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ABSTRACT

Product returns are an increasing environmental problem, as an
estimated 25% of returned products end up as landfill [10]. Returns
are expensive for retailers as well, and it is estimated that 15-40%
of all online purchases are returned [34]. The problem could be
mitigated by identifying issues with a product that are likely to lead
to its return, before many have sold. Understanding and predicting
return reasons can help identify manufacturing defects, misleading
information in the product description or reviews, issues with a
seller or shipping company, and customers who are habitual return-
ers. While there has been much work to identify and predict return
volume, little attention has been given to the reasons for the return.
In this paper we explore how customer reviews could be used as
signals to identify return reasons. We developed a multi-class classi-
fier to predict return reasons, with a fine-tuned BERT-based model
to encode customer review text as features. The classifier with
customer review text yields an increase of more than 20% average
precision over the baseline classifier with no reviews text. We also
showed that we can use aggregated review information to predict
product return in case the customer returning the product did not
write a review. Lastly we show that reviews can be used to identify
nuanced return reasons beyond what the customer indicated.
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1 INTRODUCTION

People are ordering more online, a trend that has been in place
for 20+ years [24, 36]. During the 2020 SARS-CoV-2 pandemic, the
trend accelerated as people began shopping online instead of in
physical stores, with a 30% average traffic growth to e-commerce
retailers in 2020 [43]. With this rise comes an increase in product
returns because people cannot see or try a product prior to buying
it, and instead purchase it speculatively and return it when they
are not satisfied. By some estimates, during the winter holiday
season in 2020, $70 Billion in online purchases were returned, a
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73% increase over the average of the previous five years [10]. While
customers understandably appreciate the convenience of liberal
return policies, these policies are problematic for companies and
for the environment. In addition to lost revenue from the sale of the
product, returns are expensive to process, and lead to waste [1, 9, 37].
While some of the returned products are resold, an estimated 25%
are sent to landfills [10].

If sellers and e-commerce retailers could predict returns in ad-
vance, they could mitigate the situation by insisting on a higher
manufacturing standard, contract with more reliable shipping com-
panies, or adjust the online representation of the product to be more
informative or representative of the physical product. To minimize
returns, sellers would need to identify return reasons as early as
possible after a product is offered. Unfortunately, this information
normally is available only after a significant number of products
have been sent back. There has been a lot of interest in predicting
return volume [5, 15, 42] and return rate of specific categories of
products [7, 19], but these studies do not give insight into the root
causes of the returns.

Early product reviews may be a bellwether to identify problems
with a product prior to an uptick in returns. This rich source of
information has been largely overlooked in previous work predict-
ing product returns. Reviews can be noisy, and often mention a
mixture of good and bad qualities of a product. They may not al-
ways be reliable assessments of product quality. They are also not
always readily available—writing reviews is optional for the cus-
tomer. While many customers use reviews to voice their experience,
many others choose not to do so. In spite of these drawbacks, we
found that the review text itself is informative for predicting return
reasons.

In this paper we answer the question of how to utilize customer
reviews in predicting the customer return reasons and identifying
product issues. Our contributions are two-fold. First, we show that
reviews can be used as features to predict the reasons why cus-
tomers are returning products they purchase. We show that this can
be done on a individual purchase-level before a customer returns
a product, or at a macro-level to identify the common issues of
a product that lead to returns. Second, we built aspect extraction
models which identify common attributes of products mentioned in
reviews. We show that these extracted aspects reflect more specific
details about the customer dissatisfaction with their purchase, be-
yond the categorical selections solicited by the e-commerce retailer.

The rest of the paper is organized as follows. We first review the
literature on product returns and return prediction and describe our
research questions. We then describe the details of the experiments
using customer reviews to predict the customer return reasons,
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followed by the experimental results. Finally, we discuss the im-
plications of our findings, conclude our work and highlight future
directions.

2 RELATED WORK

Product returns have a high cost both to the seller and to the envi-
ronment [1, 9, 37]. Much of the research on product returns aims
to predict return volume and focuses on a single product category
(c.f. [15, 16, 20, 23, 32]), under the premise that predicting return
volume can help retailers identify problematic products and remove
them from the shelves, thus reducing returns. We seek to under-
stand customer return behaviors, to predict the reasons for the
returns, with the aim of mitigating problems such as manufactur-
ing quality and shipping reliability. We discuss related literature
that provides insight into e-commerce with respect to returns, and
insight into customer behaviors to provide background and context.

Cui et al. [5] collaborated with a large commercial auto acces-
sories manufacturer in the U.S. sold through online retailers. In their
work, each item was made to order, and the retailers (rather than
the manufacturer) determined the return policies, although returns
were handled by the manufacturer. They predicted return volume,
and made several recommendations to the industry to better man-
age inventory. Their work differs from ours in that the items to be
returned were made-to-order and customized, reducing the ability
of the retailer or the manufacturer to re-sell the items. Further, their
work covers returns that are the result of many different return
policies. Moreover, customer satisfaction with the purchase of a
made-to-order item may be driven by different expectations than
off-the-shelf purchases. Finally the return behaviors for a single
specialized family of products (automotive accessories) may not re-
flect the return behaviors in general across a wide range of product
categories.

Asdecker [1] modeled the cost of returns, including the relation-
ship between return rate and cost to the company, the effect of
depreciation of the product due to damage either prior to shipping
or as part of the shipping process, and the implications for business
in terms of managing returns, for the purpose of recommending
improvements to inventory management processes. In a follow-on
study [2] they found that ordering multiple sizes or styles of cloth-
ing is a predictor of returns; higher priced items are more likely to
be returned than lower priced items; customers who returned more
items in the past are more likely to return items in the future; and
products that were returned more often in the past are more likely
to be returned in the future.

Dzyabura et al. [7] used the product image to predict its return
rate. Their data consisted of 1.5 million online and offline transac-
tions from a large EU fashion retailer with 39 retail stores in Ger-
many. For the retailer in question, online transactions accounted for
22% of sales with an average return rate of 56%, compared to a 3%
average return rate for items purchased offline. They reported that
an estimated 1% reduction in return rate yields a 30% increase in
profit. They used a set of baseline features that included the month
of purchase, the product category and the price. They addition-
ally found that incorporating image features in a Gradient-Boosted
Regression Tree to predict return rate yielded an improvement of
10.4% over the baseline.
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Urbanke et al. [39] presented a model for predicting customer
returns using a novel technique for dimensionality reduction. Their
experiments were performed on 1,149,262 products purchased from
amajor German online fashion retailer from July 2014 to November
2014, during which the return rate was 57.3%. Their feature set was
comprised of product level features (e.g., brand, color), basket-level
features (e.g., time of purchase) and customer-level features (e.g.,
historical return rate). The authors showed that the model was
able to accurately predict cases wherein the likelihood of return is
extremely high, before the purchase occurs.

Kedia et al. [19] used a deep neural network to predict return
probabilities for fashion items sold by a large online fashion re-
tail store in India. Their results showed an increase in precision
from 65% to 74% using a fully connected deep neural network
trained with aggregated embeddings of products (using Matrix Fac-
torization [12], Bayesian Personalized Ranking [35]), sizing (using
skip-grams [27] and Word2Vec [26]) along with multiple heavily
engineered feature sets. As key features contributing to the model
performance, the authors point to historical product return rate,
cart size, payment type, customer historical return rate, sizing em-
beddings, customer purchase frequency, product price and product
embeddings. Reviews, which are the focus of this paper, were not
investigated.

While the research cited above often includes features of the
customer transaction, there is a body of work focusing specifically
on the customers. Some customers are more inclined to return
products than others, and it can be helpful to understand customer
behavior and preferences to better predict and manage returns. For
example, while we generally would like to reduce product returns
for environmental and financial reasons, Griffis et al. [11] showed
that customers who return more also buy more, and that faster
refunds increase future purchases by the customer.

Zhu et al. [42] built a graph of customers and products using
data from online fashion retailers to predict the probability an
individual customer (or group of similar customers) will return a
specific product (or a set of similar products). Similarity between
customers was based on historical purchase, return behavior and
personal demographic attributes such as gender, age and income.
They showed that leveraging the customer graph as well as product
similarity improves accuracy. In our work, we do not focus on any
specific category of products, but rather use that information in our
feature set. In addition, since the focus of our work was to evaluate
the impact of reviews on the prediction of customer return reasons,
we did not include customer characteristics and historical behavior
in our model which we leave for future work.

Pei and Paswan [29] focus on the different behaviors that lead
to product returns, separating them into legitimate reasons (needs
unfulfilled, buyer’s remorse and external market reasons) versus
“unethical reasons” (e.g., returning a Halloween costume after wear-
ing it). The authors also divide the return drivers into internal (e.g.,
variety seeking or level of morality) versus external (e.g., product
compatibility and return cost). Using crowd-sourcing, the authors
collected data from 400 people to test multiple hypotheses on the
relation between different personal/product traits and return be-
haviors. They found that certain personal characteristics such as
impulsiveness lead to a higher likelihood of return for legitimate
reasons. One of the main limitations of this study lies in the fact
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that it relies on customer responses rather than real purchase and
return data. Our work also groups the return reasons into several
categories, but since our primary goal is to provide actionable expla-
nations to the sellers, we focus less on the psychological drivers and
more on the practical aspects of the returns (e.g., was the product
defective versus did it fit the customer need).

Powers and Jack [31] described product and emotional disso-
nance as triggers for returns. Product dissonance is a state in which
the customer believes that the purchase they have just made was
either unnecessary or that the most appropriate product was not se-
lected. Emotional dissonance is described as a state of psychological
discomfort. The authors proposed that product dissonance can lead
to emotional dissonance, and to alleviate the latter, customers may
seek to return the purchased product. Using data collected from 308
customers of physical retailers (Walmart and Target) they showed
a positive correlation between product dissonance and emotional
dissonance. In addition, they looked into two direct reasons for
returns: “expectation not met" and “found better product or price".
They found that emotional dissonance is positively correlated with
both return reasons, and that the two reasons positively correlate
with each other. Both reasons were also found to positively correlate
with return frequency.

Our work differs from this work in several respects. There are
key differences between online shopping and in-store shopping that
make the return behaviors distinct. The lack of ability to touch and
try the product prior to purchase may lead to many of the returns,
especially for clothing which must be tried on. Our work does not
consider the psychological state of the customer. Instead we take
the customer reviews as the only representation of the customer
rationale. Because many customers leave reviews, in this work we
investigate how this rich source of information can be leveraged to
improve customer return reason prediction.

3 USING REVIEWS TO PREDICT RETURN
REASONS

Product reviews are explicit, often detailed, feedback about the
customer experience with the product. A review typically includes
a rating from one to five stars, and a textual description of the cus-
tomer’s experience. Returns are also a form of customer feedback.
When customers are not completely satisfied with their purchase,
many retailers and e-commerce websites offer the option to return
the product, to receive refunds or a product replacement, within
a time window. When returning a product, customers are often
prompted by the e-commerce platform to provide a reason for the
return by selecting from a list of pre-defined reason codes (see table
2). In the work to follow we investigated the relationship between
reviews and reason codes.

In the first part of our research, we explored the cases in which
the customers who returned the product left a review about their
experience. Our aim was to establish whether reviews from cus-
tomers returning the product are important signals in predicting
their return reasons. If no such connection exists, we would not ex-
pect reviews to be predictive of return reasons. We limited our first
investigation to the subset of product returns where the returning
customer also left a product review. Our first question was:
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e RQ1: Can we predict the return codes from the returned
product reviews?

When customers provide direct explicit feedback about their
purchase experience, it is reasonable to expect that the review and
the return reason would reflect the same source of dissatisfaction
with the product. However, only a small subset of purchases are
reviewed! and we cannot rely on the returning customer providing
details and context in a product review. For the majority of returned
products, where the customer did not provide a detailed explanation,
reviews written by all other customers may help determine the
pattern of return reasons and potential shortcomings of the product.
In these cases, we investigated whether reviews of a product in
aggregate, represented as text embeddings are effective features to
predict the distribution of product return codes. Thus the second
research question is:

e RQ2: Can we infer the return reason codes from reviews,
even when the customer returning did not provide a review?

Often the pre-determined reason codes do not tell the whole
story, because they lack detail and context. As shown in table 2,
there could still be multiple, more specific reasons represented by
each broader reason code (for example, a mis-advertised item and
missing item accessories both belong to merchant-related reason
code). We posit that one way to identify more detailed return rea-
sons is through the reviews written by the customers. Therefore
the third research question:

e RQ3: Can we infer detailed return reasons from reviews,
to expand on the customer-indicated reason code and to
summarize the reviews?

4 EXPERIMENTATION

In this section we describe experiments designed to address each
of the research questions. For each research question, we detail the
experimental methodology and the results, with additional analysis
or discussion as needed.

Experimental Data. The data is English language data, from North
American customers of Amazon.com.? We randomly sampled one
day per month for a year from October 2019 to September 2020, and
collected data for all products that were returned by customers on
those specific days. We analyzed the span of one year to cover sea-
sonal effects in e-commerce. We defined a return as a product sent
back to the seller within thirty days of a confirmed purchase. Thirty
days is a common window for free returns allowed by retailers and
e-commerce companies. The data includes basic information about
the original purchase, all valid customer reviews of the product, the
return reason code, and textual reason description entered by the
customer upon returning the product, if it exists (see Table 1).

4.1 Predicting Return Reason Codes from the
Customer Review
We start by examining whether the review left by the customer

who returned a product is predictive of their selected return reason
code (RQ1: Can we predict the return codes from the returned

Lhttps://www.usatoday.com/story/tech/news/2017/03/20/review-you-wrote-
amazon-priceless/99332602/, accessed January 2024
2https://www.amazon.com, accessed January 2024
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Time period 2019/10 - 2020/09

Number of returns 90,962
Number of products 73,965
Number of product categories 34
Mean number of reviews 612

Mean length of reviews 35 words

Table 1: Descriptive statistics of the data analyzed in the
study.

product reviews?). In this set of experiments, we limit the data
to examples where the customer returning a product also left a
review, and we did not include the text of the reviews from other
customers.

4.1.1 Methods. As mentioned above, the data was sampled over
one year, and consisted of products that were both returned and
reviewed by the customer. For each of the returns, we collected
basic information about the original purchase, as well as the re-
view of the product written by the returning customer, if they
wrote one. Each return record includes the reason code for the
product return selected by the customer, shown in Table 2. The
customer can also leave a free-text comment at the point of re-
turn, explaining why they are returning the item. The resulting
data set has 90,962 total returns, for 73,965 products across 34
product categories (which covers all major product categories on
Amazon.com). Among these returns; 63,828 (70.2%) are returned
for product-related reasons; 17,682 (19.5%) for merchant related-
reasons; 6,769 (7.4%) for customer-related reasons; 2,212 (2.4%) for
carrier-related reasons and 471 (0.5%) for other reasons.

To avoid a situation where a given product in the test set might
have many returns in a future time period as part of the training
set (giving the model an oracle), we split the train and test data by
date. We set a cut-off date such that the train set contains events
(purchase, returns and reviews) that happened before the cut-off,
while the test set contains events that happened after the cut-off.
Examples in which purchases happened before the cut-off and the
return or the review happened after the cut-off were discarded. No
example in the test set has a corresponding product in the training
set returned at a future date. This results in 79,773 training examples
and 11,189 test examples. The five predicted classes were the five
grouped customer return codes.

We first built a baseline model to predict return reason codes
using features of the product such as its brand or category, infor-
mation from the customer such as their membership status, and
features of the seller, such as whether the seller is a vendor or
a third-party seller, shown in Table 3. To investigate if customer
reviews are predictive of the customer return reason codes, we
created three additional models that use features extracted from
customer reviews. We included the average star-rating and the
number of reviews as features in all three models. To compare the
importance of context in review text, we represented the review
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Reason Code Explanation
Defective/Does not work properly

Defect emerged after use

Item-related

Merchant-related | Different from what was ordered
Missing item in the set

Damaged during shipping

Item never arrived

Customer-related | No longer needed/wanted

Better price available

Other reasons provided by customers

Carrier-related

Others
Table 2: The set of pre-defined reasons customers are
prompted to select when returning products, with repre-
sentative examples.

Name ‘ Type ‘ Example Value ‘

Product Features
brand text Nike
product categoryl categorical | housewares
product category?2 categorical | home goods

all-time average rating decimal 4.2 stars
recent average rating decimal 3.9 stars
Customer Features
active membership boolean is an active member

membership level categorical | frequent flyer
Merchant and Offer Features

categorical | third party
categorical | used
categorical | refunded
boolean free return
boolean not B2B

categorical | I-click-purchase

seller type
condition
resolution type
is return free

is B2B Order
purchase method

supplier type categorical | vendor
Time Features
days from purchase to return | decimal 7 days

days from delivery to return | decimal 3days

Table 3: Baseline features for predicting product return codes.
Product category1 and product category2 are two different
types of product categorizations.

text using non-contextual word embeddings for one model, and
contextual word embeddings for the other two.

For the non-contextual model, to capture the general opinion of
each review, we used VADER (Valence Aware Dictionary and sEn-
timent Reasoner) [14], which is a lexicon and rule-based sentiment
analysis tool that is specifically attuned to sentiments expressed in
social media. We obtained the positive, neutral, negative and com-
pound score of each review text. VADER is also known to perform
well on text that contains emojis, slang, and acronyms, which are
common in product reviews. We then used the global vectors for
word representation (GloVe)[30] to represent the review text. We
used pre-trained word vectors based on Twitter data®, which map
each word into a vector of 100 dimensions. Specifically, we mapped
each term in the review into the GloVe vectors and took the average

3acquired from https://nlp.stanford.edu/projects/glove/, accessed January 2024
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of the word embeddings. Both VADER and GloVe vectors were then
appended to the features of the baseline model.

For the two contextual models, we used BERT (Bidirectional
Encoder Representations from Transformers)[6] to extract infor-
mation encoded in the review text. We create a pre-trained model
and a fine-tuned model for the task. For both models, we tokenized
and padded the text so that all review texts are the same size for
pre-processing. For the pre-trained model, we encode the review
text using uncased BERT-base* and take the [CLS] in the last layer
as the output. For the fine-tuned BERT model, we created an Adam
optimizer with batch size of 16, learning rate of 2e-5, with 3 epochs.
After training the model we use the fine-tuned model to extract
last four hidden states and mean-pooled them as the final output.
In both cases, the review text was transformed to a 1D vector of
length 768. We appended the output vector from BERT to features
of the baseline models. Since BERT is context-aware, we did not
include features of sentiment analysis.

All models were trained using a multi-class classification with
a LightGBM gradient-boosted decision tree [18]. The number of
bins for feature buckets max_bin was set to 255, which was rec-
ommended by the official documentation and as shown in [41].
The number of iterations was set to 3500 with the learning rate
of 0.005. Increasing the number of iterations did not increase the
model performance. Early stopping was also enabled with number
of rounds set to 1500.

4.1.2 Results. As shown in Table 4, the baseline model is able to
predict the return reason codes with a micro average precision of
0.66 and a macro average precision of 0.552. In general the micro
average is higher than the macro average across models and metrics,
indicating the models are doing a better job at prediction for the
larger classes.

Features derived from the customer reviews consistently im-
prove performance over the baseline model, showing a statistically
significant relative improvement in average precision of 2% (0.674
vs. 0.660) in the case of the GloVe embeddings, and 4% in the case of
pre-trained BERT (0.687 vs. 0.660), and a large 23% gain in average
precision (0.894 vs. 0.660) for fine-tuned BERT with similar improve-
ments in recall and F1 score. When comparing the GloVe represen-
tation of review text to BERT, BERT performs better . To test if the
improvements are statistically significant, we use McNemar’s tests
to compare the performances between the each experimental model
with the baseline model. The tests show that the improvements are
statistically significant after Bonferroni correction.

4.1.3  Feature Importance Analysis. To analyze the importance of
customer reviews in determining the return reasons, we conducted
an ablation test (see Table 5). We grouped the baseline features
according to Table 3, together with customer reviews. We then
trained multiple Light GBM models, while using one set of features
only (first two columns), or all of the other features but excluding
that single feature set (last two columns). When using only one set
of features, we see that customer reviews is the most important
feature as it outperforms all other feature sets in both precision
and F1-score. This agrees with the results shown in Table 4, where
the effect of including customer reviews is statistically significant.

4https://huggingface.co/bert-base-uncased, accessed January 2024
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When using all features but one, we again see that reviews have
the biggest impact on performance (as seen by the reduction in
precision and F1-score compared to All). Curiously, the rest of the
features have similar importance with merchant features having
the largest drop in precision and F1-score.

4.1.4 How customer reviews help predicting return reasons. After
showing how features derived from customer reviews consistently
improve performance over the baseline model, we now provide
qualitative analysis on how the reviews assist models in predicting
customer return reason codes over the baseline. By comparing pre-
dictions the baseline models got wrong but that the models trained
with reviews got right, we summarized the following scenarios
where customer reviews prove to be critical in determining the
return reason codes (and see Table 6 for examples).

o Baseline model makes predictions based on common return

reasons of the product category.
In situations when the baseline model lacks evidence on the
return reasons, it predicts the most common return reason
codes for the product category. As one example, cellphone
accessories are commonly returned when customers do not
like their purchases after receiving and seeing them in per-
son. The customers reviews however show more nuanced
reasons beyond the most common return reason.

o Baseline model makes predictions based on merchant features.
In other cases the baseline model make predictions based
on the merchant features. For example, for a return sold
from a third party seller with mediocre reviews (3.5 stars),
the baseline model predicts the return is due to merchant-
related issues (e.g., false advertising). The specific customer
review again is able to reveal additional information behind
the return reasons, which shows defects with the product
(see Table 6).

o Baseline model defaults to the majority class. When the base-
line model is unable to determine the return reasons from
the feature sets (e.g., item is sold from a reputed seller and is
not a commonly returned item or item category), the model
may default to predicting the majority class (i.e., the item is
defective). The customer reviews are however able to provide
the real reasons in certain cases, such as false advertising,
product damaged due to shipment, or customers ordering
the wrong size.

4.1.5  Error Analysis. It is important to understand the limitations
of the model, including situations where customer reviews are not
adequate in predicting the customer return reason codes. Here we
summarize the types of error of the BERT model, where customer
reviews do not contain helpful information regarding the return
reasons.

o Inaccurate return reason code
In some cases, while the customer reviews explain the return
reason (e.g., “They broke as soon as I put them up”), they
selected an inaccurate return reason code for the returns
(Merchant-related issues: missing parts). In other words, the
ground truth of these returns does not match the label.
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Model

Avg. Precision

Avg. Recall Avg. F1-Score

Base

Base+reviews (GloVe+VADER)
Base+ reviews (pre-trained BERT)
Base+ reviews (finetuned BERT)

0.660 (0.552)
0.674* (0.579)
0.687* (0.576)
0.894* (0.862)

0.713 (0.406)
0.721* (0.437)
0.730* (0.446)
0.897* (0.740)

0.644 (0.410)
0.663*(0.450)
0.677* (0.460)
0.894* (0.788)

Table 4: Review text significantly improves the prediction of customer return reasons, and are best represented with BERT. The
best result is in bold, and statistically significant results are indicated with an asterisk. The macro average is in parentheses.
The fine-tuned BERT result is statistically significant with respect to the GloVe result, as well as with respect to the baseline.

Feature This feature only All but one
Precision F1 Precision F1
All 0.894 (0.862)  0.894 (0.788) | 0.894 (0.862)  0.894 (0.788)

0.569 (0.226)
0.600 (0.417)
0.484 (0.139)

Product features
Merchant features
Customer features

0.585 (0.179)
0.589 (0.346)
0.571 (0.164)

Time features
Customer reviews

0.536 (0.256)
0.888 (0.869)

0.572 (0.167)
0.886 (0.637)

0.894 (0.868)  0.893 (0.799)
0.887 (0.803)  0.886 (0.637)
0.895 (0.862)  0.894 (0.784)
0.895 (0.871)  0.894 (0.801)

0.662 (0.543) 0.651 (0.428)

Table 5: Ablation test analyzing the importance of product, merchant, customer, time and customer reviews. Both ‘This feature
only’ and ‘All but one’ tests shows customer reviews are the most important feature (Macro precision & F1-score are shown in

brackets).

Examples

Baseline pred.

Return reasons

Customer reviews

Prediction based on common re-
turn reasons of the product cat-

egory.

Customer-related

Item-related

Doesn’t fit my phone.... Thave a Samsung s20+ the pack-
age sticker says s20+ but doesn’t fit at all.

Prediction based on less reputed
seller.

Merchant-related

Item-related

This car is garbage. The lights don’t work. Pictures are
misleading too. Is eight inches long.

Baseline model predicting ma-
jority class

Item-related

Merchant-related

Not as advertised in my opinion. It still has the same
lines looking out the window as others. I felt false ad-
vertising took place there.

Item-related

Carrier-related

I waited a week for this and my heart just could not be-
lieve I got a damage product and the screen was coming
away from the trim and scratches all over it like it has
been used , I'm so dissatisfied

Item-related

Customer-related

Very good but I had to returned because I needed a
bigger one.

Table 6: Examples of cases where customer reviews helped predicting the return reasons where the baseline model got wrong.

o Users return for a reason not explained in reviews
In some situations, the review was written before the cus-
tomer had the intent to return a product, and the product
was returned for a reason not mentioned in the review (e.g., a
customer wrote a positive review before returning the prod-
uct later after finding the product at a lower price from a
different seller). This is confusing for the model especially
if the review is positive, as the model interprets it as the
customers liking the product, and then returning it due to
customer-related reasons. In some other cases, information
about the return is mentioned in the review but is insuffi-
cient for the model (e.g., “Thank you for replacing the missing
one. And I really like it.”).

o Non-English reviews
We used the BERT base uncased model, which is pre-trained
on English corpus only. A small portion of the customer

reviews in our dataset contain non-English tokens, which
the model is unable to interpret. Using the BERT multilingual
model or pre-training it on a larger corpus of non-English
reviews could potentially help in avoiding these errors.

4.2 Inferring Return Reason Codes from
Aggregated Reviews

While some customers provide direct feedback about their purchas-
ing experience, that is not the case with all purchases. In many
situations a customer may purchase a product, not be fully satisfied
with the purchase, and subsequently return the product without
leaving any explicit feedback. There are also situations where the
customers only provide direct feedback some time after they return
the product.
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In these situations, e-commerce retailers do not have access to
the review written by the customers returning the product (the
focus of RQ1). To investigate and predict product return codes,
e-commerce retailers have to rely on other indirect information.
Reviews written about the returned product by other customers
is one source of such information. Therefore the second research
question we ask is RQ2: Can we infer the return reason codes
from reviews, even when the customer returning did not
provide a review?

As opposed to RQ1, we are not predicting a single instance of a
return. Instead, we are investigating if we can use the aggregated
reviews of a product to predict the distribution of return codes
of a product. Identifying the trends in return reason codes for a
product can help e-commerce retailers address specific issues and
can provide feedback to the seller or manufacturer, or in extreme
cases alert the customer to the issues of the product.

4.2.1 Methods. We expanded the dataset collected in the previous
experiment. For the same 73,965 products (across 34 product cate-
gories), we collected all reviews associated with the products. For
each product, we also collected all return records within the same
one year period (October 2019 to September 2020). We aggregated
these return records to obtain the distributions of return reasons
codes of each product (described in Table 2).

To distill the reviews, we used BERT to extract word and sentence
embedding vectors from the review text. For each product review,
we do the following: (1) tokenize the review text, (2) use pre-trained
BERT model to convert the tokenized text into layers of embeddings,
(3) take the last layer of the output and apply mean pooling which
yields a vector of length 768 of the review embedding. To maintain a
reasonable computation time, we set an upper limit of the number
of reviews extracted per product. The median number of reviews is
611. For products with more than 100 total reviews, we randomly
sampled 100 and converted them to review embeddings.

For each product, we predicted the percentage distributions of
five different return reason codes, using the review embeddings of
the product. We modeled the problem as a multi-target regression
with one regressor per targeted return reason code. The 73,965
products were split into 80% training set, 10% validation set and
10% test set. We chose XGBoost multi-output regression for the
task.>

During our error analysis we noticed that many customers write
positive reviews for products that they return (20,221 of the re-
turns, which constitutes 22% of the data). This finding is somewhat
surprising as we would expect customers returning a product to
leave a negative review, because they are not satisfied with some
aspect of it. One possible explanation is that these reviews were
written prior to identifying issues with the product and returning
it. This was not supported by the data as we found that many of
the reviews were written after the return. To investigate the im-
pact of the sentiment of the review on the reason code prediction,
we trained four different models using different configurations of
review embeddings.

(1) All reviews: The mean review embedding of all reviews of
the product.

Shttps://xgboost.readthedocs.io/, accessed January 2024
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Model MSE KL Divergence
Baseline 0.02276 | 0.28471

All reviews 0.01279 | 0.14829
Positive reviews only 0.01404 | 0.18094
Negative reviews only 0.01641 | 0.19959
Positive & Negative concatenated | 0.01326 | 0.16076

Table 7: Results of using aggregated product reviews to pre-
dict the distribution of return reasons.

(2) Positive reviews only: The mean review embedding of all 4
or 5 stars reviews of the product.

(3) Negative reviews only: The mean review embedding of all
1 or 2 stars reviews of the product.

(4) Positive & Negative concatenated: The mean review em-
bedding of positive & negative reviews as separate embed-
dings, concatenated together.

We also set-up a baseline model, which predicted the average
distribution of return reason codes aggregated over all products in
the dataset.

4.2.2  Results. In order to compare the four experimental models
we evaluated on two different metrics: (1) Mean Squared Error and
(2) KL Divergence. Since we model this as a multi-target regres-
sion problem, Mean Squared Error computes the uniform average
regression loss between the predicted percentage of each return
reason code with the actual percentage (ground truth). As the target
(return reason codes) is a probability distribution, KL Divergence
measures the similarity between the predicted distribution and the
actual distribution (ground truth).

Table 7 shows the results of the four models compared to the
baseline. All four models outperform the baseline model consid-
erably, showing aggregated reviews are helpful in predicting the
distribution of return reason codes. Among all four experimental
models, All reviews performed the best, which has almost half the
mean squared error (0.01279 vs. 0.02276) and KL divergence com-
pared to the baseline (0.14829 vs. 0.28471). Positive reviews only
and Negative reviews only performed similarly, with mean squared
errors of 0.01404 and 0.01641; and KL Divergence of 0.18094 and
0.19959 respectively. This result suggest that positive reviews con-
tain information about the return reasons despite being positive.
Lastly using Positive & Negative only reviews concatenated together
as distinct sets of features achieved comparable results as using all
reviews (which included 3-star reviews), but does not result in a
better performance.

4.3 Extracting Detailed Return Reasons from
Customer Reviews

In RQ1 and RQ2 we showed that customer reviews can be used
as features to predict the return reason(s), both for individual pur-
chases and for aggregated scenarios. Until now these reviews are
only used to predict the fixed reason code selected by the customer.
However, there could be multiple more nuanced reasons that lead a
customer to return a product beyond the indicated reason code, and
this information could be embedded in the reviews. Hence we now
turn to investigate RQ3: Can we infer detailed return reasons
from reviews?
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4.3.1 Methods. We propose that customer reviews refer to prod-
uct attributes, such as short battery life, or complex installation,
that provide insight into sources of customer dissatisfaction with
a product. We extract descriptive phrases (keyphrases) from the
customer reviews, and consolidate them into product aspects that
describe attributes of the product. For example, a review might
say that a digital thermometer has a “poor battery life", another
might say the “battery ran out fast", another might say the “battery
didn’t last". These keyphrases all refer to the same product attribute
(battery life), and together with the sentiment of the phrases, can
be aggregated into a product aspect (poor battery life). To study if
we can infer detailed return reasons from product aspects extracted
from customer reviews, we first trained a model to extract product
aspects from review text, and then conducted a between-subject
experiment with human annotators to determine if the extracted
aspects corresponded to the return reason codes.

Aspect extraction Inspired by [33], we extracted keyphrases
that describe and summarize the customers experience described in
the review text. We trained a span classification model adapted from
[40], which is shown to be state-of-the-art in named entity recogni-
tion on multiple corpora. Instead of predicting a named entity, we
adapted the model to recognize salient keyphrases. We collected a
set of 750 review texts, and human-labeled all keyphrases in each
review. We encoded the review text and obtained word embeddings
using RoBERTa model [21]. We fed the word embeddings as input
to a BILSTM and finally to a bi-affine classifier. In the training set
each span is labeled as either a keyphrase or a non-keyphrase. The
bi-affine classifier ranked the spans and classified as keyphrases
those whose score was above a threshold.

To standardize the aspects extracted by the model, we applied
agglomerative hierarchical clustering on the extracted keyphrases,
and labeled the resulting clusters as one of 60 pre-defined aspects of
the customer experience (e.g., short battery life, hazardous product,
missing advertised product features). We then trained a BERT-based
keyphrase categorizer that classified each extracted keyphrase into
one of the 60 classes of aspect. The result is an end-to-end system
that extracts aspects from the review text, similar to [28].

Large Language Model-based aspect extraction The rapid
development of large language models has been shown to match
the performance of state-of-the-art fully-fine-tuned models (e.g.,
[3]). We developed a large language model-based aspect extraction
by fine-tuning one of the state-of-the-art language models with
customer review data. We started with 160 human annotated re-
views in the format of instruction-input-response (see Table 8) as
initial input. We then prompted LLaMA-13B model [38] to generate
8000 additional input-response pairs. We used Low-rank adaptation
(LoRA) [13] to fine-tune the LLaMA-7B model with these input-
response pairs, which was done using 4 * NVIDIA V100 GPU with
a total batch size of 128, a learning rate of 3*107%, and a total of 3
epochs.

4.3.2  Results. To evaluate if customer reviews contain product
aspects that could be extracted by the models, we conducted a
between-subject experiment with human annotators to evaluate
the models’ performance. We collected 612 reviews from customers
who were unsatisfied with their purchase and returned the products
for various reasons. Two sets of aspects were generated, one with
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Instruction:

Identify aspects mentioned in the product review and then list their sentiments.

Input:

poor quality. I returned this set, very poor quality for the price.

Response:

The customer mentions Quality, Value for Money.

Quality is Negative

Value for Money is Negative
Table 8: Example response from the LLaMA model. In this
case the customer indicated item-related issue as the return
reason. The model identified the negative aspects to be qual-

ity and value for money.

statistical keyphrase extraction and another with an LLM-based
model.

An in-house professional annotation team not connected to the
research project labeled the data for the task. For each annotation,
the annotators were provided with the review text written by the
customer, the reason code selected by the customer upon returning
the product, and the set of aspect(s) extracted by one of the models.
The annotators were instructed to indicate (1) if the aspect is an
explanation for the reason code selected by the customer and pro-
vides additional information on why the product was returned, and
(2) if the aspect summarizes the customer experience mentioned in
the review text.

The results are shown in table 9. The aspects extracted from the
statistical keyphrase model attained 0.811 accuracy in explaining
the return reason code selected by the customer. Breaking down
the model accuracy in explaining different return codes, we see that
it is 0.877 for item-related return codes, 0.675 for merchant-related
return codes, 0.800 for carrier-related return codes and 0.204 for
customer-related return codes.

The LLM-based aspect extraction performed very similarly—
0.877 for item-related return codes, 0.735 for merchant-related re-
turn codes, 0.733 for carrier-related return codes and 0.333 for
customer-related return codes, which is within a margin of a few
percent in most categories. In both cases the extracted aspects were
not adequate to explain customer-related return codes (0.204 and
0.333 respectively). Similar to the error analysis in the first study,
the models failed on examples where the customer returned a pur-
chase for reasons not described in the review. While most of the
returns are due to the customer changing their mind, the review
texts focus on attributes of the product unrelated to the return
reason code.

In terms of the model’s ability to summarize review text, the
statistical keyphrase model has an overall accuracy of 0.658. Here
the performance is relatively even across different return codes:
0.658 for item-related returns, 0.547 for merchant-related returns,
0.533 for carrier-related returns and 0.750 for customer-related
returns. Aspects extracted by the LLaMA model performed slightly
worse in summarizing the reviews, but with similar declines in each
category: 0.551 for item-related returns, 0.427 for merchant-related
returns, 0.400 for carrier-related returns and 0.625 for customer-
related returns.

It is important to note that the goal of this experiment is not
to provide a definitive comparison between keyphrase extraction-
based models and large language models. We chose a mainstream
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language model for the task. A larger language model may perform
the task better. Human annotations are also subjective in nature.
In this case the annotation focused on identifying if the aspects
extracted by each method explained the return reasons, rather than
choosing which model the annotators preferred. The goal is to ver-
ify if we can infer more detail from customer reviews, to inform
relevant stakeholders. We see that in more than 80% of examples,
the aspects extracted from review text contained more detailed
information about why customers returned a product than the rea-
son codes indicated. This is a new insight for the e-commerce (and
broader online) communities. Key information can be mined from
customer reviews to identify reasons why users are (dis)satisfied
with their experiences.

Task Return Reasons | Accuracy
Keyphrase-based | LLM-based

Explains return reason | Overall 0.811 0.825
Item-related 0.877 0.877
Merchant-related | 0.675 0.735
Carrier-related 0.800 0.733
Customer-related | 0.208 0.333

Summarizes review text | Overall 0.658 0.527
Ttem-related 0.684 0.551
Merchant-related | 0.547 0.427
Carrier-related 0.533 0.400
Customer-related | 0.750 0.625

Table 9: Results of keyphrase extraction model and LLaMA
model in identifying aspects that explain return reasons from
reviews.

5 DISCUSSION

Prior research on e-commerce return behavior has primarily fo-
cused on predicting the return volume and return rate of products.
While predicting the volume of product returns ahead of time is
helpful for merchants and e-commerce retailers, this leaves a gap
in understanding the origin of the issues, which limits the steps a
company can take to prevent product returns. To the best of our
knowledge, this is the first work to identifying the reasons for a
product return.

Product reviews have been employed to predict retail sales [8].
Owing to the fact that reviews are explicit feedback provided by
the customers, they capture (sometimes negative) experiences cus-
tomers have with their purchase. We investigated how they could
be employed to predict customer dissatisfaction, leading to a prod-
uct return. We found that reviews are very effective at predicting
the reasons customers return products. Signals used in prior work
to predict return volume and rate were less effective than customer
reviews at predicting return reason codes.

These findings extend the applications of behavior modeling
from user reviews. For example, the field of recommender system
research, there is a wealth of research using reviews in the form
of ratings to provide recommendations, but using review text as a
source of signals is more recent (e.g. [4, 25]). In our study we found
that reviews helped most in outlier cases where the baseline models
failed, for example by predicting the majority class or because the
data was skewed by a specific feature. Our work shows that review
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text as a source of features significantly improves over the baseline.
We also show that reviews are helpful beyond predicting individual
customer returns, but also to predict a reason code distribution
for a given product or product line. This is critical to sellers and e-
commerce retailers to address negative customer experiences. User
reviews are public information on most e-commerce retailers and
customers rely on reviews to make purchase decisions. Identifying
customer complaints about products gives the retailer the opportu-
nity to alert customers when they are unlikely to be satisfied with
a purchase, by identifying products with a high return rate.

This work also brought a new perspective on the relationship
between customer reviews and customer satisfaction. Previous re-
search has shown that a customer’s product review should reflect
their satisfaction [22]. One might expect that when it comes to pre-
dicting returns, only negative reviews would be helpful. We found,
somewhat surprisingly, that customers sometimes leave positive re-
views for products they return (about 25% of customers who return
a product). Furthermore our results show that only using negative
reviews to predict return reasons actually decreases performance
when compared to using all reviews. In some cases the review rating
may reflect the customer’s satisfaction with the products, however,
customers may become dissatisfied with a purchase for reasons
not related to the actual product, which are not captured in the
review text. Therefore important information would be lost by only
using negative reviews or review ratings to infer the return reason
codes. Many reviews (often 3-star reviews) mention both positive
and negative attributes of a product, which is valuable information
in predicting return reason codes.

We showed product aspects extracted from review text provide
explanations for the categorical reason codes. Human annotations
showed that the extracted aspects provided explanations in over
80% of examples. Comparing a statistical keyphrase aspect extrac-
tion and LLM-based aspect extraction resulted in similar perfor-
mance on aspect extraction, with the LLM-based model performing
marginally better in explaining the reason codes. There are differ-
ent advantages between the statistical keyphrase approach and the
LLM-based approach for aspect extraction. Few-shot learning can
be used with the large language model, requiring much less anno-
tated data for training. On the other hand they are vulnerable to
malicious injection attacks[17], the extracted aspects may contain
inappropriate or unprofessional language, or the LLM might hallu-
cinate. This is not a problem for statistical keyphrase extraction, as
the extracted keyphrases are classified into a pre-defined taxonomy
of aspects, eliminating the possibility of inappropriate language.
These trade-offs should be considered when designing a system to
inform sellers or customers of reasons for product returns.

5.1 Limitations

Due to the sensitive nature of the data in this paper that joins
customer purchases, reviews and return information it cannot be
released as public data. We acknowledge this is a limitation of
the work. The main contribution of the paper is providing insight
into customer return behavior, and demonstrating that reviews
are helpful for predicting return reasons. As there is not an estab-
lished baseline, the work addresses an important problem, provides
insights into the underlying causes, and proposes a solution.
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On the other hand, our experiments also highlighted a challenge
of using reviews for the inference. In cases where there is a disagree-
ment between the customer indicated return reason, and the review
text, or where the review text does not contain useful information
about the customer experience, the reviews are not helpful. From
the error analysis, we observed that this happened when customers
do not select an accurate reason code (and hence do not agree with
the issues described in the review text) or when customers return
products for reasons not described in the review (e.g., reviewing
a product for its positive attributes, but returning it for other rea-
sons). In these situations, using reviews alone is not sufficient to
determine the customer’s (dis)satisfaction. Future work is needed to
investigate how to leverage other signals in these situations (such
as analyzing the customer’s purchase and return patterns).

Most often customers return products without writing reviews.
We showed that the reviews of other customers, those who didn’t
return the product, including those who wrote positive reviews, is
still helpful in predicting return reasons. In many online purchasing
systems, customers are required to provide a brief description of
the reasons at the point of return. We propose that our results also
apply to the text written by the customers.

There are also other confounding factors that we could not cap-
ture in this experiment. The demographics of the customers (such
as income) could influence one’s decision to return a product. Due
to privacy concerns, we did not control for any demographic varia-
tions between individuals in the experiment.

5.2 Broader Perspectives

The main data used in this work, customer reviews, are publicly
accessible data. While records of customers returning products are
not public information, we did not collect or use any personally
identifiable information in the paper. This work demonstrated the
potential for customer reviews to help merchants, sellers and e-
commerce retailers identify the source of customer dissatisfaction.
Ideally, this will help improve the customer experience, and reduce
future returns, ultimately reducing the environmental impact of
product returns.

6 CONCLUSION

In this paper, we showed that we can reliably predict return reason
codes, and using review data significantly improves return reason
prediction performance over a baseline model that does not include
review text. We showed that using review text is not only help-
ful for predicting individual returns, but in aggregate review text
improves the prediction of the distribution of return reason codes
for a given product. Finally, we showed that we could extract fine-
grained reasons from reviews that provide additional information
not captured by reason codes.

The contributions of our work include using reviews to predict
return reason codes given that a return has taken place, and identify-
ing more detailed reasons why a product was returned. Combining
our prediction models with a model that predicts whether a product
is returned in the first place could prevent unnecessary returns.
Detailed information about the sources of customer dissatisfaction
could allow a better triage of product returns, and could be used to
identify problems when they are indicated by early reviews, before
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the product is returned and ends up in a landfill. Finally, under-
standing product aspects and sources of dissatisfaction, combined
with a rich personalization system, could help prevent customers
from purchasing otherwise good products that don’t meet their
specific needs.
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