to pay by invoice
(Budde et al., 2013). In other words, customers receive a bill together with
the ordered goods that generally needs to be settled within 14 days, which
puts the merchant at risk of not receiving payment. While different re-
gions have their preferred payment terms, we may distinguish between
pre-delivery options (e.g., digital payment systems, credit cards, cash on
delivery) and post-delivery alternatives (e.g., invoice). From the con-
sumer’s perspective, post-payment provides a seamless shopping experi-
ence that is both convenient and risk-free. However, several practitioners
suggest that it potentially leads to a “[...] higher percentage of returned
goods [...]” (About Payments, 2016) because uncertain, uninformed cus-
tomers with a high likelihood to return prefer such risk-free payment op-
tions. We therefore believe that post-delivery payment options increase
the returns rate.

e HS5: Post-delivery payment options such as invoicing have a positive effect
on the a-/B-returns rate of an order.

E-tailers can prevent their customers from forming excessive product ex-
pectations and stimulate cognitive processes by providing detailed prod-
uct descriptions, high-resolution images, videos, and/or balanced cus-
tomer reviews to help facilitate thoughtful and deliberate order decisions.
While these measures may avoid some returns, others are simply inevita-
ble (Foscht et al., 2013). Each item carries a return probability that is un-
known to a retailer prior to its listing. However, as products are sold, e-
tailers learn about this inherent returns rate. Thus, we conclude that the
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aggregated item returns rate observed in the past positively influences the
likelihood to return:

o HG: There is a positive relationship between the ordered items’ aggregated
historical B-returns rate and the a-/B-returns rate of an order.

Finally, we consider general consumer behavior to be a factor. Some me-
dia outlets have reported on returnaholics or serial returners. These peo-
ple have a tendency to abuse liberal policies. As a result, some merchants
have changed their policies to prevent damage from this type of behavior
(Tuttle, 2013). Others have used technology to track down serial returners.
An Associated Press report shows that retailers such as Home Depot, Vic-
toria’s Secret, Best Buy, and Nike create customer return profiles (Kerr,
2013). If a customer’s return activity is too high or suggests a questionable
pattern, he or she may be banned from future returns. These approaches
are built on the common-sense notion that past behavior predicts future
behavior. In other words, returning becomes a habit. This phenomenon
is well documented in psychology. Ouellette and Wood (1998) provide a
meta-analytic synthesis and show that repeatedly performed tasks in sta-
ble contexts become habitual as conscious information processing be-
comes automatic. In unstable contexts, past behavior contributes to inten-
tions, which guide future behavior. In the latter case, the effect is weaker
but still observable (Ouellette & Wood, 1998). Aarts et al. (1998) examine
travel mode choices and come to similar conclusions: “[...] any type of re-
petitive behavior requires less and less mental effort and conscious atten-
tion, and may therefore eventually become habitual. Consequently, these
behaviors may no longer be guided by deliberately formed intentions, but
are accompanied by a rather limited process of decision making”. The
conditions surrounding a return decision may be a mixture of stable and
unstable contexts, as the items to be evaluated change, while the process
itself remains the same. We therefore hypothesize that past return behav-
ior positively influences the returns rate:

e H7: There is a positive relationship between the customer’s historical -
returns rate and the a-/B-returns rate of an order.
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VII.3 Methodology

The hypotheses derived above are tested using comprehensive data from
a German apparel e-tailer that operates exclusively online and specifically
targets women. The company requested confidentiality concerning its
name. On its website, the merchant employs several stimuli that increase
the consumers’ likelihood of placing an order, such as coupon codes, free
gifts, and invoicing as a post-delivery payment option. The company offers
free returns within 14 days after delivery with no questions asked (Di-
rective 2011/83/EU on consumer rights, 2011). The database contains sale
and returns information over 18 months (from April 2014 to December
2015). During that time, the e-tailer served almost 300,000 customers who
chose from approximately 3,300 articles and placed almost 650,000 orders.
Net sales totaled 30.28 million Euro. The average shopping basket con-
tained 3.15 items, of which 1.64 were returned. On average, the shipped
merchandise was worth 108.95 Euro, and returns were valued at 62.49
Euro. In sum, the retailer shipped 2,049,853 items, of which 1,069,008
were returned. This corresponds to a B-returns rate of 52.15 %. Because
the merchant has an order consolidation policy in place, it can be assumed
that each order was delivered in one shipment. Cases in which orders
must be split due to significantly different delivery times may be a prob-
lem in product categories other than apparel. In the fashion industry,
goods are ordered at the beginning of a selling season and put on display
until they are sold out. According to the data, 651,658 outbound ship-
ments resulted in 412,584 returns. That is, the a-returns rate was 63.31 %.
The dataset provided by the merchant contained the information docu-
mented in Table VII.1.
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Variable (Mean / SD)

Description

OrderID

Unique identification number of an order.

OrderDate Date of the order.

CustomerID Unique identification number of the customer plac-
ing the order.

AddItems Total number of additionally ordered items (=Total

(2.15 / 2.53) number of ordered items-1).

OrderValue Total retail price of all the items ordered in Euro.

(110.43 / 92.31)

Coupon Dummy variable indicating whether a coupon code

(.14 / .35) has been used (=1) or not (=0).

CouponValueAbs Absolute value of the coupon code in Euro.

(148 / 4.08)

CouponValueRel Relative value of the coupon in percent (=CouponVal-

(.02 /.05) Abs/ OrderValue).

MeanPrice Mean retail price of the ordered items (=Order-

(39.10 / 22.61) Value/AddItems+1) in Euro.

FreeGift Dummy variable indicating whether the customer re-

(02 /.14) ceived a free gift (=1) or not (0).

MultltemsSize Number of multiple items with different size but

(-15 / .36) same color and same style.

MultItemsColor Number of multiple items with different color but

(-24 / .52) same size and same style.

MultltemsStyle Number of multiple items with different style but

(-19 / .49) same color and same size.

PayBylInvoice Dummy variable indicating whether the customer

(74 ] 43) paid by invoice (=1) or by another payment method
(=0).

Return Dummy variable indicating whether a return was

(-63 / .48) made (=1) or not (=0).

ItemsReturned Total number of items returned.

(1.6 / 2.10)

RefundValue Total value of the returned items in Euro.

(62.49 / 82.29)

HistNrOrders Number of total order the customer has placed before.

(4.06 / 11.33)

HistBetaCust The customer’s historic B-returns rate up to this order

(47.73 | 17.47) in percent.

HistBetaltemsOrd Aggregated historic B-returns rate of the items or-

(80.71 / 17.58)

dered in percent.

Table VII.1. Description of the dataset variables.
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In general, missing values were not an issue, except for the historic B-
returns rate of new customers. In these cases, we inserted the average
customer returns rate observed in the first quarter of 2014 (47.52 %),
which is the period before the dataset starts. This procedure was applied
by the merchant when calculating the variable “HistBetaltemsOrd” just
in case recently listed articles with no historical data were part of that or-
der.

We use regression models as our data analysis method because they are
easy to interpret and are therefore most suitable for this contribution.
Herein, the o-/B-returns rate of an order serves as the regressand. As the
a-returns rate of an entire order can take only two values (0 % if the con-
sumer keeps the entire order or 100 % if the consumer returns one or
more items), we refer to a binary logistic regression, whereas traditional
multivariate linear regression is used to explain the -returns rate. Before
performing the calculations using SPSS 23, the data were visualized to
check for U-shaped or curvilinear relationships. We recognized a conspic-
uous relation between the regressand and the variables “HistBetaCust”
and “HistBetaltemsOrd” but attribute this to the regressor’s learning
character; this leads to some distortion.

VIl.4 Findings

We first estimate the linear regression model with the $-returns rate as
the dependent variable. The independent variables include the total num-
ber of additionally ordered items (AddItems), the number of multiple-
items concerning size (MultltemsSize), color (MultIltemsColor) and style
(MultItemsStyle), the average retail price (MeanPrice), the use of a coupon
(Coupon), the relative coupon value (CouponValRel), the addition of a free
gift (FreeGift), the payment method (PayByInvoice), the customer’s his-
toric B-returns rate (HistBetaCust), and the aggregated historic B-returns
rate of all the items ordered (HistBetaltemsOrd). The predictors
“PayByInvoice”, “Coupon”, and “FreeGift” are modeled as dummy varia-
bles. It should be noted that the p-values should not be misinterpreted in
a way that smaller values indicate more relevant results (Wasserstein &
Lazar, 2016). In our model, even small effects become highly significant
due to the large sample size. Instead, the reported standardized coeffi-
cients are more suitable to assess the relative importance of an effect.
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In general, the model is significant (p=.000, F=14764.970, R=.447, R-
squared=.200) and includes all exogenous variables mentioned above.
Concerning the quality of the model, a large R-squared indicates a good
fit. In this case, the employed independent variables explain 20.0 % of the
response variable variance. This seems acceptable for a complex behav-
ioral problem with many other dimensions (e.g., customer demographics,
logistical performance) that are not part of this analysis (Cohen, 1992).
Table VII.2 shows the results in detail.

The findings support most of the hypotheses, except for H1.1 and H1.2b.
This is notable because it indicates that, in fashion retailing, ordering
more does not automatically result in more items being returned. The ef-
fect is small (b(AddItems)=-.004, p=.000), but based on these findings, e-
tailers trying to reduce returns may be ill-advised to limit the maximum
number of items a customer can order, as stipulated by some e-commerce
solutions (Shopify, 2016).

Coefficient Standard Stand. coef-

Variable b error ficient Beta T-value Sig.
Constant -432 .003 -148,986  .000
AddItems -.004 .000 -.028 -14,782 .000
MultltemsSize 141 .001 127 105,240 .000
MultItemsColor -.012 .001 -.016 -12,266 .000
MultltemsStyle .026 .001 .032 23,867 .000
MeanPrice .002 .000 130 112,527 .000
Coupon .012 .002 .011 5,388 .000
CouponValRel -.003 .000 -.036 -18,295 .000
FreeGift -.081 .003 -.028 -25,120 .000
PayByInvoice .100 .001 .108 95,601 .000
HistBetaltemsOrd .006 .000 .258 172,487 .000
HistBetaCust .005 .000 211 187,845 .000

Table VII.2. Results of the linear regression model.

Even more striking is the fact that, if customers purchase the same items
in different colors, their returns rate decreases (b(MultltemsColor)=-.012,
p=.000). That is, the majority of customers are not ordering multiple col-
ors due to uncertainty but for the sake of owning different variants of the
product. Consequently, category managers should not shy away from in-
creasing the number of color variants out of fear of higher returns. How-
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ever, if consumers order a product in multiple sizes (b(Multltems-
Size)=.141, p=.000) and styles (b(MultltemsStyle)=.026, p=.000), the like-
lihood of returns increases. The effect of size exceeds the effect of style.
This observation supports some of the actions taken by the German fash-
ion shoe retailer Mirapodo (www.mirapodo.de). If a customer orders an
item in different sizes, a note is displayed at the beginning of the checkout
procedure that says: “Do you really need multiple sizes? Please note: Any
return generates costs and pollutes the environment.”

Price (b(MeanPrice)=.002, p=.000) is also a significant factor. The results
indicate that the likelihood of returns increases with the mean price of the
ordered items. This replicates the results of Hess and Mayhew (1997),
who perform their study using data from a fashion mail-order company.
Our study complements their findings in the sense that the observed price
effect has entered into e-commerce. Consequently, e-tailers with a high-
priced product range face higher costs of product returns. This reality
should be considered when making listing and pricing decisions.

As hypothesized, the results suggest that coupons cause two opposing ef-
fects. In general, coupon codes trigger impulse buyers to order, leading to
higher returns. The coefficient of the dummy variable (b(Coupon)=.012,
p=-000) indicates that the f-returns rate of an order is 1.2 percentage
points higher than it is when a coupon code is not redeemed during
checkout. However, this effect is mitigated by the costs savings the cou-
pon provides, which reduces the price to be paid (b(CouponValRel)=-.003,
p=-000). In other words, as the relative value of a coupon increases, the
likelihood of returning an ordered item decreases. Within the examined
data, the negative price effect compensates for the positive impulse-buy-
ing effect if the relative value of the coupon exceeds 4 percent. While pre-
vious studies have addressed only the sales-promoting effect of coupon
codes (Edelman et al., 2016), our study is the first to include the impact
on product returns. The findings suggest that rebate coupons are an ap-
propriate marketing instrument when merchants are interested not only
in boosting sales but also in avoiding returns. This may be particularly
true at the end of selling seasons, when it becomes harder to resell poten-
tially returned products. Other coupons with a low relative value, e.g.,
codes that only compensate for shipping costs, may increase the probabil-
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ity of orders, but the overall financial effect remains unclear. Because re-
turns incur significant costs, e-tailers should weigh the pros and cons of
such coupons thoroughly.

Another marketing measure is free gifts. We hypothesized that free gifts
would increase the perceived order value or increase psychological hassle,
both of which reduce the likelihood of returns. The regression coefficient
of the dummy variable supports this point of view (b(FreeGift)=-.081,
p=-000). The B-returns rates of orders accompanied by a gift were 8.1 per-
centage points lower than those without a freebie. If these results can be
confirmed by other studies, e-tailers should look into providing small gifts
with their deliveries, such as small product samples or small packages of
candy, because they may not only help build a sustainable customer rela-
tionship but also reduce consumer returns.

Additionally, the influence of the payment option should not be underes-
timated. In this study, we specifically looked into the impact of invoicing
as a post-delivery payment option. So far, invoicing is a German peculiar-
ity, but emerging service providers such as Klarna are currently trying to
make it available internationally. Such service providers attempt to elimi-
nate this risk by paying the retailer immediately and taking over the debt
collection for a percentage fee. Their main argument is that invoices no-
tably decrease barriers to ordering and, thus, increase sales. The business
news network CNBC calls Klarna one of the world’s most disruptive com-
panies and predicts that it will be highly successful (CNBC, 2016). How-
ever, post-delivery payment options seem to be a mixed blessing, accord-
ing to the present study. Compared with the pre-delivery alternatives
(b(PayBylnvoice)=.100, p=.000), invoicing increases the -returns rate by
10.0 percentage points. Therefore, before buying into the promising sales
effects of invoicing, e-tailers should seriously evaluate the negative cost
effects of invoicing that result from higher returns rates. Introducing in-
voicing should be considered only if the overall financial impact is posi-
tive. In addition, these results provide e-tailers that have introduced in-
voicing and that are trying to cut back on returns with a viable strategy:
they might restrict the payment options available to those customers with
histories of conspicuous or unethical returns behavior.
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Variable Coefficientb Standard error Wald Sig. Exp(b)
Constant -6.017 .023 66049.932 .000 .002
AddItems .145 .003 2092.468 .000 1.156
MultltemsSize 2.466 .023 11159.336 .000 11.776
MultItemsColor -.242 .007 1081.295 .000 .785
MultltemsStyle 201 .010 410.051 .000 1.223
MeanPrice .009 .000 4209.977 .000 1.010
Coupon 420 .021 383.201 .000 1.523
CouponValRel -3.257 141 534.816 .000 .039
FreeGift -.029 .023 1.582 .208 971
PayBylInvoice .681 .007 9461.774  .000 1.976
HistBetaltemsOrd .049 .000 30397.016 .000 1.050
HistBetaCust .032 .000 27698.918 .000 1.032

Table VII.3. Results of the binary logistic regression model.

Finally, we examined the influence of item characteristics and past cus-
tomer behavior, both of which are described by the order and return his-
tory. Our results suggest that the historical returns rate of the ordered ar-
ticles (b(HistBetaltemsOrd)=.006, p=.000) and the historical customer re-
turns rate (b(HistBetaCust)=.005, p=.000) positively influence the returns
rate. In fact, the standardized coefficients (b’(HistBetaltemsOrd)=.258,
b’(HistBetaCust)=.211) show that the historical return rates have the
greatest relative effect on the dependent variable. These results lead to an
important managerial implication. E-tailers should collect and use returns
data to learn from the past. Items with returns rates so high that they may
not be profitably distributed should be discontinued. Moreover, it can be
beneficial to segment customers based on their past returns behavior and
to close unprofitable accounts. Amazon is known for such measures. They
justify their actions with the following explanation: “[...] a careful review
of this account and related ones shows you've requested refunds and re-
placements on a majority of your orders for a variety of reasons. In the
normal course of business, we expect there may be occasional problems.
However, the rate at which such problems have occurred on your account
is extraordinary, and it cannot continue. Your Amazon.com account has
been closed, and you will no longer be able to shop in our store” (Ama-
zon.com, 2012).

The multivariate linear regression was complemented by a binary logistic
model to explain the factors influencing the a-returns rate as the regres-
sand. To ensure comparability, the independent variables are consistent
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with those of the first model. Again, the model is significant (p=.000, Cox
& Snell R-squared=.309, Nagelkerke’s R-squared=.423) and includes all
exogenous variables. Binary logistic regression models provide only
pseudo R-squared statistics to evaluate the goodness of fit. According to
Efig and Glas (2015), acceptable values for Cox and Snell’s R-squared and
for Nagelkerke’s R-squared are greater than .2, while good values start at
4. Thus, the model’s fit is acceptable-to-good, depending on the measure
applied. Table VII.3 presents the detailed results.

The binary logistic regression strongly supports the findings of the linear
regression analysis, with two exceptions. First, the sign of b(AddItems)
changed to positive. This indicates that, while ordering more does not au-
tomatically result in more items being returned, it obviously leads to more
return shipments that must be transported and handled. Second, the in-
fluence of b(FreeGift) is no longer significant (p=.208). That is, the psy-
chological effects of free gifts are strong enough to reduce the number of
items being returned but are insufficient to prevent additional return
shipments.

In conclusion, it should be noted that the more-than-acceptable goodness
of fit indicators show that using data analysis techniques not only may
help in identifying influencing factors but also may be used to predict fu-
ture return shipments, which helps the returns department with better
capacity planning. This shows that data mining and big data analytics sup-
port better decision making and create value in returns management.

VII.5 Summary and future research

Returns management — as an important component of supply chain man-
agement — is a key activity in an online retailer’s business model. Prior
research has shown that fashion e-tailers experience returns rates of up to
60 % (Foscht et al., 2013). While successful returns may stimulate cus-
tomer satisfaction and retention, they also incur costs (Asdecker, 2015). It
is therefore essential to understand the drivers influencing the flow of re-
turns. Only with these insights can consumer returns be effectively man-
aged.

Prior empirical research in this area is usually based on survey data. This
paper contributes to the literature by testing several hypotheses using real
shop data from an apparel e-tailer. This type of study is rare because many
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merchants consider order and returns data as proprietary and are usually

unwilling to share this information (Stock & Mulki, 2009).

The hypotheses were formulated based on several established theories —
such as post-purchase dissonance theory — and anecdotal information.
Methodologically, we used linear and logistic regression models to ana-
lyze the data at hand. The results supported most of the hypotheses. Ta-
ble VII.4 provides a summary.

Hypothesis Results

H1.1 |There is a positive relationship between the number | a: Supported
of additional items and the a-/B-returns rate of an or- | B: Not supported
der.

H1.2a | There is a positive relationship between the number | a: Supported
of multiple-items regarding size (i.e., same style and | B: Supported
same color) and the a-/B-returns rate of an order.

H1.2b | There is a positive relationship between the number | a: Not supported
of multiple-items regarding color (i.e. same style and | B: Not supported
same size) and the a-/B-returns rate of an order.

H1.2¢ | There is a positive relationship between the number | a: Supported
of multiple-items regarding style (i.e. color and same | B: Supported
size) and the o-/B-returns rate of an order.

H2 There is a positive relationship between the mean | o: Supported
item price and the a-/B-returns rate of an order. B: Supported

H3.1 |The use of coupons codes has a positive effect on the | a: Supported
a-/B-returns rate of an order. B: Supported

H3.2 |There is a negative relationship between the relative | a: Supported
value of a coupon and the a-/f-returns rate of an or- | B: Supported
der.

H4 | Adding free gifts to an order has a negative effect on | a: Not supported
the a-/B-returns rate of an order. B: Supported

H5 Post-delivery payment options such as invoicing have | a: Supported
a positive effect on the a-/B-returns rate of an order. | B: Supported

HG6 | There is a positive relationship between the ordered | a: Supported
items’ aggregated historical B-returns rate and the a- | B: Supported
/B-returns rate of an order.

H7  |There is a positive relationship between the cus-|a: Supported
tomer’s historical a-/B-returns rate and the a-/B-re- | B: Supported

turns rate of an order.

Table VII.4. Summary of hypotheses test results.
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The findings enable better decision making by identifying several factors
that significantly influence the returns rate. We distinguish between
shopping basket-related (H1-H1.2c), sales/marketing-related (H2-H5),
product-related (H6), and customer-related factors (H7).

Our results indicate that the composition of the customer’s shopping bas-
ket influences the returns rate. It should be noted that more ordered items
do not necessarily lead to more returned items. Moreover, it is interesting
to see that multiple-item orders regarding color have a negative effect on
the returns rate. Consequently, product returns should not be an issue
when deciding on additional color variations. In contrast, multiple-item
orders in terms of size and style significantly increase the returns rate.
This article also investigates the effects of sales stimuli (such as coupon
codes, free gifts, and payment methods) on product returns. We find that
coupons increase the returns rate in general. However, this effect is re-
versed in conjunction with increasing relative coupon value. Moreover,
free gifts may reduce the likelihood of returning an item. Nonetheless,
this finding may not be applied to return shipments. It seems as if free
gifts contribute to a customer’s bad conscience if the entire order is sup-
posed to be sent back. In other words, freebies increase the likelihood that
a customer will keep at least one item. The data also indicate that allowing
customers to pay after delivery influences the returns rate. It shows that
adding invoicing to the existing slate of payment options is a double-edged
sword. Decision makers have to carefully balance revenue against cost ef-
fects to ensure a positive financial outcome.

On the product and customer end, we find that it can be beneficial for e-
tailers to perform big data analytics on their order and return histories
because analyzing the past may help to predict future behavior. Such anal-
yses may show that it is better to close customer accounts and discontinue
products with extremely high returns rates, true to the motto that “better
an end with pain, than pain without end”.

The present study uses data from a single e-tailer. Although an extensive
dataset with more than 650,000 orders over the course of 18 months was
used, the generalizability of the presented findings is limited. Therefore,
this publication should be complemented by additional future research.
To gain a more accurate picture, we call for similar studies using data
from e-tailers with different target groups (e.g., apparel for men or other
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age groups) or product groups (e.g., consumer electronics, books). There
are also concerns regarding endogeneity (Guide & Ketokivi, 2015). While
trying to provide strong theoretical arguments when deducing the hypoth-
eses, it must be acknowledged that the secondary data provided did not
allow for the development and testing of potential instrumental variables.
We therefore call for complementary experimental research to establish
causality.

Moreover, it would be interesting to compare gender-specific results.
Other factors, such as age or location, could also be taken into account.
An international comparison of identified factors would also be a valuable
contribution to the literature. Furthermore, in the context of controversial
same-day delivery and anticipatory shipping services (Spiegel et al., 2013),
returns rates need to be more closely investigated in terms of delivery
modes and times.
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Abstract

Flash sale e-commerce is a very competitive business with low margins
due to the high discounts granted. Against this background, merchants
pursue the goal of generating as many orders as possible. To achieve this,
techniques that stimulate impulse buying behavior are often used. This
paper examines two specific instruments that have the potential to con-
tribute to impulse buying, namely, the on-site display of (1) scarcity noti-
fications and (2) the relative discount provided. We use real-world data
from a flash sale e-tailer to analyze the impact on customer sales and re-
turns. In that regard, this study is the first to focus specifically on fashion,
which is the product category most affected by returns. Furthermore, to
synthesize both perspectives, a quantitative model is presented to serve as
the basis for a decision support system that enables managers to better
deal with the underlying trade-off.

Keywords: Electronic Marketing, discounts, e-commerce, flash sales, re-
turns, scarcity
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VIII.1 Introduction

Imagine the following self-talk of someone who spotted a great offer in a
flash sale community:

“I really like that brand... Let’s have a quick look at what they are offering...
Wow, 60 % off, that’s quite a deal! Hmm, but only two left. I have to act fast.”
A week later, after the parcel carrier delivered the order:

“Well... that’s not really what I expected. I think maybe I rushed it. But, no, [
don’t like it... It definitely needs to go back. Great that they offer free returns.”
When reading these lines, many passionate online shoppers might expe-
rience a déja-vu. This example illustrates the weal and woe of every e-
tailer. First, customers have to be persuaded to order. For that purpose, e-
tailers use on-site marketing tools to stimulate the customer’s impulse
buying behavior and thus increase order likelihood. These include, among
others, displaying price discounts and disclosing the limited remaining
stock. However, such measures may also affect the probability that con-
sumers develop buyers’ remorse. Since customers cannot physically as-
sess the quality and fit of products online, returns are an inevitable part
of the business model (De et al., 2013; Hong & Pavlou, 2014). Merchants
of fashion products with return rates of 50 % and more are particularly
affected (Asdecker et al., 2017). Although relative return rates declined
slightly during the COVID-19 pandemic, the absolute number of con-
sumer returns continued to rise due to the massive growth in e-commerce
(Karl & Asdecker, 2021).

With such high return figures, ordinary e-tailers already face problems of
operating profitably. For flash sale e-tailers, however, the challenge is even
more pressing. Specialized flash sale e-tailers such as HauteLook, Gilt,
BestSecret, VIP.com — some of them among the leading fashion e-com-
merce companies worldwide (Statista, 2021) — build a closed shopping
community for which they organize private sales with highly discounted
products of popular brands for a limited period. The products are on offer
until sold out or the campaign period ends.

Flash sale shopping club platforms are a popular distribution channel
among well-known brands since the closed community prevents the can-
nibalization of their primary markets while having the opportunity to
market the excess stock at the end of the selling season. In general, flash
sales are a commission business. This means that the flash sale e-tailer
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receives a percentage of the sales price for organizing the sale and pro-
cessing the orders and returns. Any unsold items are returned to the
brand manufacturers. The margins of the business model are signifi-
cantly lower than those in regular retail due to the high discounts. For this
reason, it is essential for flash sale e-tailers to generate as many orders as
possible. At the same time, however, the return rates must not be too high.
Against this background, this paper addresses the following research
question:

o To what extent do the display of quantity scarcity messages and price dis-
counts impact sales and consumer returns in a flash sale e-commerce en-
vironment, and how does it influence profitability?

To answer this research question, we use real-world data from a leading
specialized flash sale e-tailer, as Pavlou et al. (2007) recommended. This
study contributes to the digital commerce and electronic marketing liter-
ature by examining the impact of on-site communication efforts on both
dimensions of the underlying problem: (1) sales and (2) returns. Further-
more, we present a quantitative model that integrates both perspectives
and may serve as the basis for a decision support system that puts deci-
sion-makers in the position to better deal with the underlying trade-off.
The remainder of this paper is organized as follows: The following section
presents backgrounds, the relevant literature, and the development of our
hypotheses. The methodology and the data used are presented in Sec-
tion VIIL.3. Section VIIL.4 contains the analysis of the data and a discus-
sion of the results, while Section VIIL5 illustrates a generalized approach
for assessing the profitability of interventions. Finally, we conclude with
an outlook and future research opportunities in Section VIIIL.6.

VII1.2 Background, literature review, and derivation of hy-
potheses

VIII.2.1 Background

As described in the introduction, triggering impulse purchases is one of
the most effective instruments to increase orders. Impulse buying “[...]
describes any purchase which a shopper makes but has not planned in
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advance” (Stern, 1962). Often, visuals at the point-of-sale (or on the re-
spective website) trigger impulse purchases. Major influences for impulse
buying are, for example, low prices, marginal need for an item, or promi-
nent store display (Stern, 1962). Thus, impulse buying can be stimulated
by instruments such as communication or price stimuli (Iyer et al., 2020).
Pricing-oriented instruments have long been used in marketing to attract
customers and increase sales, such as time-limited discounts or VIP cus-
tomer treatment (Li et al., 2019).

Another measure to attract e-commerce customers could be the limited
availability of products. Scarcity messages increase perceived arousal and
thus positively impact impulse purchases (Wu et al., 2021). This effect can
be attributed to limited time or limited quantity (Aggarwal et al., 2011;
Cialdini, 2014). Flash sale e-tailers use both types. Time scarcity refers to
an offer becoming unavailable after a certain period. Limited quantity
scarcity refers to an offer only being available as long as supply lasts. As
soon as the retailer displays the remaining stock on their webshop, the
latter kind of scarcity creates uncertainty and the urge to order quickly
because the behavior of unknown others determines one’s own outcome.
Such “[...] use of user-interface design elements to guide people’s behavior
in digital choice environments [...]” (Weinmann et al., 2016) is referred to
as digital nudging. User-interface elements support and influence deci-
sion-making without imposing significant economic incentives or re-
stricting the freedom of choice (Meske & Potthoff, 2017). The recent dis-
cussion about digital nudging includes increasing personal or social wel-
fare (Abdulla et al., 2019; Gray et al., 2018) to better distinguish these in-
terventions from marketing techniques such as dark patterns, undermin-
ing the consumers’ best interest (Gray et al., 2018). Against this backdrop,
information on e-commerce websites such as messages about product
scarcity or the display of relative price discounts acts as a digital nudge, at
least in a broader sense.

In general, but even more so in the flash sale context, purchases in online
retailing entail uncertainties, which can be categorized into product qual-
ity/fit and valuation uncertainty (Abdulla et al., 2019). Impulse buying
with little time to inform oneself about the product decreases the proba-
bility of a good fit or developing realistic expectations about the product
(Hong & Pavlou, 2014). In contrast, low prices can reduce valuation risk
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by lowering the expectations to be met. To minimize the perceived uncer-
tainties, create trust, and encourage consumers to order, companies are
granting liberal return policies, leading to more returns than in traditional
brick-and-mortar retailing (e.g., Xia & Zhang, 2010). Since the costs
caused by returns do not rise linearly but disproportionately with the re-
turn rate, returns management is considered a critical success factor for
overall profitability (Asdecker, 2015). In flash sale e-commerce, returns
are even more crucial because of the below-average margins.

VIII.2.2 Relevant literature

One strain of literature this work relates to is the design and information
value of retailers’ shopping websites (e.g., the use of product-related con-
tent such as zoom features (De et al., 2013) or customer product reviews
(Sahoo et al., 2018)). Scarcity or discount messages act as instruments to
catch customers’ attention and influence their behavior. This has been
studied by Luo et al. (2019) for cart targeting. They found that scarcity and
price incentives can promote sales if specific requirements are met. Ac-
cording to their field experiment, price incentives were relatively ineffec-
tive before an item was shortlisted to a user’s cart. In contrast, costless
scarcity messages significantly boosted purchases and were superior to
price incentives.

The second stream of literature specifically investigates scarcity and its
effect on sales. Following signaling theory, scarcity messages signal prod-
uct quality for consumers with limited information (Stock & Balachander,
2005). Although the low stock boosts sales and consumer competition,
sold-out products are a reason for consumer dissatisfaction (Peinkofer et
al., 2016). Cui et al. (2019) identify flash sale customers from Amazon
Lightning Deals and show that low stock situations increase their order
likelihood. Calvo et al. (2020) replicate this finding for another flash-sale
retailer, where the disclosure of scarcity increases hourly sales by 13.6 %.
In contrast to most literature, Park et al. (2020) observe decreased sales of
durable goods when partial stock information (“less than five items left”)
is displayed.

Concerning the display of price discounts to promote sales, Lehtimiki et
al. (2019) and Choi and Coulter (2012) discuss different variants of dis-
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playing price discounts (e.g., absolute and relative discounts under differ-
ent price levels). While some papers examine how the price level influ-
ences return behavior, we do not know of any previous work investigating
the effects of visual cues regarding the granted discount on consumer re-
turns.

Concerning the reverse part of the e-commerce supply chain, few scholars
have investigated the effects of scarcity on returns. Rao et al. (2014) ana-
lyze online channel transaction data from a personal accessory retailer to
show that quantity scarcity perceptions increase the likelihood of a return.
Ishfaq et al. (2016) model and simulate the probability of returns under
scarcity and price leadership conditions with data from an e-tailer. They
conclude that products with low stock are more likely to be returned, but
low stock interacts with the effects of price leadership. In their analysis,
price leadership significantly reduces returns. Contrasting empirical find-
ings from most other works, actual sale prices do not affect returns. Apart
from that, Cook and Yurchisin (2017) survey young fashion retailer cus-
tomers. According to the results of a structural equation model, perceived
scarcity and low prices increase impulse buying, which relates to negative
postpurchase emotions and thus an increased probability of returning. Fi-
nally, Calvo et al. (2020) examine the effects of disclosing low stock on
sales, returns, and resulting net sales with the data of a flash sales retailer
that offers a wide product assortment. Disclosing product availability in-
creases all of the variables mentioned, suggesting that additional sales ef-
fects generally outweigh losses from returned goods, while their base re-
turn rate equals just 5.4 %.

This points to our contribution: By combining the highlighting of price
discounts and their effects on returns, we widen the agenda of Li et al.
(2019). They aimed to study the impact of pricing-related web technolo-
gies on product returns. We also respond to the call for research by Toktay
et al. (2004) and Rogers et al. (2002) to identify factors that influence re-
turns. We complement by investigating the effect of discount disclosure
not only on sales but also on consumer returns. This study also aims to
resolve the reported inconsistencies regarding the impact of scarcity mes-
sages on sales (e.g., Calvo et al., 2020; Park et al., 2020). Furthermore, to
check the generalizability of these results, unlike Calvo et al. (2020), who
investigate data from an e-tailer with low return rates, we look into the
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most affected product category: apparel. In addition, we present a quanti-
tative model to substantiate managerial decisions regarding the business
case of such measures.

VII1.2.3 Hypothesis development

As consumers do not know a product’s initial stock, information about
low remaining stock triggers the perception of high demand. This leads
to two distinct reactions. First, consumers obtain the impression of high
product quality (e.g., due to a low level of information) (Stock &
Balachander, 2005). Moreover, consumers conclude that an offer’s price
is highly attractive. This herding effect, when consumers draw inferences
from the behavior of others and try to imitate their behavior regardless of
their own information (Banerjee, 1992), was empirically documented by
Cui et al. (2019) for retail customers. Second, perceived scarcity urges con-
sumers to decide whether to order in a limited amount of time. This can
be attributed to the scarcity effect, which describes the occurrence of buy-
ing frenzy by incompletely informed customers in anticipation of out-of-
stock situations: Any customer who waits too long will find no more units
available (DeGraba, 1995). Lower product availability is then accompanied
by the perception of a higher product value making the product more at-
tractive (Cialdini, 2014).

Scarcity also increases the customer’s attention to scarce products (Zhu &
Ratner, 2015) compared to highly available products, which applies espe-
cially in flash sales with mostly restricted stock, leading to more impulse
purchases due to higher arousal. Furthermore, fashion is a product cate-
gory strongly associated with impulse purchases (Bellenger et al., 1978).
Therefore, we hypothesize:

e H1. Displaying product scarcity increases sales in a flash sale e-commerce
environment.

It is well accepted that price savings create an incentive for purchasing
(Alba et al., 1999; Devaraj et al., 2002; Kotler, 2008). Price and discount
communication frame price evaluations as well as the subsequent pur-
chase decision (Tversky & Kahneman, 1981). Customers implicitly esti-
mate the difference between price quotes in relative terms (approximately
50 percent off) (Monroe, 1973). That is why a price reduction from $50 to



281

$30 is perceived as more beneficial than a price reduction from $100 to
$80, although the absolute discount is identical (Choi & Coulter, 2012).
When the value of goods is low, indicating a relative discount promotes
the perception of the offer as favorable (Lehtimiki et al., 2019). This ap-
plies to the present case, as clothing is generally in a low- to medium-price
segment. Besides, the display of a relative discount in addition to recom-
mended retail prices and reduced prices lowers the cognitive effort re-
quired to estimate and classify the discount following mental accounting
theory (Choi & Coulter, 2012). Therefore, impulsive buying is promoted
since the information evaluation phase before the purchase decision is
shortened. Consequently, we hypothesize:

e H2. Displaying relative price discounts increases sales in a flash sale e-
commerce environment.

Herding and scarcity effects drive impulse buying behavior. Impulse pur-
chases are made unintended, unreflective, and immediate, which means
that not all consequences of buying are taken into account (Rook, 1987).
Liberal return policies support impulse ordering, as they detach the final
buying decision from the ordering decision. At the moment of ordering,
product valuation is increased by an emotional surplus (Rao et al., 2014).
After receiving the product, consumers assess the utilitarian and hedonic
performance of the product, which might not meet expectations.
Furthermore, costs can outweigh the benefits after an impulse purchase
episode, leading to negative emotions such as regret and dissatisfaction,
although the product has no objectively identifiable shortages (Bayley &
Nancarrow, 1998). A way out of these negative emotions is returning the
product (D'innocenzio). This aligns with Gardner and Rook (Gardner &
Rook, 1988), who describe impulse buyers as less happy with their pur-
chases. Furthermore, impulsive purchases are usually less aligned with
real tastes and needs (Hong & Pavlou, 2014) due to the ordering pressure.
Therefore, we conclude in agreement with (Calvo et al., 2020; Chen et al.,
2020; Cook & Yurchisin, 2017; Ishfaq et al., 2016; Rao et al., 2014) that
impulse buying behavior triggered by scarcity messages could increase
the probability of returning a product:

e H3. Displaying product scarcity increases returns in a flash sale e-com-
merce environment.
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Highlighting relative price discounts leads to different, opposite effects.
On the one hand, price discounts reduce customer expectations, as a
lower quality will be considered acceptable (Zeithaml et al., 1990). On the
other hand, high discounts promote impulse purchases with a higher un-
certainty regarding quality and fit. Additionally, as justified previously,
impulse purchases are more likely to cause negative emotions or regret.
We believe that the effect of impulse buying predominates, and therefore,
we conclude:

e H4. Displaying relative price discounts increases returns in a flash sale e-
commerce environment.

VIIl.3 Methodology

VIII.3.1 Data source and structure

For our study, we collaborated with a large flash sale e-tailer located in the
European Union. The e-tailer provided comprehensive campaign-level
real-world data on time-limited discounted sale campaigns. This approach
surpasses the most frequent approach in returns management, consumer
self-reports: Many empirical problems such as social desirability or recall
bias do not apply, as actual purchases are observed. Sample selection bias
cannot be completely ruled out, but the collaborating retailer assured us
that no particular data set was picked, so we assume this selection is ran-
dom.

The retailers’ assortment mainly focuses on fashion products such as ap-
parel, shoes, and accessories. Sale campaigns are only accessible by a
closed community. This means no external customers can be attracted,
e.g., via price search engines. Sales are brand-specific and are scheduled
in advance. The retailer offers free returns within 14 days with no ques-
tions asked.

The dataset used for this study (see Table VIII.1) consists of sales level
data of 20 flash sale campaigns in the product categories ap-
parel/shoes/accessories during the year 2019. To reduce noise, we filtered
the data to apparel products only, which was the overwhelming majority
of products sold. The campaigns were exclusively directed to the German
market, the largest national e-commerce market in the European Union.
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If a product was sold out during a campaign, reordering and restocking
were impossible for the retailer. The 20 campaigns contain 5,826 unique
products sold at least once with an initial stock of at least five items. Vari-
ants (i.e., different sizes or colors) are each counted as independent prod-
ucts. The average number of items sold for a product equals 4.76, which
results in 27,725 items sold with a total order value of 490,992 €. In sum,

6,005 items were later returned (21.66 %).

Variable (Mean / SD)

Description

RetPrice (69.08 / 58.77)

Recommended retail price (RRP)

DiscPrice (27.50 / 22.85)

Discounted product price (DP)

AbsDisc (39.11 / 36.27)

Difference between RRP and DP

RelDisc (58.78 % / 7.53 %)

Discount in percent

RelDiscDisp
(92.76 % / 25.92 %)

Dummy variable for products with the relative
discount displayed (above 50 %)

RelDisc*RelDiscDisp
(55.63 % / 16.58 %)

Interaction: value of the displayed discount

ItemsSold (4.76 / 6.29)

Number of sold items per product

ItemsRet (1.03 / 1.60)

Number of returned items per product

ReturnRate
(21.66 % | 26.71 %)

Return rate (weighted by ItemsSold)

ProdRev (84.28 / 114.23)

Revenue of a product (before returns)

InitialStock (45.41 / 51.90)

Initial stock level of the product

StockDisp (.18 / .38)

Dummy variable for products with at least 1 item
sold disclosing low stock

StockDispProp (.13/.31)

Proportion of sold items per product disclosing
low stock

Female (.60/.49)
Male (.31/.46)

Dummy variables for female- and male-targeted
products (reference: children and others)

CloseFit (.32/.47)

Dummy variable: close-fitted product

Table VIIL.1. Dataset description.

VI11.3.2 Operationalization

Methodologically, this paper is based on parametric statistical methods (t-
test and multivariate regression). The dependent outcome variables for
sales are the number of ordered items (Model 1a) or the revenue of a prod-
uct before returns (i.e., number of ordered items * discounted price,
Model 1b). For returns, we use the relative return rate of a product (Model
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2), which is calculated by the number of returned items in proportion to
the number of sold items.

Our study aimed to examine two independent factors in detail: displaying
information about low stock and the relative price discount. Both infor-
mational interventions are designed to be subtle enough to act as digital
nudges according to the nudging categories identified by Meske and
Potthoff (Meske & Potthoff, 2017). Scarcity messages (“Only x items left”)
inform the customer about the products’ availability without clearly urg-
ing customers to order quickly, as there was no message such as “Order
now before it gets unavailable”. These messages were displayed from the
point when the available stock dropped to 5 items. The message contained
the actual number of items left in stock, which means that the retailer did
not fake low stock. This variable was operationalized by a dummy, indi-
cating whether at least one product was sold when the stock was displayed
(i-e., remaining stock < 5). For closer examination, we modeled the pro-
portion of items sold with the stock message displayed to the customer. If
a product with an initial stock of 10 items and 7 items sold had 2 items
sold with a low stock message displayed, StockDispProp is calculated as
2/7 =0.29, whereas a product with an initial stock of 5 and 4 items sold
leads to Stock DispProp=1.

Displaying the relative discount frames the customer’s decision to price
aspects and acts as a simplification for customers since they do not need
to determine the relative discount themselves. It served as additional pro-
motion as it was only displayed when above 50 %. The recommended re-
tail price and discounted price were always visible to the customer. We
operationalized the conditional display as an interaction term of the rela-
tive discount and the dummy variable whether the information was
shown or not. This term is either 0 or ranges between 0.5 and 1.

First, we controlled for the product price, as the empirical evidence that a
higher price induces more returns is consistent (Asdecker et al., 2017; De
et al., 2013; Hess & Mayhew, 1997; Sahoo et al., 2018). Second, we con-
trolled for the effects of the product target group (female/male/children
and others). Women are supposed to be the customer group with the high-
est return rate (Asdecker et al., 2017), so we expect women’s products to
be returned more often as well. Next, we controlled for close-fitted apparel
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such as lingerie, pajamas, or leggings, as fitting issues are the most im-
portant reason for returning an apparel purchase (Hong & Pavlou, 2010).
There is still a higher degree of fit uncertainty in close-fitting products
because the customer cannot try those on before delivery. Finally, we con-
trolled for a product’s initial stock and the absolute discount, which cus-
tomers can easily estimate since both recommended retail and discounted
prices are displayed.

VIIl.4 Data analysis results

VII1.4.1 Preliminary analysis

To test our hypotheses, we first used t-tests to compare products for which
at least one item was sold with a low stock message and those for which
the message was never displayed (Table VIII.2).

No ;;;V;IZ;OCI( Low stock display (:jrf) P
ItemsSold 4.68 5.11 2.14 .03
(6.39) (5.77) (1649)
ProdRev 69.93 150.08 15.69 <.01
(96.18) (158.77) (1214)
ReturnRate 19.28 % 31.66 % 27.76 <.01
(25.24) (30.15) (7212)
No d(il;;(l:;);flm Discount display (}f) P
ItemsSold 5.09 4.73 -1.11 27
(5.95) (6.31) (5824)
ProdRev 74.02 85.08 2.64 <.01
(79.50) (116.47) (572.71)
ReturnRate 16.50 % 22.09 % 11.95 <.01
(20.23) (27.14) (2836)

Table VIIL.2. Two-sample t-test analysis.

For the relative return rate, we weighted the data by the number of items
sold. Regarding H1, we observe a significant increase in sales in terms of
items sold and product revenue. This suggests a substantial influence on
the product price and leads to biased results, so in the next step, the price
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needs to be controlled for. Regarding H3, the return rate is significantly
larger for products bought with a low stock message displayed.
Comparing the groups that show the relative discount or not, an increase
in sales is inconclusive (H2). Contrary effects of the number of sold items
and product revenue emphasize the need for an in-depth analysis. How-
ever, the return rate is significantly higher for products with a displayed
discount (H4).

VII1.4.2 Regression analysis of sales

First, we estimated two linear regression models (la and 1b) with the
items sold and product revenue as dependent variables. The independent
variables included two nudges (proportion of sold items when low stock
is displayed and relative discount display) and all previously introduced
controls (Table VIIL.3). In general, both models are significant. Concern-
ing the quality of the model, the employed independent variables ex-
plained 7.5 % and 25 % of the response variable variance.

Model 1a Model 1b 11:[ (t)del 2.(};??2-
(ItemsSold) (ProdRev) ate, weighied by
items sold)

Variable B(SE) Beta p B(SE) Beta p B(SE) Beta p
StockDispProp .75 (.28) .04 .01113.22(4.52) .04 <.01]3.79 (.62) .04 <.01
RelDisc* 02 (01) .05 <01} -13(.09) -02 .15|.02(01) .01 .08
RelDiscDisp
Controls
DiscPrice -07 (.01) -.25 <.01] 1.62(12) .32 <.01| .48 (.02) .38 <.01
AbsDisc 02(.00) .11 <01 .76 (07) .24 <.01] .01 (01) .01 .67
InitialStock .02 (.00) .18 <.01i .27 (.03) .12 <.01] -.01 (.00) -.03 <.01
Female -65 (.32) -.05 .04 -13.20 (5.21) -.06 .01[7.25 (58) .13 <.01
Male -.26 (.34) -.02 .45 [-18.71 (5.56) -.08 <.01[-1.72 (.62) -.03 .01
CloseFit -03(19) .00 .86 | 13.10 (3.07) .05 <.01| -.30 (.32) .01 .34
(Constant) 428(36)  <.01] 13.09 (5.83) 03]6.94 (.63) <01
F (df, p value) 59.90 (8, <.01) 242.19 (8, <.01) 865.05 (8, <.01)
R2 .075 .250 .200

Table VIIL.3. Results of the linear regression models.
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The findings support H1: Stock DispProp significantly increases sales, as
indicated by Models 1a and 1b. The promotional effect is moderate in
comparison to the control variables (Beta = .04). If a product shows the
remaining stock for the whole campaign, it increases the number of items
sold by 0.75, and the product revenue increases by 13.22€ compared to a
product that does not show the scarcity message. Against this, H2 needs
to be rejected. Although Model 1a shows a minimal and significant posi-
tive effect of the displayed relative price discount, this variable is insignif-
icant in Model 1b and changes direction. Managerially, it can be seen that
the display of discounts has a much smaller influence on the order prob-
ability than the amount of the discount.

Regarding the control variables, products for women or men are sold less
frequently than those for children or an undefined target group. Never-
theless, the differences between the target groups are low and not con-
sistent in Models 1a and 1b. Close-fitted products result in higher reve-
nue, but this variable is not significant for the number of items ordered.
The most considerable relative influence is the price and the amount of
the discount. The initial stock level correlates with sales because low stock
levels limit the maximum possible sales of a product.

VII1.4.3 Regression analysis of returns

For testing H3 and H4, we estimated a linear model with a product’s rel-
ative return rate as the dependent variable (Model 2 in Table VIII.3). In
general, the model is significant and explains 20 % of the return rate’s
variance. Table VIII.3 presents the results in detail.

Since Stock Disp Prop is significant with a positive algebraic sign, H3 is sup-
ported: Products with a scarcity message displayed throughout the cam-
paign increase the return rate by 3.79 percentage points. This is in line
with H1, which suggests an increase in impulse purchases, leading to a
higher level of order regret or more unfulfilled expectations. For this rea-
son, the positive sales effect of this nudge must be carefully weighed
against the negative impact due to the associated higher returns. In addi-
tion, customers may order a product of different sizes to ensure that one
item fits well, especially for highly attractive products with low remaining
stock (Asdecker et al., 2017), resulting in an increased likelihood of re-
turns.
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The absolute discount, which was not directly displayed to the customer,
and the dummy for close-fitted fashion is not significant at the alpha=.05
level. Additionally, the display of a relative discount above 50 % is only
significant at the alpha=.1 level. When the relative discount is displayed,
the return rate is significantly increased by .02 percentage points, which
is a very limited effect. This is not surprising, as no increase in impulse
buying behavior can be demonstrated by the discount display (see H2).
Another explanation is that flash sale customers are used to high dis-
counts, and this nudge does not change the valuation uncertainty. More-
over, it is worth noting that this type of nudge can prevent customer dis-
satisfaction, as Peinkofer et al. found that heavily discounted products are
more likely to be accepted as sold out (Peinkofer et al., 2015).

The most influential control variable is discounted price (B=.48;
Beta=.38). This indicates that the likelihood of returns increases with the
price level of an ordered item, replicating the results from empirical re-
turns management literature (e.g., De et al., 2013; Hess & Mayhew, 1997).
Based on our data, we quantify that a 10€ higher price increases the rela-
tive article-based return rate by approximately 1 percentage point. Regard-
ing the other control variables, products for women have a 7.25 percentage
point higher return rate than products for children or others. In compar-
ison, the return rate of products for men is 1.72 percentage points lower.
With the slightly lower number of women’s products ordered, discounts
for men’s products can eventually be calculated more tightly from a man-
agerial point. These products are ordered more often and returned less
frequently and thus entail less unwanted expenses. In contrast to the mod-
els for sales, the absolute amount of the discount is not a significant factor
and does not exert a relevant influence on the return rate despite its sig-
nificance.
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VIIL5 Synthesizing the sales and returns perspective: A quan-
titative model

The preceding data analysis demonstrated that advertising artifacts such
as the display of low available stock affect both sales and returns, that is,
the marketing and logistics/operations perspective. However, do such
measures pay off, or would e-tailers be better off without them? Mollen-
kopf et al. (2011) emphasized that it is crucial for the success of an e-tailer
not to consider only one view in isolation but to integrate both.

To this end, a comparative quantitative model is introduced that allows an
objective assessment of whether such measures are beneficial. The anal-
ysis is based on the realized contribution margins and draws on the gen-
eral conditions and relationships described in Asdecker (2015). Ta-
ble VIII.4 provides an overview of the parameters used.

The model compares two scenarios. In scenario 1, the status quo, the com-
pany tries to promote impulse purchases with the measures examined in
this paper and accepts the known return rate. In scenario 2, it is assumed
that the company forgoes these measures, which reduces the number of
returns and orders.

Symbol  Description

TCMSQ Total contribution margin with electronic marketing measures
(e.g., display of low stock) = status quo

TCMNO Total contribution margin without electronic marketing measures

ORD Number of ordered items in the planning period in the status quo

AORD Percentage change in ordered items (%) after omission of the mar-
keting measures

RR Average return rate (%) of an ordered item in the status quo

ARR Percentage change in the average return rate (%) after omission of
the marketing measures

P Average selling price of the ordered items

C Average wholesale price of the ordered items

RC Average cost of a returned item

DC Average distribution costs of the ordered items (e.g., shipping, pick-

ing, packing)

Table VIII.4. Model Parameters.
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The omission of the advertising measures is Dbeneficial if
TCM , <TCM . The total contribution margin in the status quo
(TCMsQ) consists of the number of ordered items multiplied by the per
item contribution margin, which in turn depends on the share of retained
items (1-RR), the retail margin (P-C), the return rate (RR), the return costs
(RC), and the distribution costs (DC):

TCMj, = ORD-((1-RR)-(P-C)~RR-RC-DC)

k)

If the electronic marketing measures are omitted (TCMno), the percent-
age changes regarding the number of ordered items (AORD) and the re-
turn rate (ARR) need to be taken into account:

TCM , = ORD-(1+AORD)-((1-(RR-(1+ ARR))-(P~C))
~RR-(1+ARR)-RC—-DC)
By comparing the two scenarios and solving the inequation
TCM, <TCM ,, for AORD, we can now determine the maximum ac-
ceptable reduction in demand if omitting the advertising measures re-

duces the return rate by ARR:

RR-ARR-(P-C+RC)

AORD > -
(P-C)-(1-RR-(1+ARR))-DC—RC-RR-(1+ARR)

For a specific product on sale, the average return rate is 30.77 %. Accord-
ing to the regression model, not displaying information about a low stock
can reduce the return rate by 1.89 percentage points, corresponding to a
relative decrease of ARR=-6.16 %. Furthermore, the flash sale e-tailer that
provided the dataset indicated that the following parameter values appear
realistic for their business model: P=27.50 €; C=13.75 € (equivalent to a
50 % commission); RC=5 €; DC=3 €.

For these values, it follows that AORD>-6.64 % (i.e., the omission of the
displayed information is only justified if the number of orders decreases
by a maximum of 6.64 %). The regression for the specific numerical ex-
ample predicts a decrease in orders by 8.9 %, which indicates that the
nudge should remain active. However, if return costs were close to 7.50 €
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(see Figure VIII.1 for sensitivity with varying return costs), the decision
would have to be reversed.
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Figure VIIL.1. Sensitivity analysis.

It shows that a decision for or against a measure always has to be made
on a case-by-case basis, that it depends on the respective conditions, and
that it should not be driven by a functional perspective (sales vs. returns).
The model may serve as a basis for a decision support model that objecti-
fies the underlying issue. It mainly fits flash sale e-tailers since no addi-
tional costs due to remarketing occur in their business model. Unsold
stock is returned to the brand manufacturers. However, simple adjust-
ments can be made to account for these costs as well.

VIII.6 Conclusion

Motivated by the hypothetical but typical situation of a flash sale customer,
we addressed whether displaying quantity scarcity and price discounts af-
fect sales and returns and how this impacts profitability. This paper deli-
vers three findings:

e Displaying low stock messages in a flash sale e-commerce environment
promotes sales and increases the rate of returns.
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o Highlighting the relative price discount neither boosts sales nor does it im-
ply relevant higher returns.
o The presented quantitative model can evaluate this trade-off.

Thus, what is the theoretical contribution of this paper? According to
Whetten (1989), contributions arise from four categories: (1) factors to ex-
plain a phenomenon (what?), (2) the relationship between those factors
(how?), (3) logical justifications for altered views (why?), and (4) condi-
tions that limit generalizability.

We contribute primarily to the factors for sales and returns and their re-
lationship by confirming the positive effect of low stock messages (i.e.,
quantity scarcity) on sales (H1 accepted) in flash sale e-commerce (Calvo
etal., 2020; Cui et al., 2019). Unlike previous contributions, this is the first
study to focus on fashion flash sales and the peculiarities of this specific
product category. The same contribution type (what and how?) applies to
the increase of the relative return rate (H3 accepted).

The results strengthen the recently published study by Calvo et al. (2020)
that investigates the effect at a flash sale e-tailer with a broad product as-
sortment from toys to home appliances. They also assess the overall im-
pact on profitability by referring to net sales as a proxy. Net sales are de-
fined as the number of sold items minus returns: “[BJecause the firm’s
returns are [...] slightly above 5 % [...], and the cost of a return compares
with the margin of a sale [...], the average treatment effect is very large
(+12.5 % in net sales) [...]” (Calvo et al., 2020). They furthermore conclude
that “[the positive effects on [...] profitability amplify over wide assort-
ments [...].” However, as we show, it is necessary to integrate the financial
perspective, namely, contribution margins and costs, to draw conclusions
about profitability. To our understanding, net sales are a measure with
limited suitability for assessing overall profitability. Instead of relying on
net sales, we contribute a generalizable quantitative model assessing ac-
tual profitability based on cost and revenue parameters to better substan-
tiate the decision-making. In our numerical example, the sales loss fore-
cast by the regression outweighs the savings due to fewer returns. Never-
theless, these results may vary depending on the prerequisites of the
dealer, the sales campaign, and the product. By this generalization, we
contribute to the “why”. Although this research specifically relates to flash
sales, the results may also apply to a broader context, including shopping
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situations that entail a purchase decision under pressure (e.g., Amazon
Prime Day or regular “deals of the day”).

Furthermore, to the best of our knowledge, this study is the first to inves-
tigate the impact of relative discount disclosure on both sales and returns.
The results show that the effect of this nudge (H2 and H4 rejected) re-
mains negligible compared to the display of the stock level. This adds to
the findings of Luo et al. (2019), who investigated this effect only concern-
ing sales.

Managerially, this research highlights that decision-makers must keep in
mind both sides of the medal when designing nudges for e-commerce
websites, that is, sales and returns. At first glance, integrating such
nudges appears attractive as they are quick and easy to implement at vir-
tually no cost. However, the devil is in the details. High return rates and
costs can destroy the desired profitability of an instrument (Hewitt, 2008).
The introduced quantitative model can objectify such decisions. The con-
ducted sensitivity analysis shows that it is always case-sensitive, which
calls for machine-learning approaches that identify products for which the
display or omission of such nudges is beneficial.

Our study is not free of limitations. It is based on data from a single flash-
sale e-tailer with data from their German customer community, limiting
generalizability. Furthermore, we cannot determine whether the display
of the scarcity message exclusively causes the observed effects or if unob-
served factors exaggerate these effects. Furthermore, the additional vari-
ance explained by the display of low stock or relative discounts remains
modest. This hints at a repeated analysis with more detailed data, for in-
stance, by revealing the timing of sales and integrating customer- and
product-based attributes for the sales and returns model. The analysis also
calls for a replication using data from different countries since German
customers are characterized by unique high-returning behavior (Nicola,
2019). The observed return rates (< 25 %) are lower than those found in
the literature for “classical” fashion e-commerce (up to 60 %; Foscht et al.,
2013). Nevertheless, in combination with the synthesized quantitative
model for assessing profitability, we are confident that our findings are
helpful for practitioners from e-tailers and other scholars researching this
topic.
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Abstract

Return policy can reduce e-commerce consumer returns by subjecting
high-returning customers to a stricter return policy. Besides return behav-
ior, purchase intention is affected. In an online survey of 197 participants,
return policy leniency strongly influences purchase intention. Other vari-
ables, such as perceived trust, show a weaker impact on purchase inten-
tion than return policy directly. Managerially, this paper improves compa-
nies’ understanding of how different return policies affect customer be-
havior. Academically, the research on return policy and purchase inten-
tion is complemented by examining three different return policy manifes-
tations under control of trust, fairness, opportunism, and return diffi-

culty.

Keywords: Consumer returns, return policy leniency, purchase intention
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IX.1 Introduction

The importance of consumer returns is increasing due to the steady
growth of the online B2C market. The measures associated with the
COVID-19 pandemic further accelerated the expansion of e-commerce to
new firms, business areas, and customers (OECD, 2020). Growing e-com-
merce also increases consumer returns (Xia & Zhang, 2010). Consumer
returns cause high costs (Asdecker, 2015) and impact emissions (Khu-
sainova, 2019).

Nevertheless, to increase customer satisfaction, retailers usually offer re-
turn policies (RP) characterized as lenient. Leniency means how conven-
iently a customer can return an item (Abdulla et al., 2019). We use two of
the dimensions developed by Janakiraman et al. (2016): (1) Time leniency
(how long can items be returned), and (2) monetary leniency (fees for
shipping or returning), and add one more dimension, payment leniency.
RP influences customer behavior. Past research suggests that a generous
return policy leads to more returns and orders du to more impulsive pur-
chases (Lantz & Hjort, 2013). About 86 % of customers report that return
policies influence their purchase decisions (Olick, 2019). Accordingly, re-
turn policy can reduce returns but equally increase sales (Bahn & Boyd,
2014). Abbey et al. (2018) show that a small proportion of customers are
responsible for a large share of the total return volume. They advocate
categorizing customers according to their return behavior and tailoring
return policies accordingly. Nevertheless, how do individualized return
policies influence purchase behavior? We aim to improve this under-
standing, taking into consideration confounding variables, with this re-
search question:

e How does return policy leniency influence an e-commerce customer’s pur-
chase intention?
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IX.2 Literature Background

For B2C returns management in general, we refer to a review by Abdulla
et al. (2019), who pointed out return policy as an essential research sub-
ject. The following studies have investigated return policy in the context
of purchase intention (PI). According to Bonifield et al. (2010), customers
exposed to more lenient return policies rate the retailer’s quality higher
and show increased PI. Hsieh (2013) find that lenient return policies and
information credibility negatively impact perceived opportunism and pos-
itively impact trust, while perceived opportunism negatively affects trust,
which influences stickiness intention positively. Pei et al. (2014) state that
return policy positively influences PI and perceived fairness, moderated
by a higher reputation or lower competition among e-tailers. Perceived
fairness positively affects perceived trust, which in turn has a positive ef-
fect on PI. According to Zhang et al. (2017), consumers perceive a return
under a lenient policy as easier than under a more strict return policy, and
thus, perceived return difficulty and perceived service quality positively
influence PI. Oghazi et al. (2018) show that perceived return policy leni-
ency positively influences PI with trust as a mediator, while a direct influ-
ence of leniency on PI cannot be confirmed. Wang et al. (2020) conclude
that leniency positively affects perceived fairness, perceived return service
quality, and repurchase intention; perceived fairness and perceived ser-
vice quality also positively impact consumers' repurchase intention.

The selected papers cover most of the return policy dimensions identified
by Janakiraman et al. (2016) and suggest a direct influence of return policy
on PI while uncovering other indirect relationships. However, leniency
dimensions are primarily examined in separate studies or as different var-
iables. We consider the return policy integrally and integrate the payment
dimension, which has not been mentioned in this research strand so far.
E.g., paying by credit card elicits less pain than paying in cash because
payment is decoupled from the timing of consumption (Prelec & Loewen-
stein, 1998). Garnefeld et al. (2017) show that payment after receiving the
goods increases returns compared to payment before delivery. Based on
these considerations, we investigate the RP’s influence on PI, perceived
trust, fairness, return difficulty, and their interrelationships.
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IX.3 Hypotheses

In e-commerce, information asymmetries exist because physical distance
causes uncertainties, and customers cannot evaluate items before pur-
chase. Retailers can reduce asymmetries through a signal (Spence, 2002).
According to Signaling Theory (Spence, 1973), signaling describes a sig-
nal sent by an agent observable by a principal to reduce pre-contractual
information asymmetries (Kirmani & Rao, 2000). Since return policy le-
niency acts as an information mechanism in the relationship between
online retailers and customers (Wang et al., 2020), this could reduce in-
formation asymmetries: For example, lenient return policies signal cus-
tomers being able to act flexibly because they can avoid costs of a wrong
purchase decision (Wood, 2001). Thus, leniency could positively influence
PI. Pei et al. (2014), and Wang et al. (2020) support this assumption.
Therefore, we hypothesize:

e H1: Customers’ purchase intention is positively associated with return
policy leniency.

According to Equity Theory, perceived fairness results from the ratio be-
tween profit and investment in an exchange (Adams, 1965). Concerning
Procedural Justice Theory as part of Equity Theory, people are interested
in fair distribution and fair processes (Lind & Tyler, 1988). People prefer
their own advantage or positive inequality (Bower & Maxham, 2012). We
assume that customers value fair treatment and prefer a customer-
friendly return policy. Customers feeling mistreated are less likely to shop
at a retailer in the future and vice versa (Bower & Maxham, 2012). Pei et
al. (2014) and Wang et al. (2020) indicate that return policy leniency posi-
tively influences perceived fairness, promoting PI. Accordingly, we hy-
pothesize:

e H2a: Customers’ perceived fairness is positively associated with return pol-
icy leniency.

o H2b: Customers’ purchase intention is positively associated with perceived
fairness.

Trust is crucial to reduce uncertainties in e-commerce (Hsieh, 2013).
Trust is the willingness of a party to expose itself to the actions of a second
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party, anticipating that the second party will fulfill the expectations of the
first party without control (Mayer et al., 1995). According to Agency The-
ory, in a relationship between two or more economic entities in which a
principal instructs an agent to perform a service, information asymme-
tries exist between buyers and sellers (Jensen & Meckling, 1976). By re-
ducing incomplete information through a deliberate signal, higher trust-
worthiness could be achieved (Spence, 2002). Return policy leniency could
represent this kind of signal. Oghazi et al. (2018) and Hsieh (2013) show
a relationship between perceived trust and return policy. Therefore, we
hypothesize:

e H3a: Customers’ perceived trust is positively associated with return policy
leniency.

A lack of trust can harm attitudes toward e-commerce (McKnight et al.,
2002). Conversely, Kim and Peterson (2017) show that trust promotes PI.
Pei et al. (2014) and Oghazi et al. (2018) confirm this relationship for re-
turn policies. Accordingly, it seems essential to foster trust for increasing
future purchases. We hypothesize:

e H3b: Customers’ purchase intention is positively associated with perceived
trust.

Adherence to fairness positively impacts trust (Bies & Tripp, 1995; Pei et
al., 2014). Accordingly, a signal of fairness can reduce information asym-
metries, leading to increased trust (Waterman & Meier, 1998). We hypoth-
esize in the context of trust:

e H3c: Customers’ perceived trust is positively associated with perceived fair-
ness.

In internet-based exchange relationships, online retailers may behave op-
portunistically (Liang et al., 2005). Opportunistic behavior describes the
lack of honesty as well as pronounced self-interest in transactions (Wil-
liamson, 1975). In a buyer-seller relationship, the seller puts his own goals
above the buyer's benefit (Hsieh, 2013). Information asymmetries be-
tween buyer and seller facilitate opportunistic behavior (Mishra et al,,
1998; Waterman & Meier, 1998). Hsieh (2013) shows that a lenient return
policy contributes to mitigating perceived opportunism. Accordingly, this
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study conjectures that return policy leniency can counter perceived oppor-
tunism:

e H3d: Customers’ perceived opportunism is negatively associated with re-
turn policy leniency.

Li et al. (2006) argue that credible behavior is perceived as reliable, but
unmet expectations damage trust. Opportunistic behavior can be under-
stood as an unmet expectation. Moreover, the retailer is assumed to be-
have opportunistically (Eisenhardt, 1989; Mishra et al., 1998). The signal
sent to the customer to reduce information asymmetries may also be
harmful (Connelly et al., 2011). Thus, this study assumes that opportun-
istic behavior harms trust. Li et al. (2006) and Hsieh (2013) describe a
negative relationship between opportunism and trust. Consequently, we
hypothesize:

o H3e: Customers’ perceived trust is negatively associated with perceived op-
portunism.

Perceived return difficulty is the customer’s perceived inconvenience in
returning an item to receive a refund (Zhang et al., 2017). Both return
depth and return time impact the perceived return difficulty. For example,
if customers perceive a potential return as difficult, they perceive an in-
creased risk of unpredictable costs. Since customers tend to avoid wrong
decisions preventively (Mitchell, 1999), we hypothesize:

o H4a: Customers’ perceived return difficulty is negatively associated with
return policy leniency.

e H4b: Customers’ purchase intention is negatively associated with per-
ceived return difficulty.
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IX.4 Methodology

IX.4.1 Survey Description

For data collection, this research used an online survey conducted in Feb-
ruary 2021. The questionnaire consists of three parts. Before the actual
questionnaire, a virtual cover letter informs the participants about the sur-
vey's background and assures them anonymity. Next, we queried essential
characteristics of the respondents. In the central part, each participant
goes through two scenarios. The participants are asked to imagine pur-
chasing an item from a fictitious online fashion retailer and to answer
several items on PI, perceived fairness, perceived trust, perceived return
difficulty, and perceived opportunism. Scenario 1 is balanced character-
ized by neither particularly strict nor lenient return policy elements. Sce-
nario 2 involves one of three randomly assigned manipulations, i.e., either
a strict, balanced, or lenient scenario (Garnefeld et al., 2017; Lantz &
Hjort, 2013; Raghubir & Srivastava, 2008; Wood, 2001) (Table IX.1).

Scenario Strict Balanced Lenient
Shipping costs Yes Yes No
Return costs Yes No No
Payment period Immediate 14 days 30 days
Return period 14 days 30 days 100 days

Table IX.1. Randomly assigned return policies.

1,214 participants started the survey, of which 302 subjects completed the
questionnaire (24.9%). After removing 105 samples due to missing return
experience or inconsistent responses, the final sample consists of 197 par-
ticipants, almost all from Germany. The average age is 29.4; 58.9% had at
least a college degree, 71.6% were female. The average completion time
was 6.5 minutes. Regarding the gender imbalance in our sample, no sig-
nificant differences for the mean and variance of the PI were observed.



307

1X.4.2 Manipulation Check

A one-factor ANOVA checks the manipulation by the scenarios. In addi-
tion, post hoc tests provide information about which groups differ from
each other, using the mean values of PI. The Levene test indicates that
equality of variance between the groups can be assumed (p>.05). Signifi-
cant differences in the mean values exist between all groups (F=193.345;
p<.001). The Bonferroni posthoc test and the Scheffé procedure confirm
the manipulation functionality. Thus, the subjects show a significantly
different PI depending on the scenario.

IX.4.3 Operationalization of Constructs

We tested the hypothesized relationships using structural equation mod-
eling (SEM) to integrate multiple exogenous and endogenous latent and
manifest variables (Ullman & Bentler, 2013). The focal constructs of our
study, namely purchase intention (PI), perceived fairness (FA), perceived
opportunism (OPP), perceived trust (TR), and return difficulty (DI), were
operationalized with multi-item scales. We adopted them from existing
studies showing statistical validity and reliability of these constructs (Ta-
ble IX.2). All items were measured on a 5-point Likert type scale, ranging
from 1 (“strongly disagree”) to 5 (“strongly agree”).

Squared
Items Relia- Multiple
Construct  Source used  bility AVE Correlation
PI Kukar-Kinney et al. (2007); 6 .98 .87 .945
Wang et al. (2020)
FA Pei et al. (2014); 4 93 77 .622
Kukar-Kinney et al. (2007)
OPP Hsieh (2013) 3 88 71 319
TR Hsieh (2013) 4 95 83 674
DI Jarvenpaa et al. (2000) 3 .96 .90 .542

Table IX.2. Measurement scales and summary statistics.
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IX.4.4 Reliability and Validity Check

To check the unidimensionality of the item structure, we conducted an
exploratory factor analysis for each construct (principal axis analysis and
Promax). As a measure of sample adequacy, the Kaiser-Meyer-Olkin cri-
teria of each construct all show values >.6 (Kaiser & Rice, 1974). Bartlett's
test can be rejected for all constructs (p <.001), indicating data fit for anal-
ysis (Dziuban & Shirkey, 1974). Two items showed a communality <.5 and
were not further considered. The results of the individual explorative fac-
tor analyses confirm the one-dimensionality of the constructs. Cronbach's
alpha indicates high reliability on the construct level (Table IX.2).

We conducted a confirmatory factor analysis for parameter estimation to
ensure reliability and validity based on the second-generation quality cri-
teria. Since no construct correlation is >.9, no parameter is excluded. In-
dicator reliability for all items is >.4, so we assume acceptable reliability
(Bagozzi & Baumgartner, 1994). Reliability at the construct level is deter-
mined by factor reliability. Factor reliability exceeds .6 for all constructs,
confirming construct reliability. Since all constructs have an AVE>.5, we
assume convergence validity (Fornell & Larcker, 1981). We assume con-
struct validity for the reflective measurement models, as the requirements
for discriminant validity are met according to the Fornell/Larcker crite-
rion.

IX.5 Results and Discussion

The SEM was estimated by the maximum-likelihood method (Table IX.3,
Figure IX.1). The indices of the measurement model show an acceptable
fit. All coefficients except for two are significant. 95% of the PI variance is
explained by the model (Table I1X.2) The standardized coefficients of DI
to PI and TR to PI are significantly <.2, while all other standardized coef-
ficients exceed this threshold for meaningfulness (Chin, 1998).
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Figure IX.1. Research Model with Factor Loadings.

The largest significant positive coefficient in the model indicates that a
more lenient return policy increases PI (1.323; p<.001). The data accord-
ingly support H1. We suggest return policy leniency to signal quality and
thus to reduce purchase decision conflict (Wood, 2001), which confirms
the results of Pei et al. (2014) and Wang et al. (2020). The results also show
that the more lenient the return policy, the fairer the customer feels
treated (1.287; p<.001). In addition, higher perceived fairness positively
affects PI (.341; p<.001). Thus, H2a and H2b are supported and confirm
the findings of Pei et al. (2014) and Wang et al. (2020). H3a is confirmed
by the data (.377; p=.003), supporting the research findings of Hsieh
(2013) and Oghazi et al. (2018). Thus, lenient return policies appear to
build trust. However, H3b and the results of Pei et al. (2014) and Oghazi
et al. (2018) that trust positively affects PI cannot be confirmed due to a
slightly positive but insignificant effect (.111; p>.05). H3c is supported
(-194; p=.003) in agreement with the results of Pei et al. (2014): Customers
seem to repay fair treatment with trust in the online retailer. Furthermore,
the data confirm (-.643; p<.001) that a more lenient return policy makes
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the customer perceive less opportunism from the online retailer. Moreo-
ver, we found that perceived opportunism significantly reduces perceived
trust (-.376; p<.001). Consequently, H3d and H3e are supported, con-
sistent with Li et al. (2006) and Hsieh (2013). Perceived return difficulty
decreases significantly as the return policy becomes more lenient (-1.179;
p<.001). Thus, H4a is supported, confirming the results of Zhang et al.
(2017). We cannot confirm the postulated negative effect of the perceived
return difficulty on PI. Contrary to the conjecture, the coefficient is posi-
tive but significant (.125; p=.021). The data do not support H4b, which
contradicts the research of Zhang et al. (2017).

Hypoth- p.ih Coeffi-  ¢g R sign. Concw
esis cient sion
H1 PI < RP 1.323 152 8.682 <.001 Support
H2a FA < RP 1.287 115 11.175 <.001 Support
H2b PI < FA 341 .066 5.132 <.001 Support
H3a TR < RP 377 126 2985 .003 Support
H3b PI < TR 111 081  1.375 .169  Reject
H3c TR < FA 194 065 2,967 .003 Support
H3d OoPP < RP -.643 .088 -7.34 <.001 Support
H3e TR < OoPP  -376 .07 -5.406 <.001 Support
H4a DI < RP -1.179 102 -11.603 <.001 Support
H4b PI < DI 125 .054 2301 .021  Reject

Fit indices: x’=368,447, df=180, x*/df=2.047, GF1=.836, CFI=.965, RMSEA=.074

Table IX.3. Path coefficients and results of hypothesis tests.

IX.6 Conclusion, Contribution, and Future Research

In summary, return policy leniency strongly influences PI and, at the
same time, affects other variables, which influence PI partly and with
smaller effect sizes. Return policy thus represents an instrument for in-
fluencing customer behavior not only regarding return behavior but ra-
ther pre-purchase. A lenient return policy can increase trust and the fair-
ness perceived by the customer. In turn, it reduces the perceived oppor-
tunism and the perceived difficulty of a consumer return and can thus
contribute to higher customer satisfaction. On the downside, as suggested
by Abbey et al. (2018), individual and strict return policies can discourage
unwanted customers already from purchasing.
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This paper extends previous research on consumer return policy leniency
by a more holistic approach integrating time, costs, and payment modali-
ties, rather than focussing on individual parts of return policies. Moreo-
ver, this study formulates three different return policies and thus breaks
the previous dichotomous view. Using SEM, we incorporate several influ-
encing variables, which have already partially been investigated in this
context.

From a managerial point of view, this study supports e-tailers in under-
standing the interdependencies between return policy and PI as well as
other factors important to this relationship. For reducing consumer re-
turns, individual return policies cannot be implemented without taking
PI and other variables into consideration. Following the approach of indi-
vidually adjusting the return policy of customers with excessive returns
(Abbey et al., 2018), retailers must balance these trade-offs to determine
the suitable level of leniency and the critical thresholds. This study reveals
that a stricter return policy can significantly reduce future purchases, al-
lowing to manipulate the structure of the customer base in a smoother
way than closing down customer accounts (Safdar & Stevens, 2018). Vice
versa, individually adjusted, more lenient conditions might increase fu-
ture revenues of low-returning customers.

Nevertheless, the results hint at some future research required. A longi-
tudinal study could validate the results in a non-pandemic context. In ad-
dition, our sample is restricted to the European market. Furthermore, we
examine only two of the five return policy dimensions identified by Jana-
kiraman et al. (2016). Overall, an integrated analysis of return policy ef-
fects on actual purchases and returns would supplement the findings of
our study.
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Online shopping has experienced substantial growth, with the
COVID-19 pandemic further accelerating this trend. Since e-com-
merce customers cannot physically assess products online, returned
items are part of the e-commerce business model. Consumer returns
are associated with various operational challenges, are costly for re-
tailers and impact the environment due to the additional transport
emissions and resource waste they produce. Thus, retailers must
actively manage returns in advance to secure profitability and limit
their CO2 footprint. Various data sources (e.g., transaction data) ena-
ble retailers to generate helpful information to support these tasks.

Based on these considerations, this dissertation aims to generate
data-driven insights into the field of consumer returns. First, an in-
depth understanding of the phenomenon is gained through the docu-
mentation and exploration of the status quo of consumer returns in
Germany. Second, data-driven analytic and predictive approaches are
reviewed, applied, and evaluated. Third, influencing factors for con-
sumers’ purchase and return behavior are subsequently examined.

With a total of nine papers published in national and international
journals or conference proceedings, this dissertation addresses these
issues from a scientific perspective, without losing sight of practical
applicability, thus contributing to a better understanding of data ana-
lysis in the context of consumer returns management.
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