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Abstract—Product returns are not only costly for e-tailers,
but the unnecessary transports also impact the environment.
Consequently, online retailers have started to formulate policies
to reduce the number of returns. Determining when and how
to act is, however, a delicate matter, since a too harsh approach
may lead to not only the order being cancelled, but also the
customer leaving the business. Being able to accurately predict
which orders that will lead to a return would be a strong tool,
guiding which actions to be taken. This paper addresses the
problem of data-driven product return prediction, by
conducting a case study using a large real-world data set. The
main results are that well-calibrated probabilistic predictors
are essential for providing predictions with high precision and
reasonable recall. This implies that utilizing calibrated models
to predict some instances, while rejecting to predict others can
be recommended. In practice, this would make it possible for a
decision-maker to only act upon a subset of all predicted
returns, where the risk of a return is very high.

Index Terms—Product Return, Decision Support, Probabilistic
Predictions, Calibration, Predict with Rejection.

I. INTRODUCTION

Many retailers are adopting an easy and hassle-free
product returns policy and service to positively impact
purchases [1] and to improve customer engagement and
satisfaction [2]. However, the cost of managing returned
online orders has increased significantly and has become a
key challenge for online retailers [3]. For example, in 2022,
the total worth of returns in the United States was $816
billion [4], nearly matching the U.S. public school budget [5]
and almost double the 2020 return expenses [6]. This caused
substantial financial losses that affected the economic
sustainability of the industry and impacted the environment
through harmful emissions [7]–[9]. As a consequence,
companies have started applying strategies to reduce product
returns and introduced more restrictive policies. For example,
de-marketing [10] is a strategy where companies discourage
customers temporarily or permanently from demanding to
minimize returns. Besides, retailers may reject the
transaction as a restrictive policy in some extreme cases [11].

This research is a part of the industrial graduate research school in digital
retailing (INSiDR) at the University of Borås, funded by The Swedish
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Generally speaking, in order to successfully apply business
strategies and to developing applicable policies, companies
need reliable information for planning and decision-making
[1]. Therefore, companies have started to employ intelligent
systems that can analyze data from e-commerce to produce
such information to solve various industrial problems,
enriching productivity and enhancing the overall business
outcome [11]. Providing data-driven decision support
regarding the problem of product returns became viable
when companies started to analyze sales data and their
customers’ shopping behaviors to evaluate the likelihood of
returns using machine learning and statistics [11]–[13].

However, there are not enough studies and resources on
how to predict product returns to define general patterns for
decision support of this complex matter [13]. There are
suggestions to focus on extreme cases with a high likelihood
of returns [11], which is effective since predictions are made
to obtain only a subset of the increased risk of return.
However, this implies that prediction accuracy that evaluates
the overall predictions for all classes should be replaced by
precision to assess such a specific group of high risk of a
return. Thus, aiming for increased precision with a
reasonable recall within those top predictions is beneficial so
retailers can confidently take action. This confidence can be
achieved by employing Probabilistic Predictions, where the
model produces probabilities over class labels [14]. However,
not all machine learning algorithms can provide probabilities
that reflect reality, so the probabilistic predictors must be
well-calibrated to provide valuable information [15]. Some
algorithms, such as Logistic Regression, are supposed to be
well-calibrated off the shelf, while others need external
calibration, like Platt Scaling [16].

This paper presents a case study applying a data-driven
approach to predict product returns to support
decision-making. In particular, probabilistic predictors and
how they can support decisions on whether to take actions or
not on predicted returns are investigated.



II. BACKGROUND

A. Product Returns

A considerable problem in digital retailing is the amount
of product returns, that is, when customers, after purchase,
send items back to the seller, which has costly effects on the
supply chain and negatively impacts the environment [9]. The
problem is spread worldwide due to the easy return policies
[1] accompanied by the product price, demand, and quality
[13]. In order to gain insights into the problem and to support
decision-makers in formulating new policies and strategies to
reduce the number of product returns and obtain customer
satisfaction, data analytics and predicting returns have become
fundamental pillars [11].

The initial research concerning the problem of product
returns focused mainly on optimizing product return policies
[17] and forecasting return volume afterward [18], which
provided some solutions to the problem from managerial and
industrial perspectives. However, the number of returns was
increasingly growing, and predicting returns volumes was
not compelling enough since it primarily used time-series
data to predict the timing and quantity of returns within a
given system based on past sales and returns information for
manufacturing [19]–[21]. Furthermore, the early solutions
did neither apply to online transactions nor provide decision
support to retailers, especially for single returns from
specific orders. Therefore, predictive modeling, typically
using machine learning techniques with online transaction
data, has become essential for classifying product or
order-level returns to support decision-making [12].

The task is specifically to utilize historical data to classify
orders directly as either returns or not. However, when no
historical data is available, i.e., when a customer makes the
first order, predicting likely returns can be challenging,
unlike predicting returns from customers who have made
more than one purchase. Those are different problems
because, with access to historical data, it is possible to
analyze more attributes to identify potential factors that
could influence the customer’s behaviors. The problem of
predicting returns is, therefore, complex, and it is still hard
to obtain high accuracy. Some studies suggest targeting
extreme cases, i.e., groups of orders with a high likelihood
of returns, rather than predicting all returns from the entire
data [11]. In other words, to analyze all predictions and to
identify the orders with products that have a high risk of
being returned implies that prediction accuracy has no more
effective since it measures prediction performance on the
entire data set, including both returns and no-returns.
Precision plays, in such cases, a crucial role in evaluating the
extent to which predictions are accurate within the specific
group of orders.

B. Probabilistic Prediction and Calibration

In probabilistic prediction, many classifiers, in addition to
predicting the class label of the target variable, also produce
probability distributions of the different classes available to

express the predictive models’ level of uncertainty [14], [22].
However, because of the nature of the data, the problem
tackled, and the modeling algorithm, probability estimates do
not always match the ground truth [15]. For example,
predictions are underconfident in models built with
ensemble-based algorithms, e.g., random forest (RF), while
models built with the decision tree (DT) are overconfident
[23]. Models must therefore be well-calibrated. Thus, a
classifier should produce probabilities that accurately reflect
the true probability of the target class, i.e., the event must
occur in reality equally as the chance of occurring.
Mathematically, p(p(cj |pcj ) = pcj , where pcj is the
probability estimate for class j [24].

Calibration is a mapping from model scores to
probabilities. A primary model (predictor) trains on training
data and produces probability estimates of two disjoint sets,
i.e., the test data and calibration data. A secondary model
(calibrator) is then trained on a 2-D data set, i.e., the
calibration set’s probabilities produced by the primary model
associated with its actual class labels. The secondary model
then takes the test set probabilities produced by the primary
model as inputs and predicts (calibrates) those probabilities
[24].

With Platt scaling [25], the calibration method assumes a
logistic relationship between the labels and the probabilities.
Thus, a logistic regression model fits a model with a sigmoid
function, the calibration probabilities, and the actual labels
to adjust the predicted probabilities and align with the actual
frequencies of the positive class [22].

C. Related Work

Regarding product returns prediction, few previous studies
suggest methods or algorithms focused on predicting returns
from online transactions to support decision-making [13].
However, there are some.

Li et al. [26] and Zhu et al. [27] proposed hyper-graph
representations that can effectively model the rich
information in the historical purchase and return records.
They presented two different local graph-cutting algorithms
based on random-walk to identify similar historical baskets
shopped by other customers to produce predictions. However,
these studies did not incorporate explicit product attributes or
customer information, which could lead to policies targeting
the wrong customers or making inappropriate decisions.

Another study by Joshi et al. [28] produced a product
return predictive model by combining network theory and
machine learning concepts. Given data about a customer, a
brand, and the size of the product, the model can make a
return prediction based on past purchase and return data. The
proposed model tolerates a few false alarms (falsely
predicted returns) since the high recall. However, the
algorithm would suffer from the cold-start problem when no
historical data is available for customers or products [28].

In our previous study [29], a proof-of-concept was
performed using a random forest model to predict product
returns and identify critical attributes correlated with returns.



The proposed model had acceptable accuracy but, most
notably, high precision and good recall for the top 1% to 5%
return predictions. It means that the model is sufficiently
helpful by retaining a shallow false-positive rate coupled
with a reasonable detection rate that could potentially be
used to confidently target a group of customers likely to
make returns and support for forming better policies or
making better decisions.

All solutions above have a machine-learning perspective,
applying various techniques to predict product returns with
the purpose of minimizing returns through new strategies,
policies, or making better decisions. However, the studies
differ regarding the running approach, conditions, data sets,
and setups, making them hard to replicate and compare.

III. METHOD

A. The Data

The data set is from a well-known Swedish online retailer
specializing in fashion. It is relatively information-rich, such as
which products customers included in their orders and exactly
which products were returned. The data set also has detailed
information about all previous purchases and returns made by
the customer.

In the current study, the data was first pre-processed and
engineered with new features concerning customer
purchasing history, then segmented into two types of
customers to be able to analyze separate product return
problems. The first segment, New Customers, includes those
with no previous orders, thus, there is no purchase or return
history. The Multi-purchase Customers is the second
segment, consisting of those with at least one previous order,
i.e., historical attributes are present. In Table I, the data is
summarized, including a brief description, data types, and a
(∗) mark for features in the New Customers segment.

The data include features relevant to orders, customers,
and products. Firstly, the order attributes are, for instance,
the Number of products in the order, Number of items in the
order, which concern the products and the different items of
each product, respectively. The Order value in Swedish
krona. The Order day: WD, FR, SA, and SU stand for the
day the order was placed, that is, weekday, i.e., Monday to
Thursday, Friday, Saturday, and Sunday. The Order time: D,
E, and N denote the time category, i.e., daytime 07-18,
evening 19-23, and night 00-06. The Delivery way: Dw1,
Dw2, ... Dw5 are five different categories of the way of
delivery. Secondly, regarding product attributes, for each
order, the previous sales and returns of every item in the
order were used to calculate the return rate for the items.
Therefore, three attributes were generated from this: the
Mmaximum return rate is the highest individual return rate,
the Mean return rate is the average return rate of the items,
and the Modified mean return rate was calculated in the
same way as the mean return rate but using Laplace
estimates instead of relative frequencies for the return rates
of the items. Thirdly, the customer attributes are, for

example, the gender, age intervals, country, total previous
returns value, and average order items.

The data set has two data types: numerical, such as the
number of previous returns, the value of previous returns,
and the number of items in the order. It also includes binary
indicators, such as if an order contains the same products in
different sizes or colors. The second data type comprises
nominal values, e.g., the customer’s gender, the order’s day,
and the order’s way of delivery. Nominal values are encoded
in the pre-processing stage, and some numerical attributes,
such as age, are aggregated into categorical binary columns.

The two segments have orders of 2042 unique product
items placed by 22483 customers between November 2013
and February 2020. The New Customer’s data size is 20262
instances and 38 features, and a target variable indicates the
Return class label, which occupies 30% of the data. The size
of Multi-purchase Customers’ data is 15738 instances and 56
features, and the target variable where the Return class
occupies 37% of the data.

B. Modeling and Calibration Techniques

This study applied two methods widely used in data
mining and applications to predict the likely returns: the
Logistic Regression (LR) and the Gradient Boosting (GB)
models and the calibration technique, Platt Scaling.

Logistic Regression is a generalized linear model that fits a
logistic function to its outputs to model the probability of the
dependent variable (usually binary) based on the values of the
independent variables [30]. It estimates the coefficients of the
predictor variables that represent the strength and direction of
the relationship between each variable and the outcome. LR
models produce well-calibrated probability estimates off-the-
shelf [31].

While Gradient boosting is an algorithm that combines a
series of simple models, typically decision trees, to create a
stronger model and make more accurate predictions [32]. It
iteratively fits a new model to the previous model’s residuals.
The model then predicts the residual of the current model
and adds it to the previous model’s prediction to improve the
overall prediction. It repeats the process until convergence,
i.e., attempting to reduce the remaining error using gradient
descent optimization to minimize the loss function, which
measures the difference between predictions of the target
variable and its actual values. It used 300 estimators for the
GB model and the default parameter setting for the LR.

C. Testing Protocol

Each of the New Customers’ and Multi-purchase
Customers’ data segments were partitioned into a train, a
calibration, and a test set while maintaining the sequence of
the data, i.e., first orders are the oldest, and the last orders
are the newest, as follows: two principal sets, Training, 75%,
that is further partitioned into 80% True Training for model
building and 20% Calibration for model calibration, and the
remaining part, 25%, is a Hold-out for final testing.



TABLE I: The New Customers set includes only starred features. The Multi-purchase Customers set includes all features.

ID Description ∗ Type

Order Attributes
34 Number of items in the order ∗ Int.
35 Number of products in the order ∗ Int.
36 Price of most expensive items ∗ Float
37 Different-size same items ∗ {0,1}
38 Different-color same items ∗ {0,1}
39 Order value in SEK ∗ Float
40 Order discount in SEK ∗ Float
41 Order Freight cost ∗ Float
42-45 Order day: WD, FR, SA, SU ∗ {0,1}
46-48 Order time: D, E, N ∗ {0,1}
49-53 Delivery way: Dw1, Dw2, ..., Dw5 ∗ {0,1}

Product-level Attributes
54 Items’ maximum return rate ∗ Float
55 Items’ average return rate ∗ Float
56 Items’ modified mean return rate ∗ Float

Target Attribute
57 At least one item in the order returned ∗ {0,1}

ID Description ∗ Type

Customer Attributes
1 -3 Gender: M, F, Unknown ∗ {0,1}
4 -10 Age: 0-17, 18-25, 26-33, 34-40, 41-48, 49-56, 57+ ∗ {0,1}
11-15 Country: SE, FI, NO, DK, UK ∗ {0,1}
16 Number of previous orders Int.
17 Total value of previous orders Float
18 Number of previous returns Int.
19 Total value of previous returns Float
20 Biggest value of previous returns Float
21 Customer’s return rate Float
22 Days since the first order Int.
23 Days since the latest order Int.
24 Days since the first return Int.
25 Days since the latest return Int.
26 Average value of previous orders Float
27 Average number of products of previous orders Float
28 Average number of items of previous orders Float
29 Average expensive product price of previous returns Float
30 Average previous discounts Float
31 Average previous returns value Float
32 Average quantity ratio of previous returns Float
33 Frequency of return reasons Float

To evaluate the predictive performance, the confusion
matrix, together with the accuracy, precision, recall, and the
area under the ROC curve, are used. Furthermore, the
expected calibration error was used to measure how well the
predicted probabilities of the test data are calibrated with the
true frequencies of class labels [33].

D. Experimental Setups

Since this study aims to support decision-making
regarding the product returns problem by providing accurate
and confident predictions, building a well-calibrated
predictive model on the given data sets is essential.
Therefore, probabilistic predictors with the LR and GB
techniques were used to obtain probabilities and evaluate
their alignment with the actual frequencies of returns,
leading to developing a well-calibrated model that provides
confident predictions where the retailer can target upon, i.e.,
making better and informed decisions.

Two experiments were conducted, one “standard
classification” and one “classification with a reject option”.
In the standard classification experiment, since LR provides
well-calibrated probabilities off the shelf, a model was built
using the whole data but the test set to predict the test orders
in each customer segment. At the same time, only the GB
model uses a calibration set. Thus, a GB model was built
with the true training set of each segment and used the
calibration set with Platt Scaling to calibrate the probability
estimates of the test set orders. Predictive performance and
probabilities estimates were then evaluated with the various
evaluation metrics.

In the second experiment, i.e., classification with a reject
option, probabilities resulting in the first experiment were
analyzed by investigating if the average top probabilities of
the return class orders met the precision scores on various

confidence levels. Thus, to provide actionable product return
predictions, true and false positives were evaluated, where
the predictive model should be at its most confident state. In
other words, when the average probability estimates of
specific returns is high, and at the same time the model is
well-calibrated, particular return predictions are analyzed
where the average probability estimates meet certain
confidence levels, i.e., 99% 95%, 90%, until 70%. Thus, the
confidence levels must reflect the empirical
accuracy/precision. Such analysis must be helpful to predict
returns of extreme cases, namely when purchases are made
with very high probability and confident return intentions
where retailing companies can take immediate action. This
implies that the precision of predictions within a high
probability range is considerably more important than the
recall [11] and can be used as a confidence of such
predictions.

IV. RESULTS

A. Calibration

Fig. 1 and 2 show the LR and GB models’ reliability
diagrams and their expected calibration errors on the new
customers’ segment. Since LR naturally produces
well-calibrated probabilities off the shelf, unsurprisingly, Fig.
1 shows that it has a curve that mostly lies on the diagonal,
demonstrating well-calibrated probabilities with a very small
ECE of 0.014. The GB model in Fig. 2 seems to be
well-calibrated to some extent, with an ECE of 0.026.
However, the ECE did not improve after calibration but was
still too close to the state before calibration, with an ECE of
0.030.

Fig. 3 and 4 show the calibration results in the
multi-purchase customers’ segment. The LR seems weekly
calibrated for the higher levels of probabilities with an ECE



Fig. 1: A Logistic Regression model’s reliability diagram
trained on the New Customer’s segment.

Fig. 2: A Gradient Boosting model’s reliability diagram
trained and calibrated on the New Customer’s segment.

Fig. 3: A Logistic Regression model’s reliability diagram
trained on the Multi-purchase Customer’s segment.

Fig. 4: A Gradient Boosting model’s reliability diagram
trained and calibrated on the Multi-purchase Customer’s
segment.

of 0.023. While the reliability diagrams of the GB model
before and after calibration revealed that with Platt Scaling,
the calibration improved the model slightly, and the expected
calibration error lowered from 3% to 2%. As seen in Fig. 4,
the green reliability diagram is broadly lying on the diagonal
line, meaning that average probabilities in each interval
correspond to the fraction of returned orders to a great
extent.

B. Prediction Performance

A detailed evaluation of the predictive performance of the
models is demonstrated in Table II and Table III, i.e., the area
under the ROC curve (AUC), confusion matrix’s TP, FP, TN,
FN, and the related accuracy (ACC), precision (PRE), and
recall (REC) in the different customer segments.

Table II displays that all models demonstrate good and
similar performance in the new customers’ segment. Still,
the confusion matrix shows that the calibrated GB has the
best scores with the highest number of true positives, a fairly
good accuracy of 74%, a reasonable recall of 30%, and the
lowest number of false positives with a relatively good
sensitivity of 71%, which is promising in predicting positive
alarms in this segment of customers who just made their first
purchase.

Table III, on the other hand, reveals that the performance
of the uncalibrated GB is the best among other models in this
segment of multi-purchase customers, with a 37% return rate
compared with 30% of the new customers segment.

C. Classification with a Reject Option

Table IV and Table V present the calibrated GB model’s
different subsets of predictions on new and multi-purchase
customer segments testing data, respectively. As can be seen,
Table IV demonstrates the well-calibrated state of the GB
model on the new customers’ data, where the mean
probabilities match the empirical precision scores to a great
extent, except for the 99% confidence level. This can be
explained by the minimal number of true positive predictions
on that level with just one false. In this segment, the model
can confidently predict, e.g., 16% of actual returns with 90%
confidence, which in the end, is a business matter in which a
retailer decides the level to which he/she will act on.

Comparing this result with the multi-purchase customer’s
segment predictions analysis, Table V displays a high match
between the mean probabilities and precision scores in all
levels. This provides a reliable foundation for retailers to act
upon highly confident predictions while disregarding others.
For instance, out of the actual returns, 21% are predicted
with 88% confidence. When aiming for a higher recall rate,
it often means accepting a lower confidence level in the
predictions. However, having access to a well-calibrated
probabilistic predictor enables decision-makers to directly
evaluate the trade-off between precision and recall. This
assessment empowers the implementation of strategies where
the decision-maker focuses exclusively on the returns that
are predicted with the highest levels of confidence.



TABLE II: Model performance on the New Customers set.

Mdl ACC AUC PRE REC TP TN FP FN
LR 0.737 0.707 0.712 0.285 458 3276 1147 185
GB 0.738 0.719 0.719 0.284 456 3283 1149 178
GBcal 0.739 0.710 0.711 0.298 479 3266 1126 195

TABLE III: Model performance on the Multi-purchase
Customers set.

Mdl ACC AUC PRE REC TP TN FP FN
LR 0.705 0.725 0.673 0.434 649 2124 847 315
GB 0.725 0.774 0.691 0.499 746 2106 750 333
GBcal 0.718 0.768 0.691 0.468 700 2126 796 313

TABLE IV: Calibrated GB model predictions on the New
Customers set with a rejection option.

Mean Prob. TP FP PRE REC
0.99 16 1 0.94 0.01
0.95 187 10 0.95 0.12
0.90 259 28 0.90 0.16
0.85 314 57 0.85 0.20
0.80 372 96 0.79 0.23
0.75 434 151 0.74 0.27
0.70 479 195 0.71 0.30

TABLE V: Calibrated GB model predictions on the Multi-
purchase Customers set with a rejection option.

Mean Prob. TP FP PRE REC
0.99 9 0 1.00 0.01
0.95 201 11 0.95 0.13
0.90 315 41 0.88 0.21
0.85 408 84 0.83 0.27
0.80 506 138 0.79 0.34
0.75 613 211 0.74 0.41
0.70 700 313 0.69 0.47

Hence, it would be very hard to use a model to predict
returns since the precision will be too low to act on all
predictions. By using well-calibrated probabilistic predictors,
the trade-off between precision and recall to select a sweet
spot can be assessed. Using such a model with a reject
option is therefore recommended.

D. Feature Analysis

As shown in Fig. 5, together with the names of the
features and their importance shown in Tables VI and VII, a
few features seem important even though it can easily infer
different indicators based on the business case.

However, An important finding is that order with the same
items in different sizes is the main critical indicator for
likely returns in both segments, which a retailer can
confidently act upon. Other indicators differ between the data
sets. For example, the historical feature, namely, the
Customer return rate, is a leading indicator in the
multi-purchase customers set. Additionally, the product-level
features, e.g., the mean and max product return rate, have
useful indicators in identifying the likely returns from the
product-level return history.

Fig. 5: The importance score of the top ten features numbered
in tables VI and VII.

TABLE VI: New Customer segment’s most importat features.

∗ Feature Imp. ∗ Feature Imp.
1 Order value 30 % 6 Mod. mean ret. rate 6 %
2 Different-size items 27 % 7 Items mean ret. rate 5 %
3 Most expensive item 7 % 8 Num. of products 1 %
4 Num. of items 7 % 9 Male customer 1 %
5 Items max ret. rate 7 % 10 Order discount 1 %

TABLE VII: Multi-purchase Customer segment’s most
important features.

∗ Feature Imp. ∗ Feature Imp.
1 Customer ret. rate 17 % 6 Total order value 4 %
2 Order value 15 % 7 Items max ret. rate 3 %
3 Different-size items 11 % 8 Most expensive item 3 %
4 Avg. ret. quantity rate 9 % 9 Days since latest ret. 3 %
5 Num. of items 7 % 10 Total returns value 3 %

V. CONCLUDING REMARKS

Most online retailers offer free product return services to
increase sales and consumer satisfaction, even though the costs
of product returns are growing. Due to this, excessive returns
can negatively impact the economy, including increased costs
for retailers and consumers, waste, and disruption to the supply
chain. Along with these impacts, the problem expands to affect
the purity of the environment.

This paper presents a case study that addressed the problem
of product returns and investigated product return prediction
through analysis of actual returns data sets from a machine-
learning perspective with the purpose of supporting decision-
making. The study confirms that an item with different sizes
and the presence of products with a high return rate in an
order are vital indicators of returns. Furthermore, the customer
return rate is another strong indicator for those with a multi-
purchase history. From a technical perspective, the study found
that probabilistic predictors are essential tools for data-driven
decision-making. Thus, probabilities can be used as confidence
on top of predictions but must be well-calibrated. The result
showed that the use of calibrated models to predict a small
group of instances with high and confident probabilities and
reject predicting others is the most viable option.

The decision situation could be further formalized for
future work using utilities, i.e., costs and benefits of wrong
and correct predictions and outcomes, to allow for automated
decision-making.
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