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E-commerce retailers (e-tailers) commonly adopt generous return policies which not only act as a guarantee to
protect the customer’s purchase but also help in maintaining their satisfaction. However, this strategy can
backfire by encouraging impulsive purchasing behaviour and resulting in a surge of product returns. This creates
what is termed the product return policy leniency dilemma. To address that, this paper aims to empirically
discover the relationships between product return policy leniency dimensions (time, monetary, effort, scope, and
exchange) and two output variables — customer return proclivity and satisfaction. We develop a hybrid method
combining machine learning-based data extraction and logistic regression, using a large empirical dataset
comprising return policies and reviews from Walmart. The results show that three leniency dimensions —
monetary, effort and scope drive customer return proclivity and satisfaction. Time only drives the satisfaction but
not proclivity while exchange is in reverse. Our findings imply that customers are amenable to reasonable re-
strictions in return policies regarding time, effort, and exchange. However, overly lenient return policy terms
may fail to adequately address the return policy dilemma. Additionally, partial refund/restocking fees are
acceptable for customers with return proclivity if they perceive the initial purchasing cost heavily. Allowing
some hazardous/bulky products to be returned under condition may also be seen as a generous term from
prospective returners. Overall, e-tailers should display flexibility by incorporating different levels of leniency
across five dimensions to balance return satisfaction and intention. This study provides e-retailers a guidance to
design an appropriate bespoke return policy.

1. Introduction

Online product returns are common practices in retail. Among the
factors driving this phenomenon such as the abundance of product
ranges, the diversity of client expectations, and the emergence of e-
commerce, return policy (RP) leniency is an important factor (Duong
et al., 2022). A RP outlines the terms and conditions for customers to
return purchased items. A typical classification framework to decom-
pose RP includes five primary dimensions: time, monetary, effort, scope
and exchange (Janakiraman et al., 2016). Time refers to the permitted
time for return. Longer allowed return periods are regarded as more
lenient RPs. Monetary relates to the refund amount, expressed as per-
centage of the purchase price. This dimension relates to the reimbursed
value that customers would get back from e-tailers. A full refund is the

* Corresponding author.

most leniency RP. Effort involves the consumer’s effort required by
e-tailers to make a successful return, with leniency varying based on the
level of inconvenience imposed on customers. Scope pertains to the na-
ture of goods that are returnable, where more lenient policies allow for
the return of used or hazardous products. Finally, the exchange dimen-
sion considers whether the e-tailer accepts either exchanges/replace-
ments, grants store credits/gift cards, or cash refunds, with cash refund
representing the most lenient RP. This dimension relates to the remedy
method that e-tailers offer to a returnable product. While generous RPs
enhance customer confidence and satisfaction, they often lead to
increased return volumes and operational inefficiencies, creating a
“Return policy leniency dilemma” for e-tailers.

Many e-commerce retailers (e-tailers) such as Amazon, are offering
excessively permissive RPs as an assurance for the lack of pre-purchase
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physical inspection. High lenient RP is set to enhance customer satis-
faction (Heim and Field, 2007) which is defined as a customer’s overall
evaluation of a business’s products and services and mitigate the pur-
chase risk (Rokonuzzaman et al., 2021; Woimant and Steils, 2025).
Satisfied customers are more likely to make further purchases as well as
to tell others about their experiences via word-of-mouth. However,
permissive RPs give space for the rise of returns which its volume might
reach above 30 % in some store (Cui et al., 2020; Ketzenberg et al.,
2020). Not all e-tailers can afford that influx of returns, especially for
small-and-medium enterprises.

E-tailers are striving to discourage returns by imposing some re-
strictions and even non-returnable policy. For example, retailers like
Gap, Old Navy, Banana Republic, and J. Crew have now restricted to
from lifetime to one month return period while Zara, Anthropologie,
RE], and L.L. Bean impose a fee for mailed returns or allow exchange
only (Dickler, 2022; Petro, 2022; Zhang et al., 2023). It is undeniable
that stringent RPs would mitigate product return proclivity. Neverthe-
less, it would harmfully affect genuine customers whose return reasons
are legitimate, thus leading to the degradation of customer satisfaction
and loyalty (Bower and Maxham, 2012). Since a recent study from Chen
et al. (2023) found that legitimate customers perceive higher fairness
and have increased purchase intentions under stricter RPs when fraud-
ulent returns are present. Thus, we posit that legitimate customers might
still accept some certain RP restrictions. This motivates us to empirically
examine how various RP leniency levels affect return proclivity
(including return intention and behaviour) and satisfaction among
legitimate returners, aiming to provide e-tailers with strategies to
navigate this dilemma.

Practitioners and researchers have largely overlooked the perspec-
tives of legitimate customers towards the restricted RPs, focusing pri-
marily on financial benefits and cost management (Abdulla et al., 2019;
Loeb, 2022; Mollenkopf et al., 2011). Chen et al. (2023) is one of the few
studies to highlight the importance of understanding legitimate re-
turners’ views on restricted RPs. Our study, however, differs in two
significant ways: (1) We examine different dependent variables — return
proclivity and satisfaction versus their perceived fairness and purchased
intention and (2) their survey design assumes customers are aware of
other’s fraudulent behaviours which could be unrealistic. Customers
may not always understand why restrictions are in place, or even if they
do, they tend to prioritise their own benefits over the reasons for the
restrictions. We address this limitation by studying customers’ percep-
tion towards RPs through customer online reviews. Customer online
reviews are appropriate due to several factors: (i) Customers usually
review RPs before purchasing, hence reviews can reflect their perception
towards RP (Chen et al., 2024), (ii) customers often share their opinions
spontaneously in online reviews, reflecting their true feelings and ex-
periences without the influence of experimental settings or survey biases
(e.g., the presence of return fraud), (iii) lastly but most importantly,
customers typically feel ashamed/embarrassment of sharing return
reasons, especially return abuse, hence, those who shared are likely
having legitimate reasons.

Despite the increasing academic interest in RPs and their role in
shaping consumer behaviour (e.g., Abdulla et al., 2022; Bower and
Maxham, 2012; Gathke et al., 2022; Janakiraman et al., 2016; Jana-
kiraman and Ordonez, 2012; Rao et al., 2018; Zhang et al., 2017),
several key limitations remain in the current literature. First, most
existing studies examine one or two leniency dimensions — most
commonly monetary, time, or effort — in isolation or paired combina-
tions, often neglecting scope and exchange. Only a few studies (e.g.,
Abdulla et al., 2022; Janakiraman et al., 2016) adopt a holistic view of
RP leniency across all five dimensions. However, even these studies
typically rely on binary classifications (e.g., lenient vs. strict), which
may obscure the non-linear and multidimensional nature of consumer
responses to varying degrees of leniency. Second, although prior
research has drawn on established theories such as Expectancy Discon-
firmation Theory, Signalling Theory, and Justice Theory (Chen et al.,
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2023; Dailey and Ulkii, 2018; Pei et al., 2014; Rao et al., 2018; Yan and
Cao, 2017), these frameworks have rarely been integrated systemati-
cally to examine how different RP leniency features shape return pro-
clivity and customer satisfaction. Notably, the moderating role of return
proclivity — distinguishing between return intention and return behav-
iour — remains underexplored. This gap is particularly significant in
online retail contexts, where herd behaviour, information asymmetry,
and user-generated reviews strongly influence both perceived perfor-
mance and post-purchase satisfaction. Third, while satisfaction is a
central outcome in consumer behaviour theory, its relationship with RP
features has received limited direct attention. Most studies focus on
intermediate outcomes such as purchase intention, perceived fairness, or
trust, with satisfaction either treated peripherally or not disaggregated
by leniency dimension (e.g., Chen et al., 2023; Oghazi et al., 2018; Pei
et al.,, 2014; Wood, 2001). By addressing these limitations, our study
contributes to a more granular, theory-driven understanding of the RP
dilemma.

In this paper, we aim to examine the relationships among five RP
leniency dimensions, customers satisfaction and return proclivity. The
goal is to seek the optimal RP leniency level that have positive satis-
faction while minimising return proclivity, potentially addressing the
dilemma. Two research questions are to be answered:

e RQI. Can e-tailers issue RPs with restrictions without damaging
customer overall satisfaction?

e RQ2. Do RP leniency dimensions have different effects among return
intention and behaviour?

To answer these questions, we first extract five RP leniency di-
mensions as independent variables, return proclivity and satisfaction as
dependent variables. This is done by analysing 13,757 textual RPs and
15,991 customer reviews from Walmart marketplace using machine
learning techniques. Then, we analyse the impacts of the independent
variables on the dependent variables using logistic regression models.
This data-driven approach addresses limitations inherent in traditional
methods such as surveys and experimental designs, which often fail to
capture authentic managerial dynamics due to vulnerabilities including
single-respondent bias and retrospective (Yan et al., 2025). By
leveraging large, naturally occurring datasets from real-world platforms,
we can explore complex phenomena at scale and uncover nuanced in-
sights into consumer behaviour that are challenging or impossible to
detect within controlled experimental environments (Duong et al., 2024;
Ketzenberg et al., 2020; Van Nguyen et al., 2020).

Our analysis revealed that monetary, effort, and scope dimensions
have heterogeneous effects on return proclivity and satisfaction at
different leniency levels. Time does not affect return proclivity, and
exchange does not affect satisfaction. Our findings suggest that cus-
tomers are willing to accept certain restrictions in RPs related to time,
effort, and exchange. However, extremely lenient RP terms may not
effectively resolve the RP dilemma. Furthermore, customers with return
intentions and behaviours perceive sub-optimal RP leniency differently
at some leniency levels.

Our analytical approach offers several novel contributions beyond
prior studies using the five dimensions by Janakiraman et al. (2016) and
Abdulla et al. (2022). First, we leverage large-scale, real-world data
from Walmart to capture actual customer sentiment and behaviour,
rather than relying on hypothetical scenarios. Second, we disaggregate
return proclivity into intention and behaviour, providing a more
detailed understanding of the return process. Third, we apply a
three-level classification of leniency (low-medium-high), allowing us to
detect non-linear effects and uncover optimal leniency thresholds.
Fourth, we frame the RP dilemma through the lens of Expectancy Dis-
confirmation Theory, Signalling Theory, and Justice Theory, illustrating
how certain restrictions may serve as credible signals and be positively
received by legitimate customers.

Practically, our study offers a strategic guide for e-tailers,
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particularly small and medium-sized enterprises, by leveraging a ma-
chine learning-based text mining approach to analyse real-world RPs
and customer reviews. This data-driven framework equips e-tailers with
actionable insights to design and customise RPs that balance customer
satisfaction with return mitigation, optimising resources while
addressing the limitations of overly permissive RPs in managing the
leniency dilemma.

The remaining paper is presented as follows. In section 2, we discuss
related literature in RP leniency domain and identify the research gaps.
In section 3, theoretical framework is presented to build the foundation
for our study. In section 4, data collection, variable operationalisation
and proposed model are introduced. Then in section 5 and 6, main re-
sults and discussions are provided. Section 7 presents managerial and
theoretical contributions of this study. Finally, section 7 concludes with
summary of the findings and suggests future directions.

2. Literature review

In this section, we review related literature and justify for the
research gaps. The extant literature of this study is in the intersection of
two domains: (1) RP leniency and (2) consumer behaviour. A table of
summary can be found in Online Appendix A.

2.1. RP leniency dimensions

Regarding the first domain, RPs are typically characterised by their
leniency, emphasising the convenience and ease with which consumers
are allowed to make returns. Lenient RPs have a long history, dating
back to the money-back guarantee scheme introduced by the founders of
the Walter F. Baker Cocoa firm in 1777 (Tonning, 1956). This monetary
concept has been evolving in 1900s to reduce customer purchasing risks
and boost sales (Davis et al., 1995; Menke, 1969; Patankar and Mitra,
1995). As retailing grows especially in e-commerce, RP leniency tends to
be investigated in various dimensions and operating conditions so that
the influence of certain leniency choices could be better understood
(Abdulla et al., 2019). Many studies focus on one or two dimensions of
leniency, with time, monetary, and effort being the most frequently
investigated — either individually or in combination.

Time leniency, for instance, refers to the timeframe specified by e-
tailers within which returns are accepted, commonly ranging from 15 to
90 days. Longer return windows are generally considered more lenient.
This dimension has been moderately studied on its own, with two
representative studies — Rao et al. (2018) and Ulkii et al. (2013) —
exploring how greater time leniency can enhance firms’ profitability.

Compared to time, monetary leniency is more widely examined,
often in terms of full versus partial versus no refunds (Bower and Max-
ham, 2012; Chen et al., 2024; Hjort and Lantz, 2016; Pei et al., 2014;
Shang et al., 2017a, 2017b; Wood, 2001). A more financially lenient
policy appears to reduce the overall amount of purchase deliberation,
increase perceptions of product quality (Wood, 2001), positively influ-
ence consumers’ perceptions of RP fairness, trust, and purchase inten-
tion (Pei et al., 2014). It could be more profitable for firms when dealing
with consumer bracketing (Chen et al., 2024) or having substantial
number of repeat customers (Hjort and Lantz, 2016). Conversely, Shang
et al. (2017b) point out that the value of a full refund policy to con-
sumers may not be as substantial as one might expect. In specific cases,
such as dealing with consumer wardrobing practices, a partial refund (i.
e., higher restocking fee) could be more profitable for firms (Shang et al.,
2017a).

Effort leniency, on the other hand, indicates the level of effort con-
sumers must exert to return products. Some retailers might require
original receipts, packaging or form-filling, while others are more
hassle-free. Accordingly, policies that minimise consumer effort are seen
as more lenient. The extant literature suggests that reduced effort re-
quirements can lead to higher purchase intentions — contingent on trust
and the retailer’s control (Bonifield et al., 2010), lower negative
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attitudes towards the retailer (Dailey and Ulkii, 2018), and reduced
perceived purchase risk, thereby enhancing store image and patronage
intentions (Rokonuzzaman et al., 2021).

Recent research trends, however, show a shift from focusing on a
single dimension to examining the effects of two dimensions. A popular
approach is paring monetary with time (Xu et al., 2015; Zhang et al.,
2017), or with effort (Hsiao and Chen, 2014; Oghazi et al., 2018),
depending on the researchers’ experimental design, to account for their
interactions or comparative effects. Time (i.e., 2 vs. 7 days) and effort (e.
g., form-filling vs. hassle free) are also examined as their own modera-
tors in affecting returns decision by Janakiraman and Ordonez (2012).

While time, monetary, and effort dimensions have received consid-
erable attention, scope and exchange leniency are less frequently stud-
ied. Scope leniency concerns the types of items deemed “return-eligible”
— for instance, discounted products may be excluded from returns. Pol-
icies with broader return eligibility are seen as more lenient. Meanwhile,
exchange leniency relates to the form of reimbursement, where policies
providing cash refunds are the most lenient, followed by store credit,
while exchanges represent the least lenient option. Chen et al. (2023) is
among the few that consider scope, alongside monetary and time, under
the assumption that some consumers may feel fairer if they are aware of
the presence of return fraudsters. Heim and Field (2007), on the other
hand, include exchange in addition to monetary, time, and effort, by
examining whether firms should offer full cash or store credit only.
Notably, Abdulla et al. (2022) and Janakiraman et al. (2016) stand out
as the only studies cover all five dimensions, exploring heterogeneities
in customers’ behaviours.

To ensure a comprehensive analysis, this study adopts an all-
encompassing approach by evaluating five dimensions of RP leniency.
In contrast to prior research that often relies solely on literature or
experimental designs, we measure these dimensions using actual RP
texts written by e-tailers. Moreover, while many studies classify leniency
using binary indicators (e.g., Abdulla et al., 2022; Janakiraman et al.,
2016), this approach can overlook potential non-linear effects on return
proclivity and satisfaction.

To capture more nuanced patterns, we categorise each RP dimension
into three levels of leniency: low, medium, and high. These levels, pre-
sented as low-medium-high for generalisation, are grounded in findings
from previous studies and shaped by the distribution of RP features
observed in Walmart marketplace data (see Table 6). This dual approach
ensures the categorisation is both theoretically informed and reflective
of real-world practice. This classification is well-suited for identifying
the optimal balance between return proclivity and satisfaction. A com-
parable method was effectively applied by Ramanathan (2011), who
incorporated a medium-risk level into Finch (2007) customer risk
perception model.

2.2. Consumer product returns research

In the second domain, consumer product return can be classified into
two segments: (1) return intention and behaviour and (2) cognitive and
affective responses (Abdulla et al., 2019). The first segment relates to
how they form return proclivity from their perception on RP. Product
return proclivity refers to a customer’s likelihood of returning a pur-
chased item. (Janakiraman et al. (2016) and Janakiraman and Ordonez
(2012) are among the few who examine the impact of RP leniency on
return proclivity, while (Bonifield et al., 2010; Chen et al., 2024; Gathke
et al., 2022; Hsiao and Chen, 2014; Wood, 2001) study return actions
and decisions. Our research, however, examine both return intention
and return behaviour separately under the umbrella term “return pro-
clivity”. This distinction highlights the potential discrepancy between
consumers’ stated intentions and their actual behaviours (Arts et al.,
2011; de Mesquita et al., 2023). As we utilise online reviews, where
information about others’ decisions is readily available, there is also a
high chance that the consumers would form their behaviours based on
others’ decisions (Rejikumar et al., 2022). This tendency, known as
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“herd behaviour”, explains individuals’ preference to follow the de-
cisions of others, even when they have their own private information to
consider. Customers can rely on existing reviews to make purchase and
return decisions (Minnema et al., 2016), which potentially widens the
gap between their stated intentions and actual actions.

Meanwhile, the second segment covers customers’ cognitive re-
sponses about the products and services acquired through information
and their corresponding affective responses. Within this domain,
perceived product and service quality are the most common target
variable in the literature (Abdulla et al., 2022; Wood, 2001; Xu et al.,
2015; Zhang et al., 2017). The relationships between RPs and customers’
perceptions of risk, fairness and trust have also been extensively studied
(Bonifield et al., 2010; Bower and Maxham, 2012; Chen et al., 2023;
Oghazi et al., 2018; Pei et al., 2014; Rokonuzzaman et al., 2021).

Despite the direct impact of customer satisfaction on repurchase and
loyalty (Fornell, 1992), the impact of RP on satisfaction has received
relatively little attention. Customer satisfaction is defined as a con-
sumer’s overall evaluation of a company’s product and service offerings.
Heim and Field (2007) have examined the link between RPs and
customer satisfaction using a sample of over 1000 e-service operations,
while Dailey and Ulkii (2018) examined whether customers emerge
negative attitude when their returns are in denial. However, while Heim
and Field (2007) only considered RP as a small aspect of their main
research about e-service quality, both studies did not study all leniency
dimensions in a granular way. Building on this foundation, we aim to not
only examine the leniency level of different dimensions on customer
satisfaction but also the moderating role of return proclivity in this
relationship which will be further elaborated in the next section.

3. Theoretical framework

The well-established Expectancy Disconfirmation Theory (EDT)
provides a robust framework for understanding consumer behaviour,
particularly in the context of e-tailers’ RPs (Anderson, 1973). The theory
posits that consumers’ satisfaction is shaped by the comparison between
their initial expectations and the actual performance they experience
(Oliver, 1980). The core constructs of EDT include: (1) Expectations,
which are the beliefs or anticipations a consumer has before encoun-
tering a product, service, or experience; (2) Perceived performance,
referring to the consumer’s perception of the actual performance of the
product, service, or experience; (3) Disconfirmation of beliefs, which
involves the judgments or evaluations made by comparing the actual
performance to the initial expectations; and (4) Satisfaction, which is
the ultimate outcome of this comparison, reflecting the consumer’s
contentment with the product, service, or experience after direct expe-
rience with it.

In the context of this study, consumers form their expectations based
on factors such as time, monetary cost, effort, scope, and exchange le-
niency in the RPs. These expectations not only shape the return process
but also influence the broader perception of the e-tailer’s overall per-
formance (Dailey and Ulkii, 2018). Meanwhile, return proclivity, which
includes both return intention (the consumer’s plan to return a product)
and return behaviour (the actual act of returning), is closely tied to
perceived performance.

Perceived performance refers to how well the return process meets or
falls short of the consumer’s expectations. In this case, return intention
can be viewed as a form of perceived performance as it reflects an
anticipatory judgment based on consumers’ expectations of how the
return process will unfold. It influences their willingness to engage in
return behaviour, which, in turn, affects their satisfaction with the
product, service, and overall experience. For consumers who move
beyond intention to indicate actual return behaviour, their perceived
performance becomes more tangible. This direct experience with the RP
shapes their satisfaction not only with the policy but also with the e-
tailer. Thus, both forms of return proclivity are interrelated, with the
alignment — or lack thereof — of the return process with consumer
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expectations influencing satisfaction.

As mentioned, disconfirmation arises when there is a divergence
between expectations and reality, leading to either positive (e.g., a re-
turn process outperforms expectations) or negative (e.g., a return pro-
cess falls short of expectations) disconfirmation. These types of
disconfirmations subsequently affect consumer satisfaction with both
the RP and the e-tailer. On one hand, a lenient policy, offering easy
returns and minimal restrictions, could reduce perceived purchase risk
and foster a sense of security among consumers. In e-commerce, infor-
mation asymmetry between consumers and e-tailers is a common issue
since customers cannot fully inspect products before purchasing and
instead rely on descriptions, images, and reviews. It is also highlighted
that this information gap leads to heightened consumer uncertainty,
which can negatively impact satisfaction (Yan and Cao, 2017). In
response to such uncertainty, lenient RPs, according to signalling theory,
can serve as signals of product quality, trustworthiness, and customer
service (Rao et al., 2018). These policies indicate that the e-tailer is
committed to resolving any issues, creating an environment where
consumers feel secure and are more likely to perceive the e-tailer as
reliable. This fosters positive disconfirmation. When the return process
meets or exceeds expectations, it generates satisfaction and reinforces
trust in the e-tailer. In contrast, restrictive policies may signal a lack of
confidence in product quality or an emphasis on cost-saving rather than
consumer-centric ~ values, potentially leading to negative
disconfirmation.

Justice theory, however, offers another important lens for under-
standing consumer satisfaction with RPs. This theory focuses on how
consumers evaluate fairness based on distributive, procedural, and
interactional justice, which refers not only to the perceived fairness of
outcomes but also to the fairness of the processes leading to outcomes
(including the clarity and accessibility of the RP) and the fairness of
interpersonal treatment during the return process (Greenberg, 1990). In
this sense, while lenient RPs are often perceived as fair, offering cus-
tomers flexibility with minimal hassle, they can also raise concerns
about fairness if consumers feel the policy is too permissive. In partic-
ular, if the policy is excessively lenient, consumers might perceive it as
an invitation for abuse, leading to negative perceptions about fairness.
On the other hand, restrictive policies can be perceived as fair if con-
sumers view them as justified, particularly when the policies are clearly
communicated and applied uniformly (Chen et al., 2023). Furthermore,
justice theory suggests that fairness perceptions play a significant role in
satisfaction (Pei et al., 2014). Consumers who perceive a RP as fair are
more likely to experience positive disconfirmation, even if the process
has some level of restrictions. Conversely, unfair policies can lead to
negative disconfirmation, reducing satisfaction with both the policy and
the e-tailer.

In sum, RPs should strike a balance between leniency and restriction.
While lenient policies can reduce perceived risk and foster positive
disconfirmation (i.e., higher satisfaction and higher return proclivity),
overly lenient policies may raise concerns about fairness. Conversely,
restrictive policies may enhance fairness perceptions if they are
perceived as justified, but they risk creating negative disconfirmation (i.
e., lower satisfaction) if seen as overly punitive. These connections
provide a basis for investigating the research gap regarding the level of
RP restriction/leniency can impose to reduce return proclivity while
maintaining customer satisfaction. Drawing from our theoretical foun-
dation, the relationships between RP leniency dimensions, return pro-
clivity, and satisfaction are outlined in the theoretical framework in
Fig. 1.

4. Research methodology
4.1. Data collection

We developed a crawler using Scrapy Python package to scrape all
possible RPs from Walmart marketplace in 2022. At the time of data
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Fig. 1. Theoretical framework.

collection, Walmart publicly displayed the RPs of e-tailers when such
information was not readily available on other marketplace platforms
like Amazon or eBay. While Amazon provides more standardised RPs
across e-tailers, limiting variations in leniency levels, eBay displays RPs
at the product level rather than at the retailer level, which is not the
focus of our research. Walmart’s textual datasets provide a unique op-
portunity to extract the RP leniency levels across five different di-
mensions in one place. Additionally, customers can easily browse and
scrutinise RP signals, which may influence their return behaviour and
overall satisfaction. This study assumes that customers are aware of RPs
at the time of purchase, consistent with literature suggesting that RPs
function as pre-purchase signals of quality and risk reduction (e.g., Chen
et al., 2024; Pei et al., 2014; Robertson et al., 2020; Xu et al., 2015).

After removing many invalid RPs such as “N/A”, “TEST SELLER”,
“Test Channel”, 13,757 e-tailers are valid for further analysis. Within
each e-tailer, we also collect their reviews to measure customer reaction
towards RP leniency. A total of 25,991 reviews were collected after
removing some duplications. These reviews are from 3172 out of 13,757
e-tailers since not all retailers have received customer reviews. The
collected text data is cleaned using the process in Online Appendix B.
Furthermore, we also collect data on the primary product categories
each e-tailer specialises in. In total, we have identified 20 major cate-
gories, as defined by Walmart (see Online Appendix E).

4.2. Variables identification and measurement

Table 1 summarises the values to be used and the methods for
generating them for the dependent, independent, and control variables
examined in this study. The description and justification for each vari-
able will be outlined in the following sections.

4.2.1. Dependent variables
e Customer return proclivity

The dependent variable, customer return proclivity, is captured from
customer reviews using information retrieval techniques. It comprises
two main human-machine collaboration steps of (1) keyword matching
and (2) human annotation. This two-step approach, ensuring the accu-
racy while minimises manual effort, has been widely adopted by oper-
ations and marketing research (Duong et al., 2024; Ko and Bowman,
2023; Tirunillai and Tellis, 2014).

We first compile a comprehensive list of return-related keywords
based on Walmart RP website and our research team’s expertise (Fig. 2).

Satisfaction

Table 1
Summary of variables measurement in this study.
Type Variable Values Method
Dependent Customer Contains three classes -  Keyword matching
return Class 0 (No return and human annotation
proclivity intention), Class 1
(Return intention) and
Class 2 (Return
behaviour)
Customer Contains two classes — Pre-trained BERT-
satisfaction Positive and Negative based sentiment
analysis, polarity
scaling and machine
annotation
Independent  Time Contains three levels — BERTopic modelling
leniency level Level 1 (Low), Level 2 and human annotation
Monetary (Medium) and Level 3
leniency level  (High)
Effort
leniency level
Scope
leniency level
Exchange
leniency level
Control Product Contains 7 categories — Extracting directly
category (1) furniture and from the dataset and
furnishing; (2) classifying using
recreation, sport and COICOP 2018
culture; (3) grocery and ~ Category
food; (4) heath,
personal care and
beauty; (5) electronics;
(6) vehicles; and (7)
fashion
RP length Continuous number of Counting method

RP sentiment

RP
subjectivity

Review
length
Review
seasonal
effect

words

Continuous number
ranging from —1 (very
negative) to 1 (very
positive)

Continuous number
ranging from —1 (very
subjective) to 1 (very
objective)

Continuous number of
words

Contains 12 dummy
variables from January
to December

Pre-trained BERT-
based sentiment
analysis, polarity
scaling

TextBlob

Counting method

Extracting directly
from the dataset
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RMA (Return
merchandise
authorization), RGA
(Return Good
authorization), RA
(Return authorization)

Return
Proclivity

Send/sent/ship*/post*/
bring*/brought ... back
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Warranty, replac*,
guarantee, exchang*,
substitute®, swap*,
product recall

Refund*,
reimburs*, repay,
repaid, money back

Fig. 2. Keywords indicating customer return intention (the asterisk * shows various word forms).

If a review contains any of these keywords, we denote as returns pro-
clivity. Otherwise, we denote as no return intention. As a result, there
are 3829 (14.73 %) reviews denoted as return proclivity and 22,162
(85.27 %) reviews denoted as Class 0 — no return intention (i.e., non-
returners). This step effectively reduces the manual workload from
25,991 reviews to 3829 reviews. Machines excel at this task because
they follow clear and standardised rules to detect predefined return-
related terms, ensuring consistency.

Second, in line with our research questions, we further classify 3829
reviews with return proclivity into two classes (see Table 2 for
examples):

(1) Class 1 - return intention (i.e., prospective returners) are any
reviews which do not indicate a confirmation of past/ongoing
product returns.

(2) Class 2 - return behaviour (i.e., returners) are any reviews which
indicate a confirmation of past/ongoing product returns.

This task is challenging as customers may diversify their used lan-
guage in expressing return intention or behaviour. For example, a re-
view may state, “I am returning the product” in one sentence but later
contradict it with “But I changed my mind and kept it.” Such nuances
necessitate human interpretation rather than automated classification.
This requires a carefully reading and analysing each return-related
review.

First, to reduce human fatigue in reading long texts, we filtered and
kept only the sentences contained return-related keywords in each re-
view utilising the comprehensive list in Fig. 2. Second, to reduce human
bias, we recruited two independent annotators for this task. Human
annotators can classify the filtered reviews into return intention or re-
turn behaviour, as this distinction often requires contextual under-
standing beyond what automation can accurately capture. Two
annotators achieved a high Cohen’s Kappa score of 0.901 indicating
perfect inter-annotator agreement (Cohen, 1960). Finally, we
cross-checked and discussed assigning the final labels for the

Table 2
Examples of reviews in class 1 and 2.

Class  Review contents

1 I have not returned the item yet. I will need to consider if the return is easy to
complete or if some policy, return fee, etc.

1 I want my money back and I will return this very small hand towel.

2 So, I returned it and paid $3.50 for send it back.

2 The return went well. Already got an email from Walmart about a future credit.

mismatched ones. Among 3829 (14.73 %) reviews with return pro-
clivity, we found that 2426 reviews indicate return intention (Class 1),
and 1403 reviews indicate return behaviour (Class 2).

e Customer satisfaction

Customer satisfaction is characterised as a customer’s total assess-
ment of an overall product and service offerings by the businesses.
Thanks to the development of the Internet, retailers could gain more
insights into how satisfied their customers are via feedback from the
textual reviews. Commonly, customer satisfaction is captured by the
rating given by customers when they write a review. From large online
marketplace like Walmart, eBay or Amazon, the range can be from 1 star
with low dissatisfaction to 5 stars with high satisfaction. However, it was
evident that star rating may not always align with review text, and they
are ambiguous to multiple interpretations such as 3-star reviews
(Mudambi et al., 2014). Instead, we use sentiment as a proxy to measure
customer satisfaction, evident from previous studies (Chandrashekaran
et al., 2007; Chen et al., 2020; Wang et al., 2021).

We propose a novel approach to measure their sentiment through
their review text. A review text can be used to detect customers’ senti-
ment where they satisfied or dissatisfied with product and service as-
pects. Customer overall satisfaction depends on the aggregated
sentiment across various aspects (Qiu et al., 2018). Hence, review text is
a potential and rich source for accurate satisfaction measurement. We
apply a RoBERTa pre-trained machine learning-based sentiment anal-
ysis1 to calculate sentiment scores (Barbieri et al., 2020). This model was
proved to achieve a high accuracy score of ~73 % which is significantly
higher than some standard models such as SVM or FastText on sentiment
analysis tasks. The model is selected as it utilises the breakthrough
Bidirectional Encoder Representations Transformers (BERT) language
model which takes into consideration the contextual environment to
understand different meanings of a word (Devlin et al., 2019). For
example, the word “interesting” may have both positive and negative
elements in different contexts.

First, we employ the pretrained model, which generates three
sentiment scores for each review: positive, negative, and neutral. As
neutral sentiment does not provide substantial managerial insights, we
exclude it from further analysis. Second, to transform the remaining two
sentiment scores into a single satisfaction variable from —1 (negative) to

1 Available at Huggingface Python package: cardiffnlp/twitter-roberta-base-
sentiment - Hugging Face.
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Table 3

Examples of positive and negative reviews.
Reviews Positive Negative Overall

score score satisfaction
Customer service was good, I returned product to store and got an email that I will be seeing my refund soon. 0.9276 0.0061 0.9868
The item was received quickly. When I returned the item, I received a refund immediately. 0.8097 0.0056 0.9862
The necklace was of poor quality and looked cheap, was not worth the money so I returned it to the seller. I never received a 0.0046 0.9383 —0.9902
refund. Emailed the seller and did not receive a reply.

I returned the product, and they refused to provide a free shipping label to return it, nor would they pay me back to return their ~ 0.0052 0.9299 —0.9887

product that I was not happy with. I would never buy from them again. I paid $29 to have it shipped back.

Table 4
Lists of RP leniency keywords.
Dimension  Keywords
Time Hour*, day*, date*, week*, month*, year*
Monetary Refund*, money, fee, monetary, restocking fee, shipping charge,

shipping fee, handling charge, handling fee, cost
Effort Return merchandise authorization (RMA), return authorization (RA),
hassle, trouble, effort, receipt, tag*, packag*, question, form, fill,
cancel, shipping return, procedure
Scope Customiz*, accept*, eligibl*, custom*, (dis)approv*, satisfy*, (dis)
allow*, discount*, clearance, sales, promotion*, refus*, reject*,
declin*, special order, personaliz*, made to order, consumable, one-of-
the-kind, (un)used, condition*, unworn, defect*, (un)open*, any
product
Exchang*, replc*, voucher, coupon, gift*, cash, warrant*, repair*,
guarantee*, credit card, credit*, point

Exchange

The asterisk (*) sign is used to capture all possible family words of the designated
keyword (e.g., eligib* can catch both eligible and eligibility).

1 (positive) for logistic regression later, we apply a scaling formula as
suggested by Siering et al. (2018) below:

Positive — Negative

Overall Satisfaction=—————>——
f Positive + Negative

As a result, we extract 16,895 positive reviews (72.81 %) and 9096
negative reviews (27.19 %). The examples of positive, negative and
overall satisfaction scores are shown in Table 3.

4.2.2. Independent variables — RP leniency dimensions
e BERTopic description, justification and preparation

In this section, we measure the leniency level of five dimensions:
time, monetary, effort, scope and exchange following the unified clas-
sification framework from Janakiraman et al. (2016). These dimensions
represent core, retailer-controlled elements of RPs and reflect key
trade-offs between customer convenience and operational cost. Other
factors, such as return initiation ease or customer service quality, are
considered part of broader service delivery and are indirectly captured
through customer sentiment in reviews. As observed, each e-tailer
compose their RP which captures RP leniency dimensions in an un-
structured and inconsistent way. Hence, topic modelling is appropri-
ately applied to extract the common patterns in each leniency
dimension. Topic modelling is an unsupervised machine learning tech-
nique used to statistically discover dense semantic topics (i.e., RP le-
niency terms) and clusters a large number of documents (i.e., a corpus)
into these topics. Traditionally, probabilistic topic models such as Latent
Semantic Indexing or Latent Dirichlet Allocation have gained mo-
mentum to derive prominent topics from a corpus. These models are
widely applied since their mechanism utilises the vocabulary list and its
occurrence in a whole corpus, which is straightforward and interpret-
able. However, they fall short as an effective topic extraction tool in
distinguishing a word in different context. For example, the meaning of
the word “return” may vary among giving back (e.g., product returns),

financial return (e.g., earnings), or coming back (e.g., return to work).
On another note, they are expensive in terms of computational resources
and time due to a sparse matrix they create from short-to-medium tex-
tual RPs.

To address these drawbacks, we apply BERTopic which utilises the
infrastructure of the novel BERT model to extract the prominent topics
for RPs (Grootendorst, 2022). We use the default parameters for BER-
Topic models. The model’s initiative is the ability to embed contextual
information into the representation vector of a word/sentence/docu-
ment by scanning bidirectionally (i.e., left, and right direction). A
word/sentence/document is quantified into minimum 384-dimensional
dense vector representations which overcome the shortcomings of a
sparse matrix. Furthermore, the model does not require to pre-define
numbers of topics which is suitable for exploring all possible expres-
sions of RP leniency. A process of BERTopic consists of four steps which
are (1) document embedding, (2) dimensionality reduction, (3) clus-
tering, and (4) topic representation generation. A detailed explanation
of each step can be found in Online Appendix C.

Any information which does not cover the leniency dimensions is
considered irrelevant. For example, some sentences such as “at ..., we
help you choose fine diamonds and jewelry that you have set your heart on
and make sure your expectations are met or exceeded” or “we take great
pride in our reputation for excellent quality merchandise and value” are
generic and may contaminate the results. To ensure the reliability of the
results, we compile five lists of keywords for the five dimensions based
on the literature, the authors’ expertise, and initial inspection from the
dataset (Table 4).

e BERTopic implementation

We apply BERTopic to all 13,757 RPs although only 3172 e-tailers
have customer reviews. Because topic model requires a large dataset to
discover all possible latent topics, omitting any sample may lead to
overlooking key leniency information. Since BERTopic tends to work
more effective with shorter and dense documents rather than long
documents, we matched each keyword to each RP. Then, we respec-
tively filtered and retained words surrounding the matched keywords
with a window sliding of 10 words® (i.e., 5 words to the left and 5 words
to the right). If a dimension is not specified in a RP, the cell will be left
blank. We produced five separated corpus representing time, monetary,
effort, scope, and exchange. BERTopic was fit into each newly born
corpus separately, and we discovered 45 topics in time dimension, 34
topics in monetary dimension, 41 topics in effort dimension, 56 topics in
scope dimension and 35 topics in exchange dimension (see Online Ap-
pendix D). The quality of BERTopic models is evaluated using the
common coherence score, Cy, which is highly interpretable and aligns

2 A sliding window of 10 words is a common practice in natural language
processing techniques such as LDA, Skip-gram, GloVe or CboW for short texts
(Bicalho et al., 2017). We attempted to vary this sliding window, but they did
not yield better results. This setting is appropriate to avoid overlapped topics
across five dimensions.
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Table 5
Coherence scores (C,) from BERTopic modelling.
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Time leniency

Monetary leniency

Effort leniency Scope leniency Monetary leniency

Coherence score (C,) 0.5024 0.6485

0.5148 0.5601 0.5458

Table 6
RP leniency operationalisation and frequency.

Dimension Operationalisation

Full set frequency  Subset frequency  T-

test”

Time leniency Level 1: Up to 14/15 days (T1)

Level 2: Up to 30 days (T2)

Level 3: More than 30 days (T3)

Level 1: Shipping & Restocking fee/Partial refund (M1)
Level 2: Shipping/Restocking fee (M2)

Level 3: Full Refund (M3)

Monetary leniency

Effort leniency
Level 2: Only need to fill forms or contact sellers (Ef2)
Level 3: Hassle free (Ef3)

Scope leniency Level 1: Some products cannot be returned (S1)

Level 2: Some products can be returned under certain conditions (e.g., unopened, unwashed, unused) (52)

Level 3: Any product can be returned (S3)
Level 1: Exchange/Replace/Repair (Ex1)
Level 2: Gift card/Store credit (Ex2)
Level 3: Cash refund (Ex3)

Exchange leniency

Level 1: Conditional (e.g., original tag, package or receipts) (Ef1)

1240 (9.01 %) 297 (9.36 %) 0.62

9777 (71.06 %) 2246 (70.80 %) -0.29
2740 (19.92 %) 629 (19.82 %) -0.11
4579 (33.28 %) 1038 (32.72 %) —0.60
3394 (24.67 %) 731 (23.04 %) -1.92

5784 (42.04 %)
5361 (38.96 %)

1403 (44.23 %) 225
1250 (39.40 %) 0.46

3134 (22.78 %) 726 (22.88 %) 0.13
5262 (38.24 %) 1196 (37.70 %) -0.57
4914 (35.71 %) 1087 (34.26 %) —1.54
6101 (44.34 %) 1429 (45.05 %) 0.72
2742 (19.93 %) 656 (20.68 %) 0.95
4430 (32.20 %) 1094 (34.48 %) 2.48
223 (1.62 %) 53 (1.67 %) 0.20
9104 (66.17 %) 2025 (63.83 %) -2.50

# Numbers in italic indicates no statistical significance at level 0.1.

well with human judgment (Roder et al., 2015). Table 5 presents strong
coherence scores (Cy > 0.5) across five leniency dimensions, as sug-
gested by An et al. (2023) and Chatterjee et al. (2024), indicating that
the model has extracted high-quality and meaningful results.

Next, each extracted topic will be assigned with a leniency level.
From extant literature, RP leniency is usually measured by a binary
variable of low and high degree (Janakiraman et al., 2016; Janakiraman
and Ordonez, 2012; Shang et al., 2017b). However, evident from the
extracted topics, we find that RP leniency can be classified into three
levels of (1) low — (2) medium - (3) high (Table 6). This classification is
appropriate to explore the optimal level for balancing return proclivity
and satisfaction. A similar approach has been successfully implemented
by Ramanathan (2011) in adding medium risk level into customer risk
perception model of Finch (2007). We label and apply a rigorous eval-
uation process to validate the accuracy by inviting two experts to check
the label independently using information in Table 6 and the BERTopic
results in Online Appendix D. After that, we brainstorm and cross-check
to come up with the final labels.®

This two-step approach — BERTopic modelling and expert labelling —
ensures both efficiency and accuracy in coding the leniency dimensions.
BERTopic is employed to cluster RPs into thematically similar groups,
providing structure to the unstructured text data. However, as topic
modelling techniques do not inherently assign leniency levels, inde-
pendent experts subsequently cross-check and label these clusters based
on predefined theoretical constructs. This hybrid approach (machine-
assisted topic modelling followed by expert labelling) is a necessary
approach when using topic modelling (Desiraju et al., 2024; Duong
et al., 2024; Tirunillai and Tellis, 2014).

Finally, we match the labelled topics to customer reviews based on e-

3 Noted that some e-tailers do not specify all five dimensions in their RPs.
These missing values can be classified based on Walmart standard RP for
marketplace items (Time — Up to 30 days; Monetary - Shipping/Restocking fee;
Effort — Hassle free; Scope — Some products cannot be returned such as
rechargeable battery, household chemicals; Exchange — Cash refund. More
details can be found at https://corporate.walmart.com/policies#return-policy).

tailer’s names. Note that 25,991 reviews are from 3172 e-tailers only.
We are aware that the subset of RPs may not statistically represent the
whole dataset as it is not randomly selected. Therefore, we first inspect
the distributions of the subset and the full set and observe consistent
distributions across five dimensions (see Table 6). To further confirm
with higher level of confidence, we apply T-test to examine whether the
sample has an equal mean with the population. Table 6 shows that all
dimensions have homogeneous means with the full set of RPs (p-value
>0.01). The sample of 3172 e-tailers is integrated with the review-level
dataset for further analysis.

4.2.3. Control variables

We control our model with several variables that might have the
influences on the customer return proclivity and satisfaction: Product
category, RP length, RP sentiment, RP subjectivity, review length, and
seasonal effect (Cui et al., 2020; Heim and Field, 2007; Minnema et al.,
2016; Xu and Lee, 2020).

According to Walmart, there are 20 major departments for product
categories included in our dataset. However, to reduce the skewness and
the risk of multi-collinearity among categories, we use the COICOP2018
guideline from United Nation Statistic Division to further group them
into 7 main categories: (1) furniture and furnishing; (2) recreation, sport
and culture; (3) grocery and food; (4) heath, personal care and beauty;
(5) electronics; (6) vehicles; and (7) fashion (see Online Appendix E).

RP length is measured by the number of words written in a RP. RP
sentiment is ranged from 1 (very positive) to —1 (very negative) using the
same BERT-based sentiment and polarity scaling method in section
4.2.1. RP subjectivity refers to a value that indicates the degree to which
the text expresses personal perspectives. This variable is measured using
the common Python package — TextBlob, ranging from 0 (very objective)
to 1 (very subjective). These three variables represent the linguistic
characteristics of each RP. Studies found that the linguistic styles affect
customer overall satisfaction and behaviours (Xu and Lee, 2020; Zhao
et al., 2019).

Review length is measured by the number of words written in a re-
view. Mudambi and Schuff (2010) suggested that the usefulness and
richness of a review can be evaluated through review length. Extended
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reviews provide customers with greater opportunity to articulate their
emotions and intentions to return. This is particularly evident among
returning customers, whose emotional states may lead them to express
themselves more intensely to alleviate cognitive dissonance and sup-
press intrusive thoughts (Duong et al., 2024; Sahoo et al., 2018).

Review seasonal effect is measured by 12 dummy variables of the
posted month of the review (January to December). Literature demon-
strated that season effects have a direct impact on returns volume (Cui
et al., 2020). For example, during festival seasons such as Christmas,
customers may post more return-related reviews as they are rush in
getting return/exchange.

Past literature has identified seller reputation as a potential con-
founding variable that may influence both return proclivity and
customer satisfaction (Pei et al., 2014; Robertson et al., 2020; Walsh
etal., 2016). However, in our study, seller reputation, measured through
star ratings, may not pose significant endogeneity concerns. This is
because major marketplaces such as Walmart tend to remove low
reputation e-tailers through their seller performance standards
(Walmart, 2025), which leads to a relatively homogenous sample of
sellers with moderate to high reputations. This reduces the confounding
effect of reputation on return proclivity and satisfaction. Given these
considerations, the influence of seller reputation in our dataset is likely
to be less pronounced compared to other contexts where a broader range
of seller quality is present.

4.3. Descriptive analysis

In this section, we integrate the subset of five independent variables
of RP leniency dimensions, RP-related control variables — RP length, RP
sentiment, and RP subjectivity into the review-level dataset containing
two control variables — Review length and review seasonal effect and two
output variables — return proclivity and satisfaction.

As we intend to use logistic regression models, it is crucial to verify
the underlying assumptions, specifically the absence of multicollinearity
and strongly influential outliers. To ensure these conditions are met, we
first perform correlation analysis, Variance Inflation Factor (VIF) for
checking multicollinearity. A variable is not collinear with other vari-
ables if they have low correlation coefficients (<0.5) with other vari-
ables and VIF score <10. All included variables satisfied these
conditions, confirming no significant multicollinearity concerns in our
dataset. A table of descriptive summary, VIF and correlation can be seen
in Appendix L.

Second, strongly influential outliers can be detected using Cook’s
distance and standardised residuals. Any sample simultaneously has
Cook’s Distance >4/N, where N is the total number of samples, and
absolute standardised residual values > 3 is deemed as strongly influ-
ential outliers. We detected 3.67 % samples (threshold of 5 %) in our
dataset which can be removed without losing the generalisation of the
model (Van Nguyen et al., 2020).

4.4. Model development

Multinominal logistic regression model for return proclivity and bi-
nary logistic regression model for satisfaction are employed to study the
multivariate relationships and answer three research questions. Model
(1) can be formulated as:

PT'OCliVilyi :ﬂo —+ ﬁl RPLi + ﬁz PCi + ﬂ3 RPle + ﬂ4 RLi + ﬁ4 SEi + & (])
where Proclivity; indicates whether a review by user i is no return

intention (non-returners), return intention (prospective returners) or
actual return behaviour (returners). RPL; is a vector of dummy variables
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for all 5 return leniency dimensions (3 dummy variables per dimension).
PC; is vector of dummy variables for 7 main product categories. RPLS; is
a vector of 3 numerical RP-related control variables, which are RP
length, RP sentiment, and RP subjectivity. RL; is a numerical review
length. Finally, SE; is a vector of dummy variables for 12 months from
January to December.

To examine customer satisfaction, we turn gears to formulate binary
logistic regressions models as below:

Satisf; = p, + p, RPL; + p, Pr oclivity; + p; PC; + f, RPLS;
+ Ps RL; + B¢ SE: + & 2

Satisf; = f, + p, RPL;
+ p,, Proclivity; + f5 RPL; X Proclivity; + 3, PC; + 5 RPLS;
+ ﬁé R.Li + ﬁ7 SEI + & (3)

where Satisf; indicates whether a review by user i has a positive or
negative satisfaction. Model (2) examine the relationships between RP
leniency dimensions on customer satisfaction where Model (3) examine
the differences among these relationships moderating by three groups of
return proclivity. We use the default parameters for both multi-nominal
and binary logistic regression.

5. Results
5.1. The impacts of RP leniency on return proclivity

We start with the examination of RP leniency impacts on return
proclivity. We pay attention to the odds ratio (¢) which measures the
likelihood of an outcome category (e.g., return intention) occurring due
to a specific exposure compared to the likelihood of it occurring without
that exposure. When using a multinomial logistic model, odds ratios are
easier to interpret in the context of categorical outcomes and offer a
useful perspective for understanding the results (Sluis and De Giovanni,
2016). The odds ratios can be interpreted as the change in the odds of the
outcome (e.g., y = 1) resulting from a one-unit increase in an indepen-
dent variable and is expressed as ¢; = €. If the odds ratio is less than 1, it
indicates that the odds of being in that outcome category are lower when
the leniency level is the level of interest (e.g., level 2) compared to when
it is the reference level (e.g., level 1).

First, we apply a stepwise regression approach to systematically
confirm the contribution of all control variables in Online Appendix F.
Since all control variables improve the determination levels of the
model, we use them as the base model. Table 7 displays the results for
Model (1) in which each type of returners (prospective returners and
returners) is compared to a reference non-returner. Model (1) is signif-
icantly better than the base model since the LR test is significant (p-value
<0.01) according to Shang et al. (2017b). Furthermore, Model (1)’s AIC
and Pseudo R2 are better than the base model — 17610.48 < 17755.38
and 0.2027 > 0.1941 respectively.

Time leniency dimension is not significant at any level for both cus-
tomers with return intention and behaviour. Monetary leniency is nega-
tively significant at level 1-3 and 2-3 for both return intention (8 =
-0.159; f =-0.136) and behaviour (f =-0.317; f = -0.202). This variable
indicates that offering a full refund instead of charging fees or providing
partial refunds would make customers less inclined to mention such
experience in reviews (all ¢ < 1).

Effort leniency is significant at all levels, specifically level 1-2, 1-3
and 2-3 for prospective returners (f = 0.213; # =-0.123 and = -0.336,
respectively). This result only holds true for returners at level 1-2 and
2-3 (f = 0.193, and B = -0.309, respectively). In the return intention
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Table 7
Multi nominal logistic regression for the impact of RP leniency dimensions on customer return proclivity.
Return intention (reference = no intention) 0Odd ratio, ¢ Return behaviour (reference = no intention) 0Odd ratio, ¢

Intercept ™ b —3.752%** (0.171) —4.499%** (0.220)
T2 (reference = T1) —0.022 (0.087) 0.978 —0.017 (0.112) 0.983
T3 (reference = T1) —0.046 (0.103) 0.955 0.029 (0.131) 1.030
T3 (reference = T2) —0.024 (0.073) 0.976 0.046 (0.091) 1.050
M2 (reference = M1) —0.023 (0.080) 0.977 —0.115 (0.101) 0.892
M3 (reference = M1) —0.159** (0.066) 0.853 —0.317*** (0.083) 0.729
M3 (reference = M2) —0.136* (0.076) 0.873 —0.202** (0.097) 0.817
Ef2 (reference = Ef1) 0.213*** (0.067) 1.237 0.193** (0.085) 1.213
Ef3 (reference = Ef1) —0.123* (0.073) 0.884 —0.115 (0.091) 0.891
Ef3 (reference = Ef2) —0.336*** (0.080) 0.715 —0.309*** (0.100) 0.734
S2 (reference = S1) —0.343*** (0.067) 0.709 —0.271*** (0.084) 0.763
S3 (reference = S1) —0.151* (0.078) 0.860 —0.100 (0.098) 0.905
S3 (reference = S2) 0.193*** (0.074) 1.212 0.171* (0.094) 1.186
Ex2 (reference = Ex1) 0.063 (0.183) 1.065 —0.512* (0.282) 0.599
Ex3 (reference = Ex1) —0.131** (0.060) 0.878 —0.142* (0.075) 0.867
Ex3 (reference = Ex2) —0.193 (0.183) 0.824 0.370 (0.282) 1.447
RP Sentiment: Positive * 0.041 (0.059) 1.042 0.107 (0.074) 1.113
RP subjectivity * —0.009 (0.140) 0.991 0.148 (0.175) 1.160
RP length * 0.001*** (0.000) 1.001 0.0003 (0.000) 1.000
Review length * 0.058*** (0.001) 1.060 0.060*** (0.001) 1.062
Product categories Included Included
Seasonal effects Included Included
N 25,037
LLR —8793.31
LR Test © 80.75%**
AIC 17610.48
Pseudo R2 0.2027

** p-value <0.01; ** p-value <0.05; * p-value <0.1.

# The coefficients are reported from the model where reference = level 1 for all leniency dimensions.

b Standard errors are in the parentheses.

¢ The LR Test row display the likelihood ratio test (y? statistics) comparing between the log likelihoods of Model (1) and the base model with control variables only.

Model 1 is significantly better than the base model as it is significant at 0.1.

group, customers are less inclined to mention their return willingness (¢
= 0.884 and ¢ = 0.715) when e-tailers provide a hassle-free return
process, compared to requiring original receipts, packaging, or forms (i.
e., conditional returns). This trend is also seen in the return behaviour
group at levels 2-3 (¢ = 0.734) but not at levels 1-3. Past returners
already returned when writing a review, indicating that the switch from
conditional returns to a hassle-free does not affect their behaviour.
Interestingly, if e-tailers switch from conditional returns to form-filling
requirements, customers are more likely to express both return in-
tentions and behaviours (¢ = 1.237 and ¢ = 1.213).

Customers seem also be sensitive about scope leniency as they are
statistical significance at all levels 1-2, 1-3 and 2-3 for prospective
returners (f = -0.343; p = -0.151 and g = 0.193, respectively). This
finding holds true for past returners only at level 1-2 and 2-3 (§ =-0.271
and f = 0.171, respectively). If e-tailers slightly loosen their RP, such as
allowing a specific product to be returned if it is unused instead of
prohibiting its return entirely, customers are less likely to express return
likelihood. Reversely, customers react more actively to the change from
level 2 to 3 both return intentions and behaviours (¢ = 1.186 and ¢ =
1.212, respectively). From levels 1-3 for returners, scope is not signifi-
cant which may imply that their returned products are immune from the
prohibiting list.

When exchange leniency is adjusted from level 1 to 2 and 3, the
likelihood of return behaviour in reviews decrease significantly (8 =
-0.512 and p = -0.142, respectively). This only holds true for return
intention at levels 1-3 (f = -0.131). By allowing cash refund instead of
only allowing exchange/replace/repair, customers reduce their
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willingness to express their return proclivity (¢ = 0.878 for prospective
returners and ¢ = 0.867 for returners). Surprisingly, potential returners
show no significant inclination (p-value > 0.1) towards being influenced
by a minor shift in leniency, such as the option to exchange for store
credit or gift cards, when compared to actual returners (¢ = 0.599).

5.2. The impacts of RP leniency on satisfaction

Model (2) and Model (3) results display the impact of RP leniency
and their interactions with return proclivity on customers satisfaction
(Table 8). Similarly with return proclivity effects, we also apply a
stepwise regression approach to systematically confirm the contribution
of all control variables in Online Appendix F. Since all control variables
improve the determination levels of the model, we use them as the base
model. We also focus on the marginal effect (1) which quantifies the
change in the probability of the dependent variable occurring for a one-
unit change in an independent variable, while other variables remain
constant. Since the effects of exchange leniency on the satisfaction are
insignificant across all levels and type of returners, we focus more on the
other dimensions. Model (2) & (3) are significantly better than the base
model since the LR tests are significant (p-value <0.05) according to
Shang et al. (2017b). Furthermore, Model (2) & (3)’s AIC and Pseudo R2
are better than the base model (i.e., 26557.20 & 26575.30 < 28305.86
and 0.176 & 0.177 > 0.1207 respectively).

Time leniency significantly impacts customers satisfaction at level 1-3
(f =-0.116). When e-tailers relax their RP from extremely short return
window (e.g., 7-14 days) to very long return window (e.g., 60-90 days),
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Table 8
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Logistic regression for the impact of RP leniency dimensions on customer return satisfaction moderated by return proclivity.

Model (2)

Model (3)

Marginal effect, 1

a, b

Intercept
T2 (reference = T1)
T3 (reference = T1)
T3 (reference = T2)
M2 (reference = M1)
M3 (reference = M1)
M3 (reference = M2)
Ef2 (reference = Ef1)
Ef3 (reference = Efl)
Ef3 (reference = Ef2)
S2 (reference = S1)
S3 (reference = S1)
S3 (reference = S2)
Ex2 (reference = Ex1)
Ex3 (reference = Ex1)
Ex3 (reference = Ex2)

M2 (reference = M1) X Behaviour (reference = No Intention) ©
Ef3 (reference = Ef1) X Behaviour (reference = No Intention) ©
Ef3 (reference = Ef2) X Behaviour (reference = No Intention) ©
S2 (reference = S1) X Intention (reference = No Intention)
S3 (reference = S1) X Behaviour (reference = No Intention) ©

Return proclivity: Intention *
Return proclivity: Behaviour *
RP Sentiment: Positive *

RP subjectivity *

RP length *

Review length *

Product categories

Seasonal effects

N

LLR

LR Test °

AIC

R2

1.542%** (0.104)
—0.063 (0.048)
—0.116** (0.057)
—0.053 (0.040)
0.032 (0.045)
0.071** (0.037)
0.042 (0.041)
0.068* (0.039)
—0.007 (0.040)
—0.074 (0.046)
0.052 (0.037)
0.124*** (0.044)
0.072* (0.041)
—0.073 (0.117)
—0.026 (0.034)
0.047 (0.116)

—2.231%** (0.076)
—1.096*** (0.075)
0.105%** (0.032)
0.269%** (0.080)
—0.000 (0.0001)
—0.036*** (0.001)
Included

Included

25,037
—13456.58
23.93%%*
26557.20

0.176

1.537*** (0.106)
—0.063 (0.051) —-0.011

—0.111* (0.060) —0.020
—0.048 (0.042) —0.009
0.047 (0.047) 0.008
0.080** (0.038) 0.014
0.034 (0.043) 0.006
0.077* (0.040) 0.014
—0.013 (0.041) —0.002
—0.090* (0.048) —-0.016
0.046 (0.039) 0.008
0.140%** (0.046) 0.025
0.095** (0.043) 0.017
—0.101 (0.122) —0.018
—0.023 (0.035) —0.004
0.078 (0.121) 0.014
—0.386* (0.222) —0.069
0.359* (0.196) 0.064
0.429%* (0.204) 0.077
0.328+ (0.181) 0.058
—0.415* (0.219) —0.074
—2.122%** (0.297) —-0.378
-0.173
0.103*** (0.032) 0.018
0.268*** (0.080) 0.048
0.000 (0.0001) 4.98e-07
—0.036*** (0.001) —0.007
Included
Included
25,037
—13445.81
45.48**
26575.30
0.177

*** p-value <0.01; ** p-value <0.05; * p-value <0.1.

# The coefficients are reported from the model where reference = level 1 for all leniency dimensions.

b Standard errors are in the parentheses.

¢ We examined all possible interaction terms but only reported the significant ones to keep the table more concise. The full interactions can be found in Online
Appendix G.

4 The LR Test row display the likelihood ratio test (y? statistics) comparing the log likelihoods of Model (2) and (3) with the base model of control variables only.
Model (2) and (3) are significantly better than the base model as it is significant at 0.1.

Table 9
Summary of main findings.

Leniency Level  Return proclivity Satisfaction Previous findings
dimension K .
Return Return Overall  No return Return Return Dependent variables Main
intention behaviour intention intention behaviour Effects
Time 1-2 - Return proclivity (Janakiraman et al., 2016; )
2-3 Janakiraman and Ordonez, 2012) (+)
1-3 =) ) - Service quality, purchased intention (Rao et al.,
2018; Zhang et al., 2017)
Monetary 1-2 -) - Return proclivity (Janakiraman et al., 2016; No effect
2-3 -) -) Wood, 2001; Zhang et al., 2017) )
1-3 -) ) +) +) - Product quality and satisfaction, customers
spending (Bower and Maxham, 2012; Heim and
Field, 2007; Wood, 2001)
Effort 1-2 (+) +) +) +) - Return proclivity/rate (Gathke et al., 2022; No
2-3 -) -) -) +) Janakiraman et al., 2016) effect/
1-3 -) (+) - Customer rating (Heim and Field, 2007) +)
+)
Scope 1-2 ) -) +) - Return proclivity (Janakiraman et al., 2016) ()
2-3 +) +) +) +) - Perceive service quality (Abdulla et al., 2022) +)
1-3 ) (€3] “H )
Exchange 1-2 -) - Return proclivity (Janakiraman et al., 2016) )
2-3 - Customer rating (Heim and Field, 2007) No effect
1-3 ) )

(+): The effect is positively significant at the level.
(—): The effect is negatively significant at the level.
Empty cell: The effect is not significant at the level.
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customers tend to be more negative. This effect could be attributed by
the non-returners as they also negatively influence customer satisfaction
at level 1-3 in Model (3) (8 =-0.111 and 5 = -0.02).

On the contrary, monetary leniency positively increases customers
satisfaction at levels 1-3 (f = 0.071), especially in the no return inten-
tion group (B = 0.080 and = 0.014). The result also indicates an un-
expected effect in returners group. Customers decrease satisfaction
when e-tailers change from partial refund to only shipping/restocking
fees charged (f = -0.386 and 1 = -0.069).

Overall, effort leniency is only positively significant at level 1-2 (5 =
0.068) which means asking to fill forms to contact them without the
need of receipts/tag would increase customer satisfaction. However,
when we moderated the effect with the return proclivity groups, it re-
veals some heterogeneous relationships. For the non-returner group,
filling forms such as RMA is optimal as it has a positive impact from level
1 (# = 0.077 and n = 0.014) while having a negative impact if moving to
level 3 (f =-0.090 and 1 = -0.016). For the returners group, a hassle-free
policy marginally increases from level 1 and 2 customer satisfaction
significantly (y = 0.064 and y = 0.077) while it has no effect on the
prospective returners.

Scope leniency positively is significant at level 1-3 and 2-3 (f = 0.124
and f = 0.072, respectively). In other words, when e-tailers expand the
list of returnable products or rule out the conditions of returned prod-
ucts, customers are happier with the e-tailer’s services. These effects
hold true for non-returners while it is not significant for prospective
returners. We also found that the satisfaction of prospective returners
increases significantly if the scope leniency moves from level 1 to level 2
(# = 0.328 and n = 0.058). Conversely, returners tend to express their
experience negatively if e-tailers adjust the leniency from level 1 to level
3 (# =-0.415 and n = -0.074).

6. Discussions

Our research offers actionable insights for e-tailers to enhance return
management through tailored RPs. Our findings are summarised in
Table 9. We answer the research questions as follows.

6.1. RQI. Can e-tailers issues RPs with restrictions without damaging
their overall satisfaction?

e Time leniency dimension

A restricted RP can address the dilemma when it has higher or equal
satisfaction compared with the permissive RP. We found mostly no
significant impact of time leniency on return proclivity and satisfaction.
This contrasts with the findings of Janakiraman et al. (2016); Jana-
kiraman and Ordonez (2012), who observed that a longer return win-
dow (e.g., from 2 to 7 days) discourages returns due to the endowment
effect. Our results differed because we examined a broader range of
return windows, from up to 14 days to over 30 days (e.g., 90 days).
According to construal level theory, when the return deadline is distant,
customers view the decision abstractly, whereas a shorter period
prompts detailed attention to the return process and feasibility. With
such extensive time windows, it is understandable that the propensity to
return and satisfaction diminish in both prospective returners and past
returners.

Additionally, time leniency significantly reduces satisfaction, espe-
cially among non-returners. This differs Rao et al. (2018) and Zhang
et al. (2017), who found that a longer return window enhances
perceived service quality and willingness to pay. A possible explanation
is that an extended return period may heighten delayed gratification,
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causing customers to feel less urgency to use or assess the product. This
delay can degrade customers’ initial excitement and satisfaction,
resulting in less positive reviews. Generally, we suggest that offering too
generous return deadline can be unnecessary as it can backfire the
marketplace e-tailers. A restricted return time window (e.g., 30 days)
might be sufficient to keep customers happy.

o Effort leniency dimension

Our findings reveal that effort leniency required in RP has a varied
impact on both return proclivity and customer satisfaction. Gathke et al.
(2022) observed that stringent effort requirements reduce return rates,
while Janakiraman et al. (2016) found no such effect. In our study, effort
leniency significantly increases returns proclivity and satisfaction at
level 1-2. Interestingly, when e-tailers transition from requiring phys-
ical conditions (e.g., receipts, tags) to form-filling procedures (e.g.,
RMA), return proclivity and satisfaction positively increase in a review.
Contrary to traditional views that RMAs are the least lenient RPs (Li
et al., 2011), customers may find retaining receipts or original pack-
aging more cumbersome than completing forms. Different with Heim
and Field (2007), a hassle-free policy significantly decreases returns
proclivity while not significant for satisfaction. This demonstrates that a
hassle-free does not add much positive value to customer perception
compared with form-filling procedures. This only leads to reduce con-
troversy from the customers’ perspective, thereby diminishing their
interest in sharing their return experience. This finding implies the po-
tential of employing form-filling/contact procedures (e.g., RMA) to
address the dilemma.

e Exchange leniency dimension

Regarding exchange leniency, our finding suggests that customers are
less likely to express their return proclivity if offered cash refund or gift
card compared with exchange/repair (level 1-2 and 1-3). We found no
effect of this dimension on customer overall satisfaction. These findings
are in line with Janakiraman et al. (2016) and Heim and Field (2007).
Janakiraman et al. (2016) explained that the negative direction of ex-
change leniency on return proclivity is because consumers with minor
product problems are more likely to utilise exchanges when such options
are appealing. Hence, we suggest that promoting exchange/repair while
highlighting unique selling points would arouse customers’ attachment
with the products/brand, leading to the preference towards
replacement/repair.

e Monetary leniency dimension

Previous literature found no effect between monetary leniency and
return proclivity (Janakiraman et al., 2016; Wood, 2001; Zhang et al.,
2017). Surprisingly, we found that transitioning to full refund (level 2-3,
1-3) significantly reduces return proclivity. Our finding also demon-
strates that full refund would significantly enhance customer satisfac-
tion at level 1-3 which is in line with Bower and Maxham (2012); Heim
and Field (2007) and Wood (2001). However, the widespread avail-
ability of free returns, often bundled with free shipping, has reshaped
customer expectations, making full refunds (e.g., no shipping fee from
Amazon) an industry norm rather than a distinguishing benefit. Ac-
cording to customer delight theory (Arnold et al., 2005), exceeding ex-
pectations is key to delighting customers. However, when free returns
become expected, they may no longer generate strong positive reactions,
leading to reduced discussion in reviews. This shift in expectations may
explain why we observe a decrease in return proclivity despite greater
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monetary leniency. Customers who receive full refunds may not feel
compelled to mention it unless faced with unexpected restrictions,
making the reduction in return proclivity a potential false signal. As
customers are generally more satisfied at level 1-3, we find no accept-
able restricted level to address the dilemma in this dimension.

e Scope leniency dimension

Scope leniency also has a heterogeneous effect on return proclivity
and satisfaction. When e-tailers ease their policies at levels 1-2, cus-
tomers are less likely to initiate returns proclivity. Our finding contrasts
with Janakiraman et al. (2016) who found that restrictiveness compared
with no restrictions in the product scope would dissuade return ten-
dency. In our context, a relax from total to conditional prohibition might
create more troubles for customers. For example, furniture must be
disassembled and re-packaged according to Walmart. At level 2-3, we
observed significant increases in satisfaction and likelihood of return
expression which in line with Abdulla et al. (2022) and Janakiraman
et al. (2016). This is logical, as keeping products unused or unopened is
difficult; thus, customers would praise e-tailers who eliminate this
constraint. Therefore, we do not find an acceptable policy for this
dimension.

6.2. RQ2. Do RP leniency dimensions have different effects among return
intention and behaviour?

Another noteworthy observation is that satisfaction of both pro-
spective returners and returners has not almost been affected by mone-
tary leniency. Satisfaction is only negatively significant at level 1-2 for
customers who have returned. This can be explained as customers might
irrationally weigh the initial cost of a purchase heavily. Any refund,
regardless the amount, can be perceived as a gain, leading to similar
satisfaction levels. This phenomenon is known as sunk cost fallacy
(Arkes and Blumer, 1985). Prospective/Past returners might accept
monetary restrictions at level 1-2, only if e-tailers can highlight the
heavy weight of initial purchasing costs.

In terms of effort leniency, different with our previous finding in
proposing medium level — form-filling procedures (e.g., RMA), we found
that hassle-free is an ideal policy for return behaviour group. This is
since customers with prior returns expressed positive sentiments to-
wards the hassle-free policy, aligning with Heim and Field (2007).
However, this policy does not affect the satisfaction of prospective/non
returners, as they have not yet engaged with the return process. For
e-tailers aiming to boost rating where prospective/non returners pre-
dominate, incorporating a minor hassle such as an RMA could be
beneficial. Conversely, a hassle-free policy would be more advantageous
for retaining the satisfaction and loyalty of returners.

Although we found no optimal level for scope leniency to address the
dilemma, it is intriguing that prospective returners increase their satis-
faction significantly when offered conditional returns. These customers
may be aware that these products are non-returnable such as hazardous
or bulky furniture. If they are allowed to be returned, regardless of
conditions, this group sees this policy positively. Furthermore, past/
ongoing returners experience downward satisfaction at level 1-3. Cus-
tomers might feel awkward about returning items perceived as non-
standard and the logistics of returning a bulky or hazardous item can
amplify discomfort. This offers valuable insights for e-tailers. We analyse
Walmart’s restricted items list in which prohibitions are due to safety
concerns, aligning with governmental guidelines. E-tailers should follow
Walmart by either presenting compelling rationales for item pro-
hibitions or offering explicit return guidelines under specified
conditions.
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6.3. Robustness check

In this section, we strengthen the robustness of our analysis by
employing two models: Structural Equation Modelling (SEM) and
Random Forest (RF), to examine the relationships between the five RP
leniency dimensions and both return proclivity and satisfaction.

First, we apply SEM, which offers a comprehensive view of how
observed and latent variables interact, while assessing the overall model
fit. This approach ensures that the relationships identified in logistic
regression hold within a more sophisticated framework that accounts for
errors. Our SEM results confirm that the significance levels and di-
rections remain consistent with those observed in the main models.
Furthermore, we found no significant reverse causality between RPs
leniency dimensions and the dependent variables—return proclivity and
satisfaction. This suggests that endogeneity is not a major concern in our
models. Detailed SEM results are provided in Online Appendix H1.

Next, to account for non-linear relationships between the RP le-
niency dimensions and the two dependent variables, we use RF to
validate the patterns identified in the logistic regression, following the
methodology outlined by Cui et al. (2020). The goodness-of-fit metrics
for the RF models consistently exceed 0.7 across three common in-
dicators: AUC, Precision, and Recall. Since the relationships are
non-linear and require further interpretability, we also use Partial
Dependence Plots (PDPs) (Friedman, 2001). PDPs are well-suited for
assessing how return proclivity and satisfaction depend on the RP le-
niency dimensions by varying the value of the examined variables while
holding others constant—similar to the use of control variables in lo-
gistic regression. The PDP results demonstrate consistent non-linear
relationships, aligning with the findings from logistic regression.
Detailed RF results can be found in Online Appendix H2.

7. Implications and contributions
7.1. Theoretical implications and contributions

This study advances two major domains: (1) customer return
behaviour research, and (2) empirical RP classification frameworks, by
offering new insights into how legitimate consumers respond to varying
levels of leniency across five RP dimensions—time, monetary, effort,
scope, and exchange—through their return intention, behaviour, and
satisfaction.

First, our study is among the first to formally integrate Expectancy
Disconfirmation Theory, Signalling Theory, and Justice Theory into a
unified framework to explain consumer reactions to RP leniency,
potentially address the “Return policy leniency dilemma”. In contrast to
prior research that often relies on binary classifications (e.g., lenient vs
strict), we found that moderately restrictive policies — specifically, 30-
day return windows (time), requiring RMA (effort), and offering ex-
change/repair instead of cash refunds (exchange) — are preferred by
legitimate customers, challenging the dominant assumption that more
leniency always results in higher satisfaction. This finding fills a critical
theoretical gap by highlighting that customer satisfaction may not
follow a simple linear relationship with leniency.

Second, we extend the RP classification literature by introducing a
three-tiered leniency categorisation (low, medium, high) across all five
dimensions. Previous studies either focus on a single or partial set of
dimensions or group low and medium leniency together. By dis-
aggregating these levels using real-world policy data, our study offers a
more nuanced and empirically grounded framework to analyse con-
sumer responses. This enriched classification allows for a deeper un-
derstanding of how subtle variations in RP design affect consumer
behaviour and satisfaction—offering practical guidance for e-retailers
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seeking to optimise return strategies.

Third, we shift the focus from fraudulent return behaviour — the
common trend in literature - to the perspectives of legitimate customers,
who constitute the majority of e-commerce shoppers. Prior work has
often overlooked how restrictive RPs are perceived by honest con-
sumers. Our findings show that satisfaction levels vary significantly
between non-returners, prospective returners, and past returners,
particularly in response to monetary, effort, and scope-related policies.
This insight addresses a critical deficiency in the literature and offers
actionable recommendations for small and medium-sized e-tailers aim-
ing to reduce returns without alienating their customer base.

7.2. Practical implications and contributions

Our study also makes some practical implications and contributions
to e-tailers. First, our comprehensive framework serves as a strategic
guide for e-tailers to navigate and position themselves within the three
levels (low, medium, and high) of the five RP dimensions. This enables
businesses to project the perceptions of legitimate customers — including
non-returners, prospective returners, and past returners — and to tailor
their RPs accordingly. By leveraging this framework, e-tailers can strike
a balance between return satisfaction and minimising return proclivity,
achieving greater alignment with customer expectations while
addressing the RP leniency dilemma.

More specifically, SMEs across different industries can strategically
tailor their RPs to balance customer satisfaction with operational effi-
ciency. For example, fashion retailers may benefit from moderate ex-
change and monetary leniency, such as offering replacements instead of
full refunds and charging small restocking fees to manage frequent size/
fit-related returns. Electronics retailers could adopt stricter time le-
niency, providing a reasonable return window (e.g., 30 days) that allows
customers to assess product quality (e.g., durability) without extending
it so long that resale value declines or fraud risks increase. Meanwhile,
consumable goods retailers (e.g., food and supplements) may rely on
effort-based restrictions, such as requiring return authorisation forms, to
deter unnecessary returns while ensuring fairness for legitimate claims.
By carefully adjusting RPs based on industry-specific challenges, SMEs
can enhance customer trust while minimising return-related costs and
risks.

Second, our machine learning-based text mining approach offers
actionable insights by analysing a large textual dataset of real-world RPs
and customer reviews. This method provides a holistic perspective on
how e-tailers craft their RPs, including a wide range of terms and con-
ditions and their nuanced relationships with return proclivity and
satisfaction. These insights empower new and small businesses to stra-
tegically design RPs that maximise resources while effectively managing
product returns. Additionally, this approach demonstrates the practical
utility of customer language analysis, revealing how customers perceive
and react to RPs based on the language used in policy descriptions and
their personal experiences.

8. Conclusion

With the growth of e-commerce, RP leniency management have
become more crucial to customer satisfaction since they are more in-
clined to seek product assurance to mitigate the prepurchase product
quality uncertainties. However, this also means that their online return
intention and action can be escalated through this ease of return. This
refers to the RP leniency dilemma. To understand and provide guidance
on this, our study shed new light by examining the effects of the five RP
leniency dimensions on customer return proclivity and satisfaction.

We found that acceptable/better customer satisfaction while lower
customer return proclivity cannot be achieved by highly permissive RP.
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Our central insights exhibit more complicated relationships, furnishing
tailored guidance for e-tailers. With that in mind, the practical contri-
bution of this study is providing e-tailers with bespoke RP designs
incorporating all five leniency dimensions that can help them have a
better chance of addressing the RP leniency dilemma. Depending on the
current situation and where each e-tailer want to be, our findings
empower them to self-assess and form their own strategy systematically.
We contribute to enhance return management through tailored RP for e-
tailers.

This study is also subject to certain limitations. First, this study fo-
cuses on Walmart dataset, subsequent research endeavours should
investigate methodologies for extracting e-tailer RPs across prominent
platforms such as Amazon, eBay, or Alibaba, aiming to provide a more
comprehensive perspective. Second, we have used product categories as
a control variable to ensure that generality of our results. However,
future research may look at how the customers’ perspective differs
among distinct product categories. Third, this study does not focus on
temporal changes in RP leniency or seasonal fluctuations in return
behaviour. While our cross-sectional approach provides a generalised
view across multiple retailers, a longitudinal study focusing on how a
single e-tailer’s policy changes over time might offer additional insights
into evolving consumer response. Fourth, we assume the customers are
fully aware of RP. As such, our findings may not generalise to customers
who are less aware of, or indifferent to, RP details. Although this subset
offers rich insights into policy-aware customer behaviour, future
research could explore the role of policy awareness and its timing (pre-
vs. post-purchase) using alternative data sources or experimental de-
signs. Lastly, a key limitation of this study is the reliance on seller ratings
as a proxy for seller reputation, which may not capture the full spectrum
of reputation, particularly given that platforms like Walmart typically
restrict participation to higher reputation e-tailers. While previous
research suggests both seller reputation and RP leniency influence each
other (Robertson et al., 2020; Walsh et al., 2016), our dataset lacks
sufficient variation in seller reputation to fully address this confounding
factor. Future research could employ experimental methods or addi-
tional reputation measures (e.g., Amazon sales rank) to better isolate the
effects of seller reputation on return behaviour and satisfaction. This
highlights the broader limitation of data-driven approaches compared to
experimental designs, which allow for more direct manipulation and
control over confounding variables.
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Appendix I. Variable description, VIF and correlations
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Variables Mean Std VIF 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
Return Proclivity: 0.07 0.26 1.34 1.0
Intention

2 Return Proclivity: 0.04 0.2 1.19 —0.06*** 1.0
Behaviour

3 Satisfaction: Positive 0.66 0.47 3.25 —0.17*** 1.0

4 Tl 0.13  0.33 1.24 —-0.01* 0.03*** 1.0

5 T3 0.18 0.38 1.27 —0.0 . —0.18*** 1.0

6 Ml 0.36  0.48 2.07 0.03%** 0.0

7 M2 0.22  0.41 1.63 0.02* ¥ —0.06*** —0.06*

8 Ef2 0.31 0.46 1.98 0.01 0.09*** —0.05%**
Ef3 0.31 0.46 2.11 0.01 % 0.01
S1 0.32  0.47 1.93 0.03***  0.02%** 0.01 1.0
S3 0.2 0.4 1.49 —0.01 —0.01 0.03***  0.05%**  0.08%** —0.35*** 1.0
Ex1 0.4 0.49 1.98 0.02** 0.01* 0.01 0.04*** —0.01 0.13*** —0.17***  0.22*** —0.21*** —0.08*** —0.02*** 1.0
Ex2 0.02 0.13 1.05 0.02* —-0.0 —0.01*  —0.02***  0.03***  0.07*** —0.03*** 0.01* —0.02%* 0.04*** —0.11*** 1.0
RP Subjectivity 0.48 0.19 6.00 0.03*** 0.03*** —0.01 —0.02%** —0.05%** —0.03*** —0.05*** —0.05*** —0.08***  0.05*** —0.0 0.01 1.0
RP Sentiment: Positive 0.65 0.48 2.84 0.02* 0.02** 0.0 0.02%** 0.0 -0.0 0.05***  0.13***  0.05*** —0.09*** 0.01 0.04*** 1.0
RP Length 188.97 167.45 3.49 0.0 0.01 0.01 —0.06%*** —-0.28 0.3 —0.46 —-0.2 —0.02 0.36 0.05* 0.0 -0.1
Review Length 23.45 19.27 3.26 0.35***  0.28*** —(.38%** . 0.06*** —0.04***  0.09 0.05*** —0.02*** —0.03***  0.02" 0.08** 0.03%***
Category: Electronics 0.14  0.35 1.53 0.05***  0.04*** —0.05*** —0.03***  0.02***  0.04*** 0.07*** 0.03*** 0.04*** 0.06*** 0.01 0.05%** —0.02%* 0.1%%* 0.03%***
Category: Furniture 0.19 0.39 1.68 —0.03*** —0.01 0.04***  0.1*** —0.05*** —0.07***  0.02* 0.1%** 0.02** 0.1***  —0.04***  0.01* —0.04***  0.06*** —0.01* 0.05%** —0.03***
and Furnishing
Category: Grocery and 0.04 0.21 1.14 —0.02** —0.02* 0.01 —0.04*** —0.04*** —0.06***  0.04*** —0.03***  0.06*** 0.0 —0.02** —0.07*** —0.01 —0.08*** —0.03*** —0.07*** —0.01
Food
Category: Health, 0.1 0.3 1.31 -0.01 —-0.01 —0.02**  —0.05*** —0.01* 0.01 —0.01 —0.02%* 0.06 —0.06*** —0.0 —0.05%** —0.04*** —0.07
Personal Care and
Beauty
Category: Recreation, 0.18 0.39 1.56 —0.03*** —0.03***  0.02*** —0.02* 0.03***  0.06*** 0.0 —0.02**  —0.03*** —0.07*** —0.01 -0.0 0.01 —0.08%** —0.04***  0.06*** —0.04***
Sport and Culture
Category: Vehicles 0.04 0.19 1.13 0.0 —0.01 0.0 0.03***  0.01 0.04*** —0.0 0.01 —0.01* 0.0 0.0 0.04*** —0.02*** —0.01*  —0.06*** —0.02** —0.02*
Month: January 0.12 0.32 1.7 0.01 -0.0 0.01* —0.01 -0.0 0.01 0.0 0.03*** —0.02* -0.0 —0.01 0.02* 0.0 0.01 0.02***  0.02* 0.01
Month: February 0.11 0.31 1.65 0.0 0.01* 0.02**  —0.02*** —0.02* 0.01 0.0 -0.0 —-0.0 —-0.01* 0.01*  -0.01 —-0.0 —-0.01 0.01 —-0.01 —0.02%*
Month: March 0.1 0.3 1.58 0.0 0.0 0.0 —0.03***  0.01 0.01 0.01 —0.01 0.02%**  0.02* 0.0 —0.02** 0.0 —0.02* 0.0 —0.04%** —0.03***
Month: April 0.09 0.29 1.54 0.01 -0.0 -0.0 —0.01 0.01 —0.01 0.01 0.0 0.0 —0.03 —0.02* —0.01 —0.02%** 0.02**
Month: May 0.08 0.27 1.46 0.0 -0.01*  -0.01 —0.01* 0.03*** —0.0 0.01 0.01*  —0.01 —-0.03 —-0.0 -0.0 —-0.01 0.02%*
Month: June 0.05 0.23 1.33 0.01 0.01 —0.02**  —0.02** 0.01 —0.01 0.01 —0.04***  0.03*** 0.0 0.01 —0.01 0.0 0.02%  —0.02%** —0.03***  0.04%**
Month: July 0.06  0.24 1.36 —0.01 0.01 —0.02** -0.0 0.01 —0.04***  0.03*** 0.0 0.01 —0.03*** 0.0 —0.01 —0.01 —0.04%**  0.02%**
Month: August 0.08 0.27 1.44 -0.01* —0.02*** —0.0 -0.0 —0.01 —-0.01 —-0.0 0.01 0.01 0.01 0.01 -0.02*  -0.01 -0.0 —-0.01
Month: September 0.06 0.24 1.36 —0.02** 0.0 0.01* —0.02%* 0.0 0.02**  —0.02*** 0.0 0.01* 0.03*** 0.0 0.01 0.01 0.01*  —0.02%**
Month: October 0.06  0.24 1.38 —0.01 0.01 0.01 0.04*** —0.03***  0.02** —0.01* 0.02**  —0.02*** 0.0 —0.02** 0.02*** —0.01 0.02%**  0.01* 0.05*** 0.0
Month: November 0.07 0.25 1.41 -0.02** —0.02* 0.01% 0.02*** —0.01 0.02*  —0.01 0.02%*  —0.02*** —0.01 —0.01* 0.01 —-0.0 0.01 0.0 0.04*** —0.01
Variables 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34
Category: Electronics 1.0
Category: Furniture —0.2%%* 1.0
and Furnishing
Category: Grocery and —0.09%** —0.1%** 1.0
Food
Category: Health, —0.13*** —0.16*** —0.07*** 1.0
Personal Care and
Beauty
Category: Recreation, —0.19%** —0.23*** —0.1*** —0.15*** 1.0
Sport and Culture
Category: Vehicles —0.08*** —0.09*** —0.04*** —0.06*** —0.09*** 1.0
Month: January 0.02**  —0.02*** —0.02*** —0.01 0.0 —0.02* 1.0
Month: February 0.01 —0.02** 0.0 0.0 0.01 —0.01 —0.13*** 1.0

(continued on next page)
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(continued)

11 12 13 14 15 16 17

10

Std VIF 1

Mean

Variables

1.0
—Q.1%%*
Q.1

i
~
=
T

0.01
0.0

—0.01
—0.01
—0.01
—0.01

0.01 —0.01 0.02%* 0.02%**

0.0
-0.0

26 Month: March
27 Month: April
28 Month: May

1.0
—0.09%%**

—0.07%*

*

X%

Xk

—

—

g9
|

0.02%*

0.02+%*
0.0

0.0
0.01
-0.0

1.0
—0.07%%*

—0.1%

0.02**

0.02%%*
0.02%*

1.0
~0.06%**

—0.08%*

i
)
S
i

0.01
0.0

-0.0

29 Month: June

1.0
—0.07***

—0.09%%% —0,00%** —0.08%** —0.08%** —0.07%**
Q. 1%
—0.06%**

—0.1%

0.02*
0.01
0.01
0.0

-0.0

0.0
—0.0
—0.01

0.02%*
—0.0

—0.02%*

—0.01

30 Month: July

1.0
—0.07%%x

—0.07%*+
—0.06%**

40-08***
—0.07%**

40'09*4(*
—0.08%**

40'09*4:~k
—0.08%*

0.01

0.0
—-0.01
—0.01*

0.0

0.01

0.0
—0.02%**

—0.01

31 Month: August

1.0
—0.06%**

—0.09%%*

—0.09%%*

—0.01

0.02*
0.01
0.01

32 Month: September
33 Month: October

0.01 —0.09%** —0.09*** —0.08*** —0.08*** —0.07*** —0.06*** —0.06*** —0.07*** 1.0
0.01 —0.1Fkr Q1w 0.7

~0.02¢%*
-0.01

1.0

—0.08%% —0.08** —0.06*** —0.07%** —0.08%** —0.07+**

~0.09%**

34 Month: November

Number of observations: 25,037 reviews.

** Correlation significant at level 0.01 (2-tailed), * Correlation significant at level 0.05 (2-tailed).

16

Journal of Retailing and Consumer Services 85 (2025) 104315

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.jretconser.2025.104315.

Data availability

Data will be made available on request.
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