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Abstract

Frequent product returns from online purchases approach a staggering annual value
of nearly $1 trillion in the US alone. Existing research focuses on understanding
and managing returns using a purchase/return framework. However, customers’ pre-
purchase clicks might provide an early warning of potential product returns. We
explore whether prepurchase clicks on retailers’ websites provide insight into product
returns. Using data from a large European apparel retailer, we propose and estimate
a joint model of customer click, purchase, and return. The empirical stylized facts
and our click-to-purchase-to-return model of the customer journey consistently show
how customer browsing patterns foreshadow product returns. More specifically, we
find that purchasing the last clicked product and browsing fewer products predicts
a lower return probability. Using deep learning product embeddings, we show that
customers who click on a wide variety of products are more likely to return the
purchased product. Standard models of click-to-purchase or purchase-to-return cannot
explain these empirical relationships. Further, standard models incorrectly estimate
customer preferences for products in the presence of product returns.
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1 Introduction

Understanding and managing product returns is an important challenge for online retailers
(The New Yorker, 2023). They significantly decrease profits by reducing revenue (refunds)
and increasing costs (backward logistics, dry cleaning, etc.). For example, L.L. Bean spent
$50 million annually on return costs, amounting to about 30% of the retailer’s annual profits
(Abbey et al. 2018). Return costs are often so high that major online retailers, such as
Amazon and Walmart, have begun to allow customers to keep the product because extracting
benefits from the returned product is less than the return costs (The Wall Street Journal,
2022). Zara started recently charging online shoppers for returns unless the products are
returned to the physical store (BBC, 2022).

Product returns are typically studied in a purchase-to-return framework, where researchers
assume the product purchase event is the starting point of the customer journey. In this
framework, research has established that product characteristics jointly affect the probability
of purchase and return because the option to return a product has value to the customer
and impacts the purchase decision. From a managerial perspective, research suggests that
changes in policies aimed at reducing returns (for example, towards a stricter policy) must
also be evaluated based on potential negative effects on customers’ purchase behavior.

The purchase-to-return framework answers many important questions. However, it over-
looks an essential component of the customer journey — prepurchase clicks on the retailer’s
website. Before making a purchase, customers spend significant time browsing the retailer’s
website. They review different products, compare alternatives, and click on products they
like. Only after gathering sufficient information can they make purchase decisions. This
potentially valuable information is ignored in the purchase-to-return framework.

Similarly, the existing click-to-purchase models overlook customers’ post-purchase deci-
sions, namely, whether the customer decides to keep or return the product. These models
extensively study how the search environment impacts customer behavior and /or managerial
actions to optimize the customer experience, for example, better ranking of the options on the
website. These models can be improved to provide additional insight by explicitly modeling
returns. Ignoring returns can lead to incomplete analysis in categories, such as fashion retail,
where return rates could be as high as 50%.

In this paper, we demonstrate empirically that customer actions during search inform
retailers about potential customer returns. We base our analysis on data from a major
European apparel retailer. The data capture all customer actions from when they opened
the retailer’s website to when they decided to return the product. We document that

specific customer search patterns foreshadow the probability of returning the product. The



correlation may be driven by unobserved (but modeled) consumer preferences and product
characteristics that jointly influence clicks, purchases, and returns. FEven if the signal is
only correlative, it is still important scientifically to form hypotheses or to understand
customer /purchase-occasions that might lead to returns. These relationships can be ex-
plained with a click-to-purchase-to-return framework but not with either purchase-to-return
or click-to-purchase frameworks alone.

We build on purchase-to-return or click-to-purchase frameworks to propose a unified
click-to-purchase-to-return framework. Our rational model is consistent with empirically
based stylized facts and allows us to explore the mechanism behind the relationship between
customer clicks and returns. We demonstrate how existing models may lead to incorrect
estimation of parameters that describe customers and the products they purchase. Finally,
we demonstrate the practicality of our model by showing that it could be estimated using
real retailer data.

The remainder of the paper is organized as follows. Section 2 reviews relevant literature
on product returns and customer prepurchase clicks (or, more generally, search). Section 3
describes the data used in the analysis and documents empirically-based stylized facts.
Section 4 develops a model consistent with the empirical facts, and Section 5 shows that the
proposed model could be estimated. Synthetic data demonstrate that a click-to-purchase-to-
return model better recovers true parameters than existing models of either click-to-purchase
or purchase-to-return. Section 6 demonstrates that the proposed click-to-purchase-to-return
model is consistent with the stylized facts. Section 7 provides a summary, limitations, and

suggested future research.

2 Related Research

This paper contributes mainly to the literature on product returns. Research on product
returns has been both theoretical and empirical. Theoretically, researchers have focused on
return policies to demonstrate that the option to return products serves as a risk-reducing
mechanism that encourages the customer to experience the product (Che 1996); also studied
empirically by Petersen and Kumar (2015); or as a signal of product quality (Moorthy and
Srinivasan 1995).

Empirical research has focused on firms’ optimization of return policies. In an attempt
to identify the optimal return policy, researchers recognize the trade-off between higher
demand and higher return rates when firms use lenient policies and suggest that the optimal
return policy must be balanced (Davis et al. 1998, Bower and Maxham III 2012, Abbey

et al. 2018) because overly strict return policies lead to a decrease in purchases (Bechwati



and Siegal 2005). Janakiraman et al. (2016) extensively review the effect of return policy
leniency on purchases and returns. Anderson et al. (2009) propose a structural model where
the option to return is embedded in a customer purchase decision — the customer learns
private information only after purchasing the product. Other empirical studies demonstrate
that a variety of policy factors affect the probability of product returns, including price,
discounts, marketing instruments (e.g., free shipping), or the truthfulness of product reviews
(Petersen and Kumar 2009, 2010, Sahoo et al. 2018, Shehu et al. 2020, El Kihal and Shehu
2022). Empirical studies suggest prescriptive instruments, such as visualization systems, to
decrease return rates. These instruments decrease return rates by decreasing uncertainty in
the product match to the customer (Hong and Pavlou 2014). Other researchers use machine
learning to accurately predict returns and identify product-related features that enable the
firm to better select and design fashion products for the retailer’s website (Cui et al. 2020,
Dzyabura et al. 2021).

We contribute to the product returns literature by including prepurchase clicks that
precede purchase to better understand the customer journey. Clicks are an aspect of customer
search — the latter is an established and mature field of research. The literature typically
follows sequential (Weitzman 1979) or simultaneous (Stigler 1961) approaches. Both ap-
proaches assume the customer knows the distribution of the rewards and searches to resolve
uncertainty. For example, Weitzman examines a stylized problem of sequentially opening
boxes to learn their value and then deciding when to stop searching and collect the value of
the best box (but paying the search cost for every box opened). If the value distributions
are known for all boxes, Weitzman proves that the optimal (dynamic programming) search
strategy is an index strategy — choose next the box with the highest index and stop searching
when the value of the best box already opened exceeds the indices of all remaining boxes.
Many papers expand this simple framework to study various aspects of real-world search.
Most of the literature focuses on sequential search buttressed by Bronnenberg et al. (2016),
who report strong evidence to support sequential search.

Recent papers allow for flexible preference heterogeneity (Morozov et al. 2021), add
learning (Ke et al. 2016, Branco et al. 2012, Dzyabura and Hauser 2019), multiple attributes
(Kim et al. 2010), intermediaries (Dukes and Liu 2016), search duration (Ursu et al. 2020),
and search fatigue (Ursu et al. 2023). The availability of click-stream data has enabled
researchers to empirically study customer search behavior (Bronnenberg et al. 2016, Chen
and Yao 2017, Ursu et al. 2020) and provide detailed insights on click-to-purchase customer
behavior. For example, Bronnenberg et al. (2016) examine customer search behavior for
cameras and show that early search is highly predictive of customer purchase and that the

first-time discovery of the purchased alternative happens towards the end of the search. Chen



and Yao (2017) show that refinement tools significantly impact customer behavior and the
market structure. Ursu et al. (2020) study search duration, quantify customer preferences
and search costs, and develop insights on how much information to provide on a platform.
To date, researchers have focused primarily on the purchase-to-return sub-journey (re-
turns literature) or the click-to-purchase sub-journey (search literature). Research on the
click-to-return is scarce and uses a theoretical lens (Jerath and Ren 2024, Janssen and
Williams 2024). We expand these research streams to focus on the entire click-to-purchase-
to-return journey in the empirical setting. Our research provides complementary insights
to the returns literature (search predicts returns) and to the search literature (the possi-
bility of returning a product changes a customer’s optimal sequential search strategy). We
demonstrate that by focusing on the entire customer journey, we gain additional insight into

customer behavior and explore when the existing models may fail.

3 Data and Empirically-based Stylized Facts

3.1 Data from a Fashion Retailer

We sought and obtained online-channel individual-level data from a large apparel retailer in
Western Europe. We focus on the online channel because (1) most returns are through the
online channel (in total, 53% of sold products are being returned — typical for the European
apparel industry), and (2) the online channel is an ideal situation in which to observe clicks,
purchases, and returns for each customer. We preprocessed the data by removing noise
and outliers (for example, extremely short/long sessions). Appendix Appendix A provides a
detailed description of data pre-processing.

In this paper, we focus on orders that had at most one product purchased. This
focus illustrates an important situation where the full purchase journey matters. The
focus is insightful because it excludes bracketing situations when the customer purchases
several colors or variations of a product, intending to keep only one. While such situations
are important and realistic, they require model augmentation, obscuring basic incremental
insights about the advantages of modeling the more complete customer journey. We leave
model augmentation and empirical analysis of multiple-product orders for future research.

The retailer sells medium-priced fashion products for women, men, and children. Its main
product is adult apparel, which accounts for 95% of purchases. As is typical for Europe,
the retailer has a generous return policy. Products can be returned for free or a full refund
within 60 days after the purchase, with or without providing a reason. Prior to our analysis,
the retailer did not use customer clicks to understand or manage returns. The retailer did

not attempt any interventions to discourage (or encourage) returns based on a customers’



clicks.

Data include both mobile and desktop usage and consist of three main components:

e Prepurchase (clicks): Website browsing records the sequence of clicks made by the
customer during the browsing session at the retailer’s website. We observe products
listed on the website for the customer, the set of products considered (clicked to view
the detailed product page), and the sequence of these clicks. We also observe all actions
(e.g., clicking on a product, sorting by price) and the timing between the different
actions, allowing us to observe how much time a customer spends on a specific product
page.

e Purchase: Purchases include the product purchased (if any) by the customer during
browsing sessions. These data include product characteristics, such as price, category,
fabric, size, brand, color, and product image.

e Post-purchase (returns): Returns contain information on whether the customer kept
or returned the purchased product and when the return occurred.

A unique identifier matches all three data components. For each session, we observe the
customer journey from opening the retailer’s website to deciding whether to keep or return
a fashion product. If and when appropriate data become available, our analyses might be
extended to examine the impact of clicks before visiting the retailer’s website or clicks from
a previous visit. However, even if such data were available, the retailer may not be able to
use the data due to the increasing concern for privacy in the European Union. Padilla et al.
(2023) document the increased emphasis on “first-party data” by large online retailers.

The observation period is between October 1, 2019, and February 28, 20201. After the
pre-processing (Appendix Appendix A), we observe 837,404 single-item browsing sessions, of
which 51,858 (6.2%) resulted in a purchase. In 40.9% of these purchases, customers return
the purchased product. As anticipated and consistent with multiple-product bracketing, the
return rate for the single-item subsample is lower (40.9%) than that for the multiple-item
subsample (53%).

Customers can access the retailer’s website through a desktop or mobile device (54.8%
accessed through a mobile device in our data). On the website, the customer observes a
product list, which displays a small image of the product, its price, and its category. When
the customer clicks on a specific product, further information is revealed on the product
page, such as more (and higher quality) product images and detailed product descriptions.
To illustrate the information available to the customer, we provide the retailer’s website

screenshot in Appendix Appendix A. During these 837,404 browsing sessions, the customers

1We have access to data until May 15, 2020. However, we excluded the months when the COVID-related
restrictions took place in the country where our retailer primarily operates.



review, on average, 3.5 products (median 2). In 26.3% of sessions, the customer used at least
one filtering tool (for example, by color), and in 26.9% of cases, reviewed more than one
color variety of the product. Figure 1 provides the marginal distributions of product clicks,
product-color clicks, number of filters, and product-category clicks.

The retailer’s website displays 16 high-level product categories predefined by the retailer
(e.g., jeans, blouses, dresses, coats, shoes). The most popular purchased product categories
are “jackets and coats” (30.4%) and “jeans” (16.2%). “Dresses” and “jumpsuits” have the
highest return rate (56.8% and 57.6% respectively), and “T-shirts” have the lowest return
rate (10.2%). Figure 2 displays return rates by category and the sales share of each category.

3.2 Empirically-based Stylized Facts

We begin with illustrative stylized facts. Browsing data are high dimensional because
of the number of options available to the customer and because the order of customer
actions matters. To gain intuition, we summarize customer search with aggregate statistics
of browsing that relate to product returns. While these relationships are not necessarily
causal, a minimum criterion for any click-to-purchase-to-return model is that the model is
consistent with the stylized facts. Indeed, in Section 4, we introduce a formal model in which
clicks, purchases, and returns are driven by customer preferences and product characteristics
("shocks”). In some ways, we can think of the observations as an “early warning system.” If
the retailer observes a customer’s behavior in certain patterns, then that customer is more
likely to return a purchased product.

Because product characteristics are potentially correlated with product purchases and
returns, we illustrate the stylized facts using fixed-effects controls for product characteristics
on the probability of returns. After controlling for product characteristics, we relate the
residual effects to customer behavior. Intuitively, the dependencies that we explore in this
section imply that if we observe two customers who purchased exactly the same product but
had different search sessions, we study how the different search-session characteristics relate
to customer behavior.

Figures 3, 5 and 6 illustrate the stylized facts. The graphs’ vertical axes represent
the return probability net product-specific effects as a function of the control variable (for
example, number of product clicks) net of product-specific effects?. The gold lines indicate
the mean and 95% confidence interval, while the blue line indicates the regression line plus
95% confidence intervals for the estimated curve. We used a natural log transformation

for continuous independent variables to account for potential non-linearity and reduce the

2Formally, removing the product fixed-effects would center the graph around zero. To improve the
interpretability, we transformed all variables by adding corresponding average values.



Figure 1: Descriptive Statistics of Customer Browsing Behavior at the Retailer’s Website
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Figure 2: Sales Share and Return Rates by Product Category
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impact of outliers (for example, extremely long sessions).

Holding product characteristics constant, Figure 3a suggests a strong positive correlation
between the number of product clicks and the probability of return — customers who click
and review more products return, on average, more frequently. Besides the number of clicks,
the order matters. Figure 3b suggests that customers who purchased the last clicked product
are substantially less likely to return the product.

Although we hold product characteristics constant (fixed effects), we can explore rela-
tionships among searched products. Figure 4 illustrates two hypothetical browsing sessions.
The first customer clicked on six similar long-sleeved T-shirts with solid patterns, while the
second customer clicked on two long-sleeved T-shirts with floral patterns, one short-sleeved
blouse, a coat, and two dresses. Likely, the first customer was more focused and was explicitly
looking for a T-shirt, while the second customer was less focused and was considering various
wardrobe choices.

To explore the issue of customer focus, we use deep learning product embeddings. Intu-
itively, product embeddings summarize information about a product in a K-dimensional
vector with the property that similar products have similar product embeddings. For

example, the Euclidean distance between two T-shirts of similar green color would be close



Figure 3: Empirically-Based Stylized Facts — Number of Clicks and Whether the Last-
Viewed Product Was Purchased are Both Related to Return Probabilities
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Figure 4: Two Example Sessions that Vary on Variety

(a) Low variety session (b) High variety session



to zero, while the distance between a T-shirt and a pair of jeans would be high. Appendix
Appendix B provides the details of constructing the embeddings. We use embeddings to
evaluate whether customers click on different products (high variety) or similar products (low
variety). The embeddings are based on aggregate statistics only. We do not use individual-
customer clicks, purchases, or returns and, hence, the embeddings contain no information
about relationships among individual-customer clicks, purchases, or returns.

Figure 5 plots the return probability against variety. Customers who click on a larger
variety of products are more likely to return the product after the purchase. Figure 5
suggests a potential difference between targeted browsing (looking for a specific product)
and casual browsing (browsing for various products). Deep-search customers appear to be
less likely to return products, likely because they are either more informed, more focused,
or less impulsive.

Embeddings are powerful but are somewhat of a black box. Interpretability is a challenge.
Furthermore, although we eliminate within-customer product-purchase correlations by focus-
ing on single-product purchases, account for product-specific fixed effects, and use aggregate
data only, we cannot rule out a hypothesis that the product embeddings might contain
information on returns. To address the interpretability and potential for the embeddings
to contain information on returns or their relationship to clicks, we consider alternative
measures of the breadth of the search. These measures count the types of products the
customer clicked during the browsing session in Figure 6:

e number of unique categories: T-shirts, jeans, dresses

e number of unique general styles: plus size, regular, etc.

e number of unique materials: cotton, polyester, etc.

e variance in price.

Overall, the interpretable measures are consistent with the more general product embed-
dings. When a customer searches a higher variety of products, the customer is to more likely
to return the purchased product. As an additional robustness check, Appendix Appendix
C presents relationships when fixed effects are not removed. The qualitative results are

consistent.

4 Model Development

To examine whether a click-to-purchase-to-return model of customer behavior is consistent
with the correlative evidence in the stylized facts, we extend models from the developed
field of customer search. Specifically, we model customers’ click decisions as sequential

and rational — customers review products one by one and make a decision to purchase the

10



Figure 5: Empirically-Based Stylized Fact — Variety of Clicks Relates to Return
Probabilities
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product when the expected value of purchasing exceeds the expected value of reviewing
more products. We expand models standard in the literature to allow the customer to
anticipate the return decision. (An alternative perspective is that we expand purchase-to-
return models to consider search.) This section introduces the formal model and derives the
optimal click rules. In subsequent sections, we address parameter estimation, compare the
full purchase-journey model to standard models (click-to-purchase, purchase-to-return), and
examine whether the stylized facts are consistent with model predictions.

Figure 7 provides an overview of the full click-to-purchase-to-return model of customer
journey. We assume the customer is rational and forward-looking, gains information at a
cost while clicking, gains information by purchase and inspection, and incurs a cost if the
product is returned. Formally, consider a customer who visits the retailer’s website and
observes the list of products Vj. By viewing the product list, the customer forms initial
impressions: some product-related characteristics Xij (price, category, color, etc.) and an
individual pre-click preference shock jj. The customer can click on any of these products
to reveal additional post-click information jj. However, each click requires the customer to
incur some costs Cjj. (For example, they may need to move the mouse, click, and process
the information revealed.) After the click, the customer either continues clicking (if they see
other attractive options) or stops to decide whether they like any of the products clicked
so far. If the customer decides to terminate the search, they purchase the best product

among those clicked or leave the website without a purchase (or with an outside option). If
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Figure 6: Empirically-Based Stylized Facts Based on Alternative Measures of Variety
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the customer purchases the product, they receive the purchased product and inspect it in
more detail at home (e.g., try it on, hold it up, feel the material, and compare its fit to the
customer’s other fashion products). Inspection reveals additional information (for example,
fit with the body type) denoted as the jj. Based on all information accumulated (online
clicks and offline inspection), the customer decides whether to keep the product or to incur

a return cost R;j (e.g., return label, travel time, etc.) by returning the product to the retailer

12



for a full refund.

The click-to-purchase-to-return model is based on concepts introduced by Weitzman’s
model of rational search. In the Weitzman model, the customer sequentially inspects “boxes”
to resolve uncertainty. The customer knows the distributions of potential contents of the
boxes prior to inspection, not the realized content. In the click-to-purchase-to-return model,
the customer resolves some pre-click uncertainty by clicking on a product and resolves further
uncertainty by a postpurchase inspection. The customer considers the uncertain outcome of
this inspection (return or not) when making a purchase decision and deciding to continue
clicking (i.e., browsing the website).

The click-to-purchase-to-return model also serves as an extension to the standard purchase-
to-return models. While on the retailer’s website, the customer makes the purchase decision
under uncertainty about the true fit. Consistent with the standard purchase-to-return
models, the click-to-purchase-to-return model predicts that if the variance of jj is close
to zero, the customer would make an informed purchase decision and gain little by home
inspection, hence the return probability would be low. On the other hand, when most of the
customer’s learning occurs after the customer receives the product (high variance of jj),
the return probability would be higher.

Because the existing click-to-purchase and purchase-to-return models are special cases of
the click-to-purchase-to-return model, we can examine whether the restricted models lead
to the same or different estimates of the customer behavior parameters. For example, if
a click-to-purchase model leads to parameters that differ from a click-to-purchase-to-return
model, then in industries where returns (or cancellations) are frequent, managers might make
incorrect inferences about which products customers are likely to purchase and return.

The proposed model serves as an extension of the popular Weitzman model of rational
search. Specifically, our model assumes that the customer does not infer the true utility
upon click: part of the utility jj remains unknown until the customer receives the product
at home. While on the retailer’s website, the customer makes the purchase decision under
uncertainty about the true fit. For example, if the variance of j; is close to zero, there
would be almost no discrepancy between how the product looks on the website (online) and
at home (offline). Thus, the customer makes a highly informed purchase decision, and the
return probability would be low. On the other hand, when most of the customer’s learning
occurs after they receive the product (high variance of jj), the return probability would be

higher as most of the information could not be revealed on the website.
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