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ABSTRACT

VALUE OF INCORPORATING CUSTOMER PURCHASE
BEHAVIOR IN PREDICTING ONLINE RESULTS: AN
INTEGRATED ANOMALY DETECTION APPROACH

AND COUPON DISTRIBUTION

Kaya, Rana
M.S., Department of Management

Advisor: Assoc. Prof. Fehmi Tanrisever

May 2025

This study explores the influence of customer behavior on product return rates by
applying anomaly detection techniques to customer-level transaction data. Using
data from a European e-commerce company, various algorithms are used to
identify anomalous transactions, which are then incorporated into a logistic
regression model to assess their predictive value for returns, with performance
measured by AUC. The best-performing model is used in a second phase to guide
coupon distribution strategies, estimating return probabilities under both coupon
and non-coupon conditions. These estimates inform heuristics policies within a
dynamic programming framework to optimize coupon allocation and evaluate

revenue outcomes.

Keywords: Product Returns, Anomaly Detection, Customer Behavior, Coupon
Distribution, Predictive Modeling



OZET

CEVRIMICI IADELERIN TAHMININDE MUSTERI
SATIN ALMA DAVRANISLARININ DEGERININ
ENTEGRE BIR ANOMALI TESPIiT YAKLASIMI VE
KUPON DAGITIMI ILE INCELENMES]

Kaya, Rana
Yiiksek Lisans, Isletme

Tez Danismani: Dog. Dr. Fehmi Tanrisever

Mayis 2025

Bu calisma, miisteri davramislarinin {iriin iade oranlar1 tizerindeki etkisini,
miisteri diizeyindeki islem verilerine uygulanan anomali tespiti teknikleri
araciligiyla incelemektedir. Bir Avrupa e-ticaret sirketinden elde edilen veriler
kullanilarak ¢esitli algoritmalarla islemler belirlenmis, ve bu anomaliler, iade
davranisini tahmin etmek amaciyla AUC ile degerlendirilen bir lojistik regresyon
modeline entegre edilmistir. En iyi performans gosteren model, ¢calismanin ikinci
asamasinda kupon dagitim stratejilerini yonlendirmek i¢in kullanilmistir. Bu
asamada, her islem i¢in kuponlu ve kuponsuz senaryolarda iade olasiliklar
tahmin edilmis, ve bu tahminler, kupon tahsisini optimize etmeye yoOnelik
dinamik programlama temelli sezgisel politikalara girdi saglamistir. Modelin

etkinligi, gelir sonuglari izerinden degerlendirilmistir.

Anahtar Kelimeler: Uriin Iadeleri, Anomali Tespiti, Miisteri Davranisi, Kupon
Dagitimi, Tahmine Dayali Modelleme
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CHAPTER 1

INTRODUCTION

The share of online shopping within overall retail consumption has increased signif-
icantly in recent years. Although in 2000, e-Commerce constituted only about 1% of
the total retail sales in the United States, this number has risen to 15% in 2023, marking
a notable transformation in customer purchasing behavior (Statista, 2024b) . Until the
COVID-19 outbreak, the online shopping rate increased slowly yearly, not even close to
1%. However, the pandemic caused a significant increase; from 2019 to 2020, the annual
growth rate was 4%. In global, the user penetration rate of e-commerce is expected to hit
42% in 2025 , which is estimated to hit 50% by 2029 (Statista, 2024a). According to the
Technology Acceptance Model, the reasons why the e-commerce rate is increasing other
than the COVID-19 effect are usefulness (S.-C. Liu & Liao, 2001), ease of use (Moon &
Kim, 2001), and enjoyment (Perea y Monsuwe” et al., 2004). Lots of other reasons could
be counted, i.e., product range and not wasting time in malls. Even though e-commerce
is still not preferred as much as brick-and-mortar stores, by looking at total retail sales
rates, 20 % of those sales are returned, a sharp contrast to the 9% return rate observed in
brick-and-mortar stores (Rakuten, 2025). In 2022 alone, retail returns in the United States
cost $817 billion,, with online retail responsible for about one-quarter of that total. Of

the $ 1.3 trillion in online sales recorded that year, roughly 16% were returned (Statista,
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2025). According to Robertson et al. (2020), two primary causes contribute to this high
return rate, which we could not see in the brick and mortar stores: (i) consumers may be
uncertain about product quality, fit, or size, and (ii) lenient return policies can inadvertently

encourage bulk purchasing and subsequent returns.

The operational and financial costs of those returns are substantial. In 2022, it costs
$33 for retailers to process a return (Narvar Team, 2023). Many items experience multiple
shipping cycles before finally being sold to their final user or discarded, which leads to
margin erosion. These challenges are especially experienced in the fashion sector, where
European online return rates exceed 35% (Statista, 2023). Beyond these monetary losses,
the environmental impact is also considerable. Online shopping produces 4.8 times more
waste. The reason is the excessive packaging waste and carbon emissions involved in trans-
porting multiple restocking and disposing of returned goods in multiple shipping cycles.
Therefore, e-commerce returns cause pressure on retailers due to the increasing impact of
sustainability on businesses and corporate social responsibility regulations (CSR). On the
other hand, since lenient return policies increase sales (Janakiraman et al., 2016) , increase
loyalty and have a positive correlation with perceived fairness, online retailers often shy
away from imposing restrictions on return policies such as reimbursing half of the price
or strict right of withdrawal periods. As a result, the lenient return policy had a "halo”
effect on the other factors (Wang et al., 2020). Consequently, the challenge is to find a
way to address the issue without decreasing the halo effect, and it is imperative to develop
sophisticated methods for predicting and managing returns without undermining customer
satisfaction. However, there is a significant gap in the literature about how a consumer’s
holistic shopping behaviour—beyond the attributes of a single transaction—drives return
decisions. The traditional return management literature focuses on return policies, supply
chain planning, and reverse logistics. Although these studies offer valuable operational
insights, they often neglect the behavioural dimension, specifically how an individual’s
past purchasing patterns and anomalies therein can forecast future returns. To bridge
this gap, we propose an integrated, two-stage approach that unites consumer behaviour
analytics with operational decision-making. Our primary goal is to develop a prediction
model that combines conventional logistic regression with anomaly detection techniques.
These methods, commonly employed for fraud detection in banking, enable us to iden-
tify atypical purchase behaviours—such as unusually high-value or inconsistent brand
preferences—that may correlate with a higher likelihood of returns. By integrating this
anomaly attribute into the prediction process, we capture abusive or uncharacteristic shop-

ping patterns that conventional models might overlook. Our empirical findings are based



on transaction-level data from one of Europe’s leading e-commerce firms. Through analyz-
ing the influence of anomaly detection, we use machine learning techniques- specifically,
Association Rule Mining, Local Outlier Factor (LOF), Cluster-Based Local Outlier Fac-
tor (CBLOF), Isolation Forest and Density-Based Spatial Clustering of Applications with
Noise (DBSCAN) for anomaly detection, K-Means for clustering to integrate Association
Rule Mining, and Logistic Regression for modelling. Secondly, we incorporate these
improved return predictions into a multi-stage stochastic dynamic program designed to
allocate coupons to shoppers in real time to decrease the customer’s return possibility. Be-
cause high-dimensional dynamic programming is computationally intractable, we propose
near-optimal heuristics. The remainder of the thesis is organized as follows: The literature
review is provided in Chapter 2. Chapter 3 describes the data we have, its structure and the
steps we follow for cleaning and preprocessing. Chapter 4 is dedicated to model selection
and coupon distribution. Lastly, in Chapter 5, the conclusion of the study and suggestions

for future work are presented.



CHAPTER 2

LITERATURE REVIEW

This study is grounded in operations management literature, particularly in the domains
of predictive modelling and optimization, as well as in marketing literature related to
e-commerce and product returns. Also, we mentioned cybersecurity literature since it ex-
tensively uses anomaly detection practices in the area. Our primary objective is to develop
a data-driven predictive model by logistic regression that shows customer behaviour using
anomaly detection as a first step. Therefore, this chapter includes a theoretical background
of logistic regression, LOF, CBLOF, Isolation Forest, Association Rule Mining and DB-
SCAN. As a second step, we integrate these improved return predictions into a multi-stage
dynamic program and apply heuristic methods that allocate coupons to customers in real-
time, aiming to reduce the likelihood of returns. Therefore, this chapter also provides DP’s

theoretical background and the heuristics we use.

2.1 Operations Management

In the context of operations management, consumer return management focuses commonly

on four areas: return policy design, planning and execution (P&E), consumer behavior and
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return management.

2.1.1 Return Policy Design

Return policies are categorized based on their leniency levels. Some retailers offer flexible
return policies, which allow full refunds anytime for any reason. In contrast, less lenient
policies apply restrictions, such as the deduction of refund or limitations on the allowable
time to return. Research on return policy design policies to analyze which return policy
could function better with given constraints or analyze the operational consequences of
current return policies and generate managerial strategies accordingly. X. Su (2009)studied
the impact of full and partial returns policies on supply chain performance and proposed
strategies to coordinate the supply chain in the presence of consumer returns. Shang et al.
(2017) used the data collected from eBay, where identical products were sold with different

return policies, to investigate whether consumers value full or partial returns policies.

2.1.2 Planning and Execution

The Planning and Execution (P&E) domain captures how returns affect forward supply
chain management and managerial actions. Literature consists of decision-making in the
supply chains, such as pricing, inventory, channel, assortment, and quality, as well as in
managerial actions, such as competition and coordination. Bernstein et al. (2019) conveyed
a study that clusters customers into segments in terms of their demographics, applied a
multiarmed bandit model and learned customer preferences of that cluster to create a better

assortment.

2.1.3 Return Management

While (P&E) focuses on decision-making in the forward supply chain, the return man-
agement (RM) domain considers the returns management in the reverse supply chain.
Therefore, RM is considered a sub-field of a closed-loop supply chain, responsible for the
disposition of returns, recycling, processing and acquisition. RM field has several types of
research related to return prediction. However, they investigated forecasting the returns at

the factory level. Toktay et al. (2004) and Tsiliyannis (2018) considered predicting returns



in manufacturing to find out how a company can adjust their remanufacturing line with the

returned products.

2.1.4 Customer Behavior

The Customer Behavior area focuses on consumer decision-making in sales and return
processes. Their studies generally test consumer behaviour empirically and classify them
in terms of their behaviours (Petersen & Kumar, 2009). Rohm & Swaminathan (2004)
studied on online shopping behaviours. They found out that there are four different
online purchasing behaviours. Those behaviour groups have different product selection
behaviours. Bechwati & Siegal (2005) studied customer decision processes with customer
choice and behaviour, which would affect post-purchase behaviour. Therefore, it is crucial

to understand customer behaviours and demographics to understand product return.

2.2 Prediction and Empirical Studies in Online Shopping

The operations management fields mentioned above emerged much earlier than prediction
and empirical studies in online shopping. Even though it emerged later, forecasting re-
turns is significant for operations management since it is an input for reverse supply chain
processes, production planning, and inventory management. Therefore, researchers try
to predict returns accurately.Zhou et al. (2016) predicted the quantity and probability of
recycled parts of returned products. Petersen & Kumar (2009) tested the several circum-
stances as a hypothesis. Based on Sherry (1983), that a gift has a social meaning rather
than economic value, they developed and tested a hypothesis suggesting that purchases
made as gifts are less likely to be returned. Cui et al. (2020) developed a prediction model
and estimated the return volume for an automotive accessories manufacturer. They used
several prediction variables such as year, month, product type, retailer type and sales vol-
ume. They used model selection models to find which model and variables have the best
prediction accuracy to predict return volume. Most of the literature in this area focuses on
fitting prediction models and ignores customer behaviour. Therefore, there is a gap in the

literature about combining customer behaviour insights with prediction models.



2.3 Logistic Regression

Logistic regression is a statistical method used to model the probability of a binary outcome
as a function of one or more independent variables. It estimates the likelihood of a given
input belonging to a particular category (typically coded as 0 or 1) by using the logistic
(sigmoid) function, which maps it into the (0,1) interval. The coefficients are estimated
using maximum likelihood estimation (MLE), and the model assumes that the outcome’s

log odds are linear combinations of the input variables.

Early developments in modelling binary outcomes began with Bliss (1934), who intro-
duced the probit model in the context of toxicology and bioassay studies. The probability
of survival of insects was derived from the inverse cumulative distribution function (CDF)
of the standard normal distribution, which is probit. Logistic function, on the other hand,
was invented in the 19th century to describe the population growth of young countries such
as the United States at that time (Cramer, 2002). Up to the 1930s, the logistic function
was not commonly used until Joshpe Berkson, who was a chief statistician at Mayo Clinic,
offered to use the logit function in the statistical methodology bio-assay. Until the 1960s,
the logistic function was used equally with the probit function, while researchers realized
that both probit and logistic function could be used in fields beyond bio-assay. The first
time logistic regression concept was mentioned in 1958 by Cox (1958). Cox mentioned
that events could take one of two outcomes: 1 or 0; therefore, each trial series would give
a sequence of binary outcomes. Hence, he claimed that the probability of occurrence of
those binary outcomes could be depended on one or more independent variables, which is

simply the definition of logistic regression.

Before building our model, we reviewed academic articles that discuss logistic regres-
sion as a concept. First, we reviewed articles that mentioned core concepts of logistic
regression. Peng et al. (2002) suggested that core logistic regression concepts are over-
all model evaluation, statistical tests of individual predictors and goodness-of-fit statistics.
There are tests that we could rely on to assess the overall model evaluation and the statistical
importance of variables. While comparing two models, the general model and the nested
one, the likelihood ratio test is used. It concludes whether the nested model or the general
model is better to explain dependent variables. This test is also used with the null-only
intercept - model to determine whether the added variables are logical. On the other hand,
the statistical significance of a coefficient [ is tested with Wald chi-square statistics. Often,

the tested hypothesis is whether a coefficient is statistically different than zero. If the null



hypothesis is not rejected, the coefficient of that variable is not statistically different from
zero, and it could be removed from the model. Goodness-of-fit statistics evaluate how well
the logistic regression model aligns with the observed outcomes. The goodness-of-fit test
for logistic regression is the Hosmer-Lemeshow (H-L) test. If the p-value for the test is not

statistically significant, it indicates that the model adequately fits the data.

In addition to conceptual studies, we reviewed articles that apply logistic regression
within operations management. These papers were examined with a specific focus on four
key aspects: first, the methods used to assess predictive power; second, the evaluation of
model fit; and third, the techniques employed to address unadjusted estimates. Kadiyala
et al. (2021) tried to classify customer responses to the gift card promotion e-mail while
they used six techniques, one of them being logistic regression. To compare the prediction
performance of six models, they used the Kappa metric, which accounts for the uneven
distribution of customer response variables. Hilafu et al. (2024) tested whether customized
items have a lower return rate or not. They explained that the returns with different variables
interacted with customization. Richardson et al. (2007) developed a logistic regression
model that estimates the click-through rates (CTRs) of new advertisements based on
the characteristics of the ads, the associated terms, and the advertisers. Author et al.
(2025) studied textual data from online patient reviews to predict indicators of physicians’
professional ethics with several models, one of them is logistic regression. Those ethical
indicators are validated as predictors of adverse physician outcomes, including drug-related
deaths, disciplinary actions, malpractice claims, and rent-seeking behaviours. They divided
the dataset into an 80% training set and a 20% test set and employed five-fold cross-
validation to optimize the hyperparameters of the machine learning models. To solve
the sanction rarity issue, they applied class weighting and utilize the Synthetic Minority
Over-sampling Technique (SMOTE). They used the area under the receiver operating
characteristic (ROC) curve (AUC), along with precision, recall, and F1 score, to assess

classification performance.

2.4 Anomaly Detection

In this research, we use anomaly detection techniques to model consumer behaviour.
According Barnett & Lewis (1984), anomalies refer to observations inconsistent with the
rest of the data. In anomaly detection, various methods are used, such as statistical tests,

machine learning algorithms, deep learning models, clustering techniques, and hybrid



approaches, which integrate multiple methodologies to improve detection performance.
According to Hodge & Austin (2004), anomaly detection methods could be categorized
into three main approaches. The first approach involves identifying anomalies within
datasets that lack prior labelling. In such cases, unsupervised learning methods are used,
operating under the assumption that anomalous instances are rare and statistically distinct
from data. Algorithms such as Isolation Forests, One-Class SVM, and clustering-based
techniques (e.g., DBSCAN, CBLOF) are commonly used, aiming to partition the data
in a way that highlights deviations without relying on pre-defined class labels. The
second approach is based on supervised learning, where the dataset is pre-labelled as
either normal or anomalous. This framework treats anomaly detection as a traditional
classification task, where algorithms such as logistic regression, decision trees, support
vector machines, and deep neural networks are trained to distinguish between normal
and anomalous examples. Supervised methods generally offer high detection accuracy
when sufficient labelled data is available, but it is the costly and time-consuming process
of obtaining high-quality labelled datasets, especially in fields where anomalies are rare
and labelling requires expert knowledge. The third approach is semi-supervised anomaly
detection, which combines elements of both supervised and unsupervised learning. In
this setting, models are typically trained on a dataset comprising predominantly normal

observations, and anomalies are detected as deviations from the learned model of normality.

The late 1990s and early 2000s are significant eras for anomaly detection research.
Before 1998, most studies relied only on known statistical models to catch outliers.Barnett
& Lewis (1984) provided over 100 discordancy tests to identify outliers in experimental
data. These tests were developed for various distributions, including normal, exponential,
Poisson, and binomial, and divided into four categories according to whether the population
parameters (such as mean and variance) are known or unknown, the expected number of
outliers, and the suspected location of the outliers (upper, lower, or both tails). Even though
there are many testing options, in the data mining context, most of the time, no standard
distribution could model the observed data. Fitting the observed distributions into standard
distributions and choosing one of the tests accordingly could take great effort. With this
motivation, Knorr & Ng (1997) suggested it is better to use a point p in dataset D considered
as an outlier if at least k points in the dataset are farther than a specified distance R from p.
They proposed a distance-based outlier model, emphasizing a non-parametric definition
of outliers, making it independent of any statistical distribution. Shortly after, Breunig
et al. (2000) introduced the Local Outlier Factor (LOF), which allowed for the detection

of local anomalies through density-based scoring rather than distance-based. Later on,He



et al. (2003) suggested that since those previous techniques define outliers with the full
dimensional distances and densities of the points from one another, a model that uses both
clustering and outlier detection could be better for computation cost and anomaly detection
power. They proposed Cluster-Based Local Outlier Detection (CBLOF). On the other
hand, the DBSCAN algorithm, although originally developed for clustering, contributed
significantly by identifying noise points now widely interpreted as anomalies (Ester et al.,
1996). Together, these contributions laid the theoretical and practical foundation for non-
parametric anomaly detection methodologies. We used those models to compare which

ones do better to understand customer anomalous transaction behaviours.

Anomaly detection techniques are mostly used in security-related fields. To understand
how researchers use anomaly detection techniques, we select cyber-intrusion detection,
credit card fraud detection and textual data anomaly detection fields are selected and
nine papers were reviewed. Generally used techniques are classification-based models,
which use neural networks, support vector machine (SVM) rule-based and clustering-
based techniques. Kumar & Sangwan (2012), Patcha & Park (2007) and M.-Y. Su et al.
(2011) are reviewed in cyber-intrusion detection; while, Aleskerov et al. (1997), Bolton
& Hand (2002) and Srivastava et al. (2008) were reviewed in credit card fraud detection.

Lastly, Allan et al. (1998) were reviewed in the textual data anomaly detection.

2.5 Clustering Techniques

We use clustering to cluster the products and customers and integrate them into the asso-
ciation rule mining model. Hence, literature on clustering has been reviewed as well. As
mentioned in Saxena et al. (2017), clustering techniques are used in many fields, such as
image segmentation, customer segmentation and anomaly detection. All the unsupervised
anomaly detection techniques are also in the area of clustering as well. Saxena et al.
(2017) mentioned the importance of classification in various data processing applications
and provided an overview of various clustering methods, including hierarchical clustering,
partitional clustering, k-means clustering, graph theoretic methods, mixture density-based
methods and grid-based clustering techniques. Also, Saxena et al. (2017) highlights
the importance of similarity measures in clustering objects by determining the groupings

among data points.

Related papers are reviewed in the operations management field to understand how to
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apply clustering algorithms. Kandula et al. (2024) studied to find optimal packaging box
sizes to decrease inefficiency in the transportation of e-commerce goods. In this problem,
they struggled with two extreme ways to design cartons for transportation. One extreme
is to create a separate box for each SKU, perfectly matching its size — which leads to
perfect space utilization but a huge number of different boxes. The other extreme is to
design one large box that can fit all SKUs — which minimizes the number of box types but
results in poor space efficiency. Grouping SKUs based on their sizes so that they are close
together in three-dimensional space is an NP-hard problem. To solve it efficiently, they
used a greedy heuristic from unsupervised learning — the k-means clustering algorithm

as an initial solution.

2.6 Coupon Distribution

Coupon distribution in our study aims to decrease return probability by offering coupons
to customers. Therefore, we will increase revenue and decrease environmental waste.
Coupon distribution is one of the most fundamental tools in marketing and customer
retention strategies. Their importance is derived from their ability to encourage purchases,
increase customer retention and profit accordingly. However, the strategy behind coupon
distribution is the most vital part of the process since poorly optimized couponing can lead
to revenue loss and customer habituation (Blattberg & Neslin, 1990). As a result, the focus
of modern research has shifted toward targeted, data-driven, and dynamically optimized

coupon strategies.

The economic reasons behind couponing emerged from price discrimination and con-
sumer behaviour theories. Narasimhan (1984) argued that coupons allow firms to price
discriminate among heterogeneous consumers, which allows them to attract price-sensitive
segments while not discounting the prices for inelastic buyers. Kahneman & Tversky (1979)
introduced the term prospect theory. It has two key concepts to help explain why consumers
may overvalue gains from coupons compared to equivalent price discounts. Regarding ref-
erence dependence and framing concepts, customers tend to evaluate outcomes relative
to a reference point. The discounted price is the reference point when a customer sees
the product, while if the customer has a coupon and there is no discount for the product,
the reference point is the original price. Therefore, a coupon is seen as a gain, whereas a
discount is usually silently incorporated into the price. The loss aversion concept suggests

that losing 10 TL feels worse than gaining 10 TL feels good. Having a coupon may feel
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like avoiding a loss, especially when the consumer sees the original price and can reduce

it; it creates a better emotional reaction than seeing a lower price.

Coupon targeting based on customer characteristics is also vital in coupon distribu-
tion literature. Zhang & Wedel (2009) suggested three different levels of promotional
campaigns which are mass market, which uniformly distributes the same coupon to all
customers; segment-specific, which targets specific consumer segments based on shared
characteristics; and individual specific, which is highly personalized promotions tailored
to individual consumer based on their behaviours and preferences. These strategies were
implemented and analyzed both online and offline. They found that loyalty promotions are
more profitable in online stores while competitive promotions give better results offline.
Generally, individual-specific promotions offer only slight profit increases over segment-
specific or mass-market promotions, particularly in offline settings. However, in product
categories that are highly sensitive to promotions, individual-specific customization in

online stores can lead to meaningful profit improvements.

The coupon distribution problem could also be considered a sequential decision-making
task under uncertainty. For a sequential decision-making task under uncertainty, Dynamic
Programming (DP) is a well-established framework introduced by Bellman (1952). DP
provides a recursive approach to solving multistage optimization problems by breaking
them into smaller subproblems. In the context of coupon distribution, DP can dynamically
allocate limited promotional resources based on evolving customer behaviour and state
information. Our aim in coupon distribution is to figure out how to give coupons to
customers based on their return probability, which our predictive models calculate. Our
model resembles the class of dynamic stochastic knapsack problems (DSKPs), which
extend the classical knapsack problem to sequential and uncertain environments. DSKP
was introduced by Bellman (1952) and extended twice in 1998 and 2001. It utilizes
decision-making over time where the arrival of opportunities is stochastic, and resource

usage is optimized dynamically.
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CHAPTER 3

EMPIRICAL SETTING

The data obtained for this study is from an online retail company in Europe. We
aim to develop predictive models with anomaly detection techniques to model customer
behaviour. To that end, it is crucial to predict the returns better and determine the likelihood
of product returns. As a second step, we aim to increase revenue with coupon optimization
while decreasing the likelihood of product returns with coupons. This chapter describes

the dataset and the procedures followed for data cleaning and preprocessing.
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3.1 Data Description

The retailer provided eight transaction data files containing 4.180.006 unique transactions
in total. Table 3.1 describes transaction data variables. The most critical variables in
the dataset are user_id hashed which provides uniqueness of the customers,is_elite_user,
original price, ship cost, coupon discount and promotion discount. From those transac-
tions, 10.772.661 units of products were sold and have been occurred between May 2021
and July 2021. Since we try to detect return and return probabilities in our first step of
the study, the number of returns versus non-returns is significant to analyze. As shown
in Figure 3.1, 9.402.321 products were not returned by the customers, while 1.370.340
products were returned to the retailer, which concludes that the return ratio is 12.72%. For
the second step of the study, it is important to analyze the coupon distribution. Figure

3.2 demonstrates that only 6.7 % of the transactions were made with a coupon discount.
Retailers provide different payment options, such as a digital wallet feature within both
their mobile application and website, allowing customers to transfer money from their
credit cards to their wallets for use in future transactions. According to transaction data,
as seen in Figure 3.3, out of a total of 4,180,006 transactions, 1.824.079 were made with
the wallet. Also, retailers allow customers to save their credit cards in the system to make
transactions faster. According to transaction data, as is seen in Figure 3.4, 1.470.913 of

the transactions were carried out with saved cards.

The retailer also provides the user demographics data, which contains 706.439 unique
customers. Table 3.3 demonstrates variables of the user demographics dataset. From
those variables, gender and membership_date could be significant to understand customer
behaviour. As illustrated in Figure 3.5, 562.664 users are female, while 124.006 are male,
and the rest of the customers did not disclose their gender information. Furthermore, as
demonstrated in Figure 3.6, out of a total of 4,180,006 transactions, 3,571,479 were carried
out by female customers and 549,837 by male customers. The rest of the transactions were

done by customers who did not share their genders.

The dataset provided by the retailer contains detailed information about products, in-
cluding information for 1.457.567 products. Among the variables, gender _name and
brand_id are particularly significant, as they enable the analysis of whether customers tend
to purchase products aligned with their gender and whether the brand can be considered as
a reputable supplier. In Figure 3.7, it is observed that out of 1.457.567, 985.284 products

are female products, 399.834 are male products, and 69.997 of the products are unisex.
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The rest of them are Unknown in terms of gender. Furthermore, Figure 3.8 shows user
gender and product gender alignment. Out of 10.772.661 products bought, 7.923.997 of

the products are aligned with the user’s gender.

The data files described in this section were loaded into Python as data frames using the
Pandas library.

3.2 Data Cleaning And Preprocessing

This section outlines the data cleaning and feature engineering processes, including creating
new columns derived from existing features and removing uninformative rows and columns.
Some columns are found to be uninformative since the information given is not related to
our work or can be derived from other features. Some rows were excluded mainly due to
containing misleading data or missing values. After excluding those rows and columns,

we obtain our final dataset.

The variable attribute value, which represents product sizes, was first standardized
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Table 3.1: Transaction Dataset Variables

Variable Name

Definition

order_date
user_id_hashed

is_elite user

supplier_id_hashed
order_line_item id hashed
order_parent id hashed

product_content id

product_variant id

original_price

discounted_price

ship_cost
coupon_id

coupon _discount

promotion name

promotion_award _value

is_wallet trx

is_saved card trx

is_returned

The date and time that transaction occurred
Unique User ID

A customer could gain a elite user status after spending an amount specified
by the retailer. This variable demonstrates whether the user is elite user

Unique supplier ID
Unique item ID assigned for every sold item within the basket
Unique ID order, which is same for all the items within the transaction basket

Product ID which is independent of its size.
Products of the same color but in different sizes share the same product content id

Unique Product ID, each same colored product but in different
sizes has different unique product variant id

List price of the product

The price paid for the product after the promotion discount is applied.
Coupon discount is not included in this price

Shipping cost paid
ID of the coupon used for the transaction. If there is no coupon, this variable is NULL

The Turkish Lira (TL) equivalent of coupon discount. If there is no coupon applied
to this transaction, the variable is zero.

Name of the promotion applied if any

How much promotion discount applied.
It can be a percentage or a flat discount

Retailer allows its customer to use wallet within the app or website. This variable shows
whether the transaction occurred using wallet

Customers could save their card information to retailer’s web site or app. This variable shows
whether this transaction occurred with saved card.

Indicates whether the purchased product was returned by the customer.
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Table 3.2: Products Dataset Variables

Variable Name

Definition

product.id

product_content_id

product variant id

product name
brand_id
brand_name
gender_id
gender name
category.id
category name
colorid

color name
supplier_color name
attribute name

attribute_value

Unique Product id independent of its color and size

Product id for the product where different sizes of

the same colored products have the same product content id
Product id of the product where

Different sizes of the same colored products have different product.variant.id
Product name

Unique brand id

Brand name of the product

Gender ID of the product

Gender name of the product if any

Category ID of the product

Category name of the product

Color id of the product

Color of the product

Color given by the supplier

Name of the attribute, always equals to size in the dataset

Product size
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Table 3.3: User Demographics Dataset Variables

Variable Name Definition

user-id_hashed Unique user id

birth _date Birth date of the user if given

membership date Date that customer starts to be a member of the retailer’s app or website
gender User gender

during the data cleaning process. In the dataset, identical sizes have different representa-
tions. To ensure consistency across all transactions, a common representation is adopted.
For example, sizes labelled as ”3XL” are converted to "XXXL” to maintain uniformness.
Since there is a presence of a wide variety of sizes across numerous product types, and in
order to manage the dataset effectively and build a more stable model, only the standard
sizes—XXS, XS, S, M, L, XL, and XXL—are selected for analysis, excluding less com-
mon or inconsistent size entries. Similar to this purpose, only transactions made in specific
categories are selected since the size of the other products, such as jeans and trousers,
varies a lot and could be two-sized (weight and height). Hence, only product categories
T-Shirts, Shirts, Tank Tops, Blouses, Polo Shirts, Coats, Sweatshirts, Jackets, Sweaters,
Cardigans, Dresses, Modest Dresses, and Evening and graduation Dresses are selected. In
modelling, we use anomaly detection techniques at the user transaction level. To make a
better analysis and not disturb the anomaly detection algorithms, customers that have more
than 20 transactions in the mentioned categories are selected. It decreases the number of
customers to 17.481. To assess the effect of both genders in the model, transaction data
belonging to customers who did not disclose their gender was excluded from the data.

After all the elimination, the total number of rows in our final dataset is 766.364.

From transaction, products and user demographics data, Table 3.4 presents the variables
selected for our work and the rationale for their inclusion or justification of their exclusion.
The new variables, which are the product of feature engineering, are mentioned in Table
3.5 in a detailed way. Table 3.6 shows the selected variables from the data used in
the model. We also create interaction effects that could be important for the model.
Two-way interaction variables were created for all selected features to capture potential
interaction effects between them. Moreover, we add three-way interaction variables, as
seen in Table 3.7. Lastly, squared and cubed terms of continuous variables original_price,
membership_duration, numeric_size, coupon_discount ratio and promotion_discount ratio
are added. With all those variables, the final dataset is created. In the final dataset,

there are 24 variables, which are raw or feature-engineered, 276 variables are 2-way
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interactions, nine variables are three-way interactions, and four variables are coupon_id,

coupon id coupon ratio, promotion name, promotion name promotion ratio.

Since we build logistic regression model, it is necessary to convert categori-
cal variables into integers with one hot encoding. Specifically, gender name is
changed to is_female. category name is also encoded and generated 12 new variables
which are category name TShirt, category name Shirt, category name TankTop,
category _name_Blouse,  category_name_PoloShirt,  category_name_Coat,  cate-
gory_name_Sweatshirt,  category _name_Jacket,  category_name_Sweater,  cate-
gory_name_Cardigan, category_name_Dress, category_name_ModestDress and cate-

gory name EveningGraduationDress.

Since anomaly detection algorithms rely on identifying deviations of typical patterns,
it is significant to understand each customer’s past transactional behaviors to establish
a representative behavioral baseline. To that end, we split the final data into two: past
transactional data and new transactional data. Past transactional data is utilized to get
customer behaviors and fit anomaly detection models so that we can predict whether the
data coming from the new transactional data is anomalous or not. To create such dataset,
we assume that if a customer has 21 transactions to 35 transactions, the previous 20
transaction of the customer is assumed as past transactions. If the customer has more than
35 transactions, its previous 60 % of the transactions are assumed as past transactions

while rest of them is new transactions.

Before running logistic regression, correlations among raw and feature engineered predic-
tive variables are checked with correlation matrix. Figure 3.9 shows that variables do not

have any significant correlation between each other.
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Figure 3.9: Correlation Matrix of Variables
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Table 3.4: Comprehensive Dataset Variable Inclusion

Variable Name | Included | Reasoning

Transaction Dataset

order_date X Used to derive order_period, but original column excluded.

user_id_hashed v Present in both the transaction and user demographics datasets; serves as a key
for merging.

is_elite_user v Indicates customer loyalty status; useful for behavioral analysis.

supplier_id_hashed X Removed as the analysis does not target supplier behavior.

order_line_item_id_hashed X Transaction level identifier which is not used in our work.

order_parent_id_hashed X Groups items into baskets, but since the basket analysis out of scope, excluded

product_content_id X Groups product variants, but it is out of our scope

product_variant_id X Present in both the transaction and product datasets; serves as a key for merging.

original price v Demonstrate the listed price and is important customer behavior

discounted_price X Original price is used. It is excluded to avoid multicollinearity with discount
ratios and original price.

ship_cost X Included for coupon distribution part but not used as a model feature.

coupon-id X Excluded due to being textual

coupon_discount X Used to derive coupon_discount ratio.

promotion_name X Excluded due to being textual.

promotion_award_value X Used to calculate promotion discount ratio.

is_saved_card_trx v Captures customer behavior for payment.

is_wallet_trx v Captures customer behavior for wallet preference.

is_returned v Target variable; indicates if the product was returned.

Products Dataset

product_id X Redundant with product variant id.

product_content_id X Analysis of the content of the product is out of scope.

product_name X Textual

brand_id X Used to create variable named brand popularity

brand_name X Excluded in favor of brand id.

gender_id X Replaced by readable gender name.

gender_name X Used to create variable gender comparison which shows product-gender align-
ment.

category_id X Excluded due to redundancy with category name.

category_name v Useful for selecting specific categories. Also, given to the model with one-hot
encoded versions

color_id X Not informative for modeling.

color_name X Not informative for modeling.

supplier_color_name X Supplier-specific and textual; excluded.

attribute_name X All column filled with ’size’

attribute_value X Captures product size and is retained. It is manipulated to be in the same page.
It is used to generate numeric size variable which shows numeric version of the
sizes.

User Demographics Dataset

user_id_hashed v Required for joining with transaction data.

birth_date X Low number of customer has birth date. Therefore, could not see effects on the
model.

membership_date v Proxy for tenure, important to see loyalty.

gender v Used to generate gender alignment variable with products. Also, used to given to

the model with one-hot encoded version.
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Table 3.5: Feature Engineering Variables and Descriptions

Feature Engineering Variable

Description

coupon_discount _ratio

Ratio of coupon discount to original price. Derived from coupon discount
and original_price fields.

promotion_discount_ratio

Ratio of coupon discount to original price. Derived from coupon discount
and original_price fields.

membership _duration Time duration between the membership date and the transaction date. Proxy
for tenure and loyalty
is_-woman Binary indicator for female users. Used for gender-based segmentation.

numeric _size

Converted numeric version of product size. Helps standardize and model
size effects.

order_period

Represents time period of day derived from order date. 1 if the transaction
time is before 8 p.m

gender_match

Indicates whether the user’s gender aligns with the product’s target gender.
Binary Variable that 1 indicates it is aligned

brand_popularity

Indicates how popular a brand is based on historical transaction counts.

category name _TankTop

Indicates whether the product belongs to the *Tank Top’ category (one-hot
encoded).

category -name _Blouse Indicates whether the product belongs to the ’Blouse’ category (one-hot
encoded).

category name _Jacket Indicates whether the product belongs to the ’Jacket’ category (one-hot
encoded).

category name _Dress Indicates whether the product belongs to the ’Dress’ category (one-hot

encoded).

category -name _Shirt

Indicates whether the product belongs to the *Shirt’ category (one-hot en-
coded).

category name _Cardigan

Indicates whether the product belongs to the *Cardigan’ category (one-hot
encoded).

category name _Sweater

Indicates whether the product belongs to the *Sweater’ category (one-hot
encoded).

category name _Coat

Indicates whether the product belongs to the *Coat’ category (one-hot en-
coded).

category name _PoloShirts

Indicates whether the product belongs to the "Polo Neck T-shirt’ category
(one-hot encoded).

category -name _Sweatshirt

Indicates whether the product belongs to the *Sweatshirt’ category (one-hot
encoded).

category -name _TShirt

Indicates whether the product belongs to the *T-Shirt” category (one-hot
encoded).

category name _ModestDress

Indicates whether the product belongs to the "Modest Dress’ category (one-
hot encoded).
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Table 3.6: Selected Variables and Their Types

category_name_TShirt
category_name_ModestDress

Selected Variable Variable Type
original_price Raw
coupon_discount_ratio Feature Engineered
promotion_discount_ratio Feature Engineered
wallet_trx Raw
saved_card_trx Raw
membership_duration Feature Engineered
elite_user Raw
is_woman Feature Engineered
numeric_size Feature Engineered
order_period Feature Engineered
gender_match Feature Engineered
brand_popularity Feature Engineered
category_name_TankTop Feature Engineered
category_name_Blouse Feature Engineered
category_name_Jacket Feature Engineered
category_name_Dress Feature Engineered
category_name_Shirt Feature Engineered
category_name_Cardigan Feature Engineered
category_name_Sweater Feature Engineered
category_name_Coat Feature Engineered
category_name_PoloTshirt Feature Engineered
category_name_Sweatshirt Feature Engineered

Feature Engineered
Feature Engineered
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Table 3.7: Selected Three-Way Interaction Terms

Interaction Term

Reason

coupon-discount_ratio X original price X
membership_duration

Explores how price and discount effects vary with
tenure

coupon-discount_ratio X original price X
elite_user

Explores how price and discount effects vary by user
status

coupon_discount ratio X promo-
tion_discount ratio X membership-duration

How combined discount affects over tenure

coupon_discount ratio X
tion_discount ratio X elite user

promo-

Tests if elite users react differently to overlapping dis-
counts

original price X numeric size X order period

Evaluates price-size sensitivity in daytime

original price X numeric size X gender-match

Assesses price-size relevance with gender alignment

original price X promotion-discountratio X
membership_duration

Investigates how promotional pricing varies over
tenure

original price X promotion-discount-ratio X
elite_user

Measures effect of promotion on elite customers

saved-card-trx X coupon-discountratio X
elite_user

Captures how saved card behavior interacts with dis-
count usage and user type
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CHAPTER 4

ANOMALY DETECTION MODEL SELECTION AND COUPON
DISTRIBUTION

In the first part of the model selection section, we aim to build a baseline model that
uses the variables in the final prepared data mentioned in the previous section. As a second
step, we apply L2 regularization (Ridge Regression) to retain only the most statistically
significant variables by shrinking the less important coefficients to zero. Then, we use the
Area Under the Curve metric for each model to evaluate how well a logistic regression
model classifies positive and negative outcomes. By doing so, we aim to show, without
using any anomaly detection technique, how well we could predict the returns with those
variables and create a benchmark for our models with anomaly detection techniques.
Then, we apply anomaly detection models: Cluster-Based Local Outlier Factor (CBLOF),
Isolation Forest, Association Rule Mining, Local Outlier Factor and Density-Based Spatial
Clustering of Applications with Noise (DBSCAN) for transactions of each customer to
flag any anomalous behaviour. Finally, we add those anomalous behaviour flags to our
baseline model to compare the AUC of each model with the baseline model. In the coupon
optimization part, we explain the dynamic programming that fits our model and why we
cannot use dynamic programming. Lastly, we mentioned the optimization model, which

is used for the upper bound, and the heuristics that we proposed.
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4.1 Predictive Modeling Methods

4.1.1 Logistic Regression

In statistics, linear models are used to predict or analyze the dependent variable of the

model if the variable follows a continuous distribution.

P(Y =1|X) = Bo + B1X1 + BoXo + o + Br Xk @.1)

However, if the outcome variable is a binary variable which follows a Bernoulli distri-
bution (dichotomous), the probability of occurrence of the outcome could be computed
rather than the dependent variable itself. Even though the combination of dependent vari-
ables, the right-hand side of the equation, is linear, this probability of occurrence cannot be
predicted with the linear models since probability cannot exceed one and cannot be smaller
than zero. On that point, non-linear link functions, such as logit and probit functions,
are used to map the linear combination of predictors onto the [0,1] interval. Both link
functions can transform the linear predictor into a probability but differ. While the probit
function uses the inverse standard normal cumulative distribution function (CDF) to model
the probability as a linear combination of the independent variables, the logit model uses

the logistic (sigmoid) function, which is the inverse of the logit link.

1
PY=1[X)= —— (4.2)
1 + eXB)
is the formulation of logistic function and
P(Y =1 X) = ®(XB)). (4.3)

where it is assumed that
®(z) =P(Z <2z2), Z~N(1),

is the probit function Where:

* B is the coefficient vector of the logistic regression
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» X is predictor variable vector
* P(Y =1 | X) is the probability of the outcome being 1

* e is the base of the natural logarithm.

Our work uses the logit function as the link function, thereby employing logistic re-
gression to model binary outcomes. Logistic regression is a commonly used statistical
technique for modelling the relationship between a binary outcome variable and one or

more predictor variables.

The coefficients o, B1, B2, ..., Bk are estimated using maximum likelihood estimation
(MLE), and the model assumes that the log-odds of the outcome are a linear combination
of the input variables. These coefficients demonstrate how a one-unit increase in each
predictor variable affects the log odds of the outcome, assuming that all other variables
remain the same. After fitting the model, logistic regression can be used to estimate
the probability of the outcome variable being 1 for new data points once we give their

corresponding predictor variable values.

To assess how well our model is fitted, we use Area Under The Curve. To assess
accuracy, we decided not to use Youden’s Index, chose a threshold, looked at True Positive

and False Negative ratios, and maximised the F1 score.

4.1.2 Ridge Regression

Ridge regression, also called L2-regularized linear regression, reduces multicollinearity
and overfitting by adding a penalty to large coefficient values. Ridge regression was first
introduced in Hoerl & Kennard (1970). They introduced ridge regression as a solution to
the instability of ordinary least squares (OLS) estimates when there is a multicollinearity
between predictor variables. Although multicollinearity among predictor variables is not
significant in our dataset, we apply ridge regression against overfitting to enhance the
stability and generalizability of our estimates. Ridge regression helps mitigate overfitting
by shrinking coefficients toward zero, especially in models involving many predictors or
complex interactions, which is our case. The ridge regression objective function can be

expressed as:
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p
Aridge . 2
Brise =argmin{ " (vi-x/B)° + 1 ) B} (4.4)
: =
where

* [ is the coefficient vector of the logistic regression
* y;1s observed value of the dependent variable for the i-th observation
* x;1s vector of predictor values for the i-th observation

* 4 > 0 is the regularization parameter controlling the penalty’s strength. Higher

values lead to greater shrinkage of the coeflicients

« X (vi- Xl.TB)2 is the residual sum of squares, representing the total squared dif-

ferences between observed and predicted values

* X ,8? is the L2 penalty term, which is the sum of squared values of the regression

coeflicients without intercept

4.2 Anomaly Detection Techniques

4.2.1 Association Rule Mining

Our rule-based model is built upon association rule mining, an unsupervised learning
tech-nique used to uncover significant relationships among itemsets by analyzing co-
occurrence patterns within the data. It was introduced by Agrawal et al. (1993), and its
first application is on market basket analysis, where it sought to find associations between
products that are frequently purchased together. After that, it is used in various domains,
including anomaly detection, bioinformatics, web usage mining, and recommendation
systems. To apply association rule mining, it is essential to have data in a transactional
format. Given a dataset D consisting of transactions, where each transaction 7; € D and T;
C I, we define I as the universal itemset, which contains all the possible items that may
appear in any transaction in D. For example, in a retailer’s transaction dataset, each
transaction represents the set of products purchased by a customer in a single visit. The
universal itemset, in this context, includes all product sets ever purchased across all

transactions.
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To illustrate, consider an itemset A that consists of a green blouse and pink trousers. If
at least one customer has purchased this combination in a single transaction, then A is a
valid itemset in the dataset. If A appears in 15 out of 100 total transactions, the support of
itemset A is 0.15. This metric indicates how frequently itemset A appears in the dataset.
To derive meaningful patterns, association rule mining identifies relationships between
disjoint itemsets. Suppose A and B are two such itemsets, where A, BS | and AN B = Q.

An association rule takes the form:

A= B, whereA, B<Sl, ANB=0 (4.5)

There are two significant measures that is used to demonstrate quality of the given rule.

Support metric shows the ratio of transactions in dataset that contains both itemsets.

Support(4 U B)
Support(A = B) = (4.6)

D

Support quantifies how frequently the itemset A U B appears in the dataset D. Confidence,

nevertheless, indicates how often items in A appear in transactions that contain B.

S t(AU B
Confidence(A = B) = upport] ) 4.7)

Support( A)

Association rules can model normal behavior in a dataset. Rules that has lower confidence

or support are considered as anomalies.

4.2.2 Local Outlier Factor

Local Outlier Factor, which measures the local density deviation of a data point concerning
its neighbours, is a density-based unsupervised anomaly detection algorithm and was
first mentioned by Breunig et al. (2000). Unlike global methods, LOF can detect local
anomalies, points that are outliers only in their local context. There are some notions to
follow to compute the outlier score that the local outlier factor produces. Given the dataset

X ={x1,x,..., xn}, the Local Outlier Factor (LOF) score computes k-distance. For each
point, x, k-distance is defined as the distance to its k-th nearest neighbour, which could be
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shown as:

k-distance(x) = max d(x,x") (4.8)
x’€Ng(x)

where Ny (x) denotes the set of k nearest neighbors of point x, and d(x, x) is the distance
between x and a neighbor x' € Ny (x). The k-distance of x is the distance between x and its
k-th nearest neighbor. Deciding whether the point x is an outlier based on its distance to
the k-th neighbour could be misleading since its k-th neighbour could be very close to x.
At that point, it is significant to demonstrate that the kth neighbour does not lie in a
sparse region where its k-th n neighbour is large. To reflect this sparseness, the local

outlier factor calculates the reachability distance for all k neighbours as follows:

reach-disty (x, x") = max {k-distance(x"), d(x,x")} (4.9)

and the local reachability density of x is the inverse of the average reachability

distance from its neighbors:

-1

1
LRD; (x) = reach-disty (x, x”) (4.10)
NGl 4t
k(%)
and the LOF score is computed as:

1 LRDg (x")
LOF, (x) = —_— 4.11)

NI e;km LRD; (x)

The LOF score of a data point x is essentially the average ratio of the local reachability
density (LRD) of x’s neighbours to the LRD of x itself. In other words, it compares how
densely packed the area around x is relative to how densely its neighbours are packed. If
the LRD of x is low and its neighbours’ LRDs are high, the LOF score will be high. It
indicates that x lies in a region that is less dense than its neighbours; it indicates that x is
an outlier. On the other hand, if x has a similar density to its neighbours, the LOF score

will be close to 1, meaning that it is not an outlier.
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4.2.3 Cluster Based Local Outlier Factor

Cluster-Based Local Outlier Factor (CBLOF) is suggested by He et al. (2003) due to
possible disadvantages that full distance-based models create. It captures the structural
characteristics of data through clustering, typically k-means, Gaussian Mixture Models,
or hierarchical clustering. Each point is then assigned a score based on two criteria:
distance to the cluster centroid and size of the cluster data point belongs to. Assume the
results of the clustering algorithm CBLOF used (i.e. KMeans is applied) on dataset D and
the number of clusters is k, is denoted as C = {C, C», . . ., C } where C;N C;= 0 and C,
U CyU - - - U Cr=D. The CBLOF score is calculated as:

|C;| - min (distance(z,C;)) wheret € C;, C; € SC, Cj € LC
|C;| - distance(z, C;) wheret € C;, C; € LC

CBLOF(¢) = 4.12)

where

* SC denotes set of small clusters and LC denotes set of large clusters.

* |C 1| denotes the size of the cluster it belongs to.

Therefore, CBLOF is calculated with the size of its cluster and the distance between the
data point and its closest large cluster if this record lies in a small cluster or the distance
between the data point and the cluster it belongs to if this record belongs to a large

cluster.

4.2.4 Isolation Forest

Isolation Forest (IForest) is introduced by F. T. Liu et al, (2008). The model is
different from other anomaly detection techniques we discuss. It is an ensemble-based
anomaly detection algorithm constructed to isolate anomalies instead of profiling normal
points. It relies on the idea that anomalies are rare and different and thus require fewer
random splits to isolate from the rest of the data. IForest randomly selects and randomly
chooses a split value concerning the minimum and maximum value of that feature. It
repeats the same process until an isolated forest is built. The overall model consists of

an ensemble of such
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trees, where the hyperparameter n_estimators determine the number of trees. The

anomaly scoring, on the other hand, is as follows:

h(x)

s(x,n) =2 ¢m (4.13)

where

* h(x) denotes the average path length required to isolate observation x across a

collection of isolation trees.
* n is the subsample size used to build each tree.

* c(n) is the average path length of unsuccessful searches in a Binary Search Tree of
size n. Since trees have the same structure to Binary Search Tree, the estimation of
average h(x) for external node terminations is the same as the unsuccessful search
in BST. This normalization is important because, as the number of instances in the
tree increases, the overall path lengths tend to grow as well. Hence, c(n) ensures
comparability of path lengths. ¢(n) is computed as

2(n—-1
c(m)=2-Hin—1) - 2= (4.14)

where H (i) is the i harmonic number, approximated as:
H(i) = In(i) +y, withy ~0.5772 (4.15)

e If s(x) — 1, the point has a high probability to be anomaly.
e If s(x) = 0.5, the point is similar to the majority (average isolation depth).

* If s(x) < 0.5, the point is deeply embedded in the forest, which indicates a normal
point.

4.2.5 Density-Based Spatial Clustering of Applications with Noise

DBSCAN, primarily a clustering algorithm, is introduced by Ester et al| (1996).
However, detecting anomalies by labelling points that do not belong to any cluster is

also effective.
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Unlike other clustering techniques, DBSCAN does not require the number of clusters. It
is based on the idea of separating high-density regions from low-density regions. The
key idea is that a point belongs to a cluster if there are at least a minimum number of
neighbouring points within a specified distance. Assume X = {xi, x2, ..., xn} is the
dataset of n observations. DBSCAN has several concepts to calculate. According to Ester

et al. (1996) the eps-neighborhood of a point p, denoted by Ne(p), is described as:

Ne(p) ={q € D | dist(p, q) < &} (4.16)

Each point within a cluster’s eps-neighborhood contains at least a minimum number of
points (MinPts). However, some points are located within dense cluster regions, while
others are not. The points are located in the high-density regions in clusters called core
points, whereas others are border points. Therefore, the above given naive approach is not
acceptable for better clustering. To ensure that all points belonging to the same cluster
are included, MinPts should be selected as a relatively low threshold. This low threshold,
however, should not hinder the density criterion, especially in noisy datasets. To that end,
DBSCAN accepts a different condition: for each p € C, there should exist another point

q € C, which is the core point, such that p lies within the eps-neighbourhood of q, and
the neighbourhood N (q) contains at least MinPts points. A point p is directly density
reachable from a point q if

* p € Ne(g)

* |N:(g) | = MinPts (core point condition)

This relation is symmetric in the special case where both p and q are core points; that is,
if p is directly density-reachable from q, then q is also directly density-reachable from p.
However, in the general case involving a core point and a border point, this relationship
is not symmetric. Specifically, a border point may be directly density-reachable from a
core point, but the reverse does not necessarily hold. A point y is density-reachable from

a point x with respect to € and MinPts if there exists a sequence of points

pP=pPLD2%..., Pk =Y
such that pi1 is directly density-reachable from p; foralli € {1,...,k — 1}.
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Density-reachability is an extension of direct density-reachability. Note that two border
points within the same cluster C may not be density-reachable from each other, as the
core point condition might not be satisfied for both. However, there must exist at least
one core point in € from which both border points are density-reachable. This motivates
introducing the concept of density-connectivity, which captures the mutual relationship of
such points within the same cluster. A point p is said to be density-connected to a point g
with respect to the parameters eps and MinPts, if there exists a point 0 € D such that both p
and q are density-reachable from o with respect to eps and MinPts. After establishing the
concept of density-connectivity, a density-based cluster could be defined. Assume D is a
dataset of points. A non-empty subset C S D is called a cluster with respect to parameters

eps and MinPts if the following conditions are satisfied:

* Maximality: Forall p € C and q € D, if q is density-reachable from p with respect
to € and MinPts, then q € C.

» Connectivity: For all p,q € C, p is density-connected to g with respect to € and

MinPts.
And since Cy, C», . . ., Ck be the clusters in the dataset D with respect to the parameters
eps and MinPtsi, fori = 1,..., k. The set of noise points is defined as follows:

noise={p € D | Vie{l,...,k}, p ¢ Ci} 4.17)

4.3 Hyperparameter Optimization For Anomaly Detection Techniques

Anomaly detection techniques necessitate hyperparameter optimization. Those algorithms
are sensitive to selected hyperparameters; therefore, an inappropriate choice may result in
poor anomaly detection performance. In this section, we mentioned about the hyperparam-
eter optimization heuristics. The optimization algorithms, such as grid search, are costly
to implement since we apply anomaly detection techniques to each customer separately. In

Table 4.1, the hyperparameters used in each anomaly detection technique can be seen.
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Table 4.1: Hyperparameters of Anomaly Detection Algorithms

Algorithm Hyperparameter | Description

n_clusters Number of clusters used in the clustering step (e.g.,
CBLOF k-means).

contamination Proportion of data assumed to be outliers.

use weights Whether to weight the outlier score by cluster size.
LOF n_neighbors Number of neighbors to compute local reachability density.

contamination

Proportion of data expected to be outliers.

n_estimators

Number of base estimators (trees) in the ensemble.

Isolation Forest | max_samples Number of samples to train each tree. Proportion
contamination of outliers in the dataset.
eps Maximum distance between two samples to be

DBSCAN considered neighbors.

min_samples Minimum number of samples in a neighborhood for a
point to be a core point.

metric Distance metric used to calculate the distance between

points.

We use the silhouette to find an optimal number of clusters for CBLOF, eps and
MinPts for DBSCAN, which is used for each customer separately. It is introduced by
Rousseeuw (1987), which measures how similar observation is to its own cluster
compared to other clusters. It balances intracluster cohesion and intercluster separation
and quantifies it from -1 (poor clustering) to +1 (well-clustered). To quantify this balance
between intra-cluster cohesion and inter-cluster separation, the two different values that
constitute the Silhouette Score. a(i) which is the average distance from point x; to all

other points within the same cluster C; s as follows:

(4.18)

where:

* d(x;, x ;) is the distance from point x; to all other points within the same cluster
G

* |C;| is the size of the cluster.
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b (i) which is the minimum average distance from point x; to all points in the nearest

neighboring cluster is as follows:

b(i) = min 1 Z d(xi,x;) (4.19)

Cr#C; |Ck| vl
J

* d(x;, x ;) is the distance (typically Euclidean) between points x; and x ;, where x ;is

a member of nearest neighboring cluster.

The Silhouette Score for the entire dataset is then calculated as the average of

individual scores:

n

1 .
S = = Z s(i) (4.20)

i=1

where

(i) = b =al)

~ max{a(i), b(i)} “4.21)

n is the total number of data points. A silhouette score close to 1 indicates well-separated
and cohesive clusters, while scores near 0 or negative values suggest overlapping or
incor-rectly assigned clusters. A higher average silhouette score indicates a more
meaningful and well-separated clustering structure. In CBLOF, K-Means is used as the
clustering algorithm. Therefore, while determining the near-optimal number of clusters,
we evalu-ate cluster quality using K-Means and compute the Silhouette Score based on
its results. Algorithm ?? presents the proposed method in CBLOF, while Algorithm @
presents it for DBSCAN in greater detail. We use the unique user id dataset and past
transactions dataset. The Algorithm is looped for each customer for its selected features.
In Algorithm |1, for each customer, we assign a minimum number of clusters and a
maximum number of clusters. From minimum to maximum cluster number, we fit K-
Means for each cluster number, and the silhouette score is calculated for each iteration.
The cluster with the best silhouette score is selected as a number of clusters. Selected
features are orig-inal price, coupon discount ratio, promotion discount ratio, numeric
size, arder period, brand popularity which is also used for main anomaly detection
algorithm as well which will be mentioned in the later. Those features are transactional
variables that vary from transaction to transaction. It is crucial to apply anomaly detection
techniques to the trans-actional dataset where variables are only selected transactional

variables. The Algorithm
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also gets a unique user dataset and past transactions and uses the same variables as well.
We assume 1is varied from 0.1 to 5.0 with a step size of 0.2, while min samples are tested
across integer values from 3 to 10. The DBSCAN algorithm is fitted to the customer’s
transactions for each parameter combination, and the clustering quality is assessed using
the silhouette score. The parameter pair yielding the highest silhouette score is selected as
the optimal configuration for that customer. These best-fit values of eps and min samples

are then recorded in a user-level parameter table for subsequent use in anomaly detection.

It is also critical to determine an optimal number of neighbours (k) for the Local Outlier
Factor (LOF) Algorithm to enhance the reliability of anomaly detection. To find the
near-optimal number of neighbours for LOF, which is used for each customer separately,
we use (k) finder based on the neighbourhood consistency method (KFC) to find out.
KFC method is introduced by |Yang et al. (2023)), which is based on the neighbourhood
consistency method. For each observation x;, d)f denotes its k nearest neighbors and
Ql’.‘ = d>l’.‘ U {x; } represents the local region. Neighbourhood consistency assumes that the
outlier score s; of x; should be close to the average outlier score of its neighbours, which
is:

1
vll-‘ =5, ul]-‘ = — Z s (4.22)

The global consistency across all samples is then evaluated using cosine similarity:
cr = 1 = cos(VK, UY

where V¥ = [v’f, ...,vk] and Ut = [u’f, ...,uk] are vectors of individual and
neighborhood-average outlier scores, respectively. A higher c; indicates stronger con-
sistency and implies a more appropriate choice of k for the detector. For any candidate, a
set of candidate values of cy is evaluated, and one that maximizes neighbourhood consis-
tency is selected. Algorithm 3 demonstrates it in detail. The algorithm is looped for each
customer for its selected features. In Algorithm 3, we give past transactions and unique
user dataset. For each customer, the algorithm iterates through a range of neighbourhood
sizes, from a minimum of 5 to a maximum of 50. LOF scores are computed for each value
of k, and a neighbourhood consistency score cy is calculated. This score is derived from
the cosine similarity between the LOF scores of each transaction and the average LOF
scores of their respective k nearest neighbours. The value of k that maximizes this
consistency score is
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selected as the optimal neighbourhood size for that customer.

In the Isolation Forest, on the other hand, there is no literature-base n_estimator op-
timization. Since applying grid search to our algorithm is time-consuming, we accept
n_estimator as 100 as F. T. Liu et al. (2008) justified.

Contamination refers to the proportion of data that are assumed to be anomalous within
a given dataset. It is a critical hyperparameter for distinguishing normal observations
from outliers. This parameter plays a significant role in identifying anomalous points for
unsupervised methods such as Isolation Forest, Local Outlier Factor (LOF), and CBLOF
(Clustering-Based Local Outlier Factor). An inaccurate contamination estimation can lead
to excessive falsely flagged normal points or missed outliers. Hence, it affects the overall
detection performance. We use an algorithm within our main anomaly detection algorithms
to find the best contamination for each anomaly detection technique. We propose a heuristic
for contamination tuning that selects the contamination rate, which maximizes the mean
gap between predicted anomaly scores of the given anomaly detection method for normal

points and outlier points. The algorithm can be seen in a detailed way in Algorithm 4.
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1

Algorithm 1 best-n_clusters-cblof
Input: past transactions // full dataset

user_df // dataframe to store user-specific best cluster number
min_clusters, max_clusters // range of clusters to try
Output: user_df updated with best cluster number for each user

Initialize customer index i — 1

2 foreach user € past transactions[user-id-hashed].unique() do

3

4

10

11

12

13

14

15

Extract user data from past transactions

Select features: original price, coupon discount ratio,
promotion discount.ratio, numeric size, order_period,
brand popularity

Standardize features — X -scaled

Determine n-samples — number of rows in X scaled

Adjust max clusters — min(n samples — 1, n_samples/ /2, max clusters)

Initialize best-score — —1, best-k — min-clusters

foreach k from min clusters to max clusters do

Fit K-Means with k clusters on X scaled Compute silhouette score if score >
best _score then
t Update best_score «— score Update best k — k

Continue on error

Print "i-th customer is OK"
Update user_df with best_k for the current user
i—i+1

16 return user_df
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Algorithm 2 best-dbscan-params
Input: past transactions // full dataset

user_df // dataframe to store user-specific parameters
min_eps, max_eps, eps_step // range for DBSCAN &
min.samples.range // range of min samples for DBSCAN
Output: user_df updated with best € and min samples
17 Initialize customer index i < 1

18 foreach user € past transactions[user id-hashed].unique() do

19 Extract user data from past transactions

20 Select features: original price, coupon discount ratio,
promotion discount ratio, numeric size, order_period,
brand popularity

21 Standardize features — X -scaled

2 if X scaled has fewer rows than min-samples range[0] then

23 continue

24 Initialize best_score < —1, best_eps — None, best min samples — None
25 foreach min samples in min samples range do

26 foreach ¢ from min_eps to max_eps with step eps step do

27 Fit DBSCAN with (g, min samples) on X _scaled Compute silhouette score
if score > best score then

28 t Update best _score, best eps, best min_samples

29 Continue on error

30 Print "i-th customer is OK"

31 Update user_df with best_eps and best min_samples for the current user

32 i—i+1

33 return user_df
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Algorithm 3 best-n-neighbours for-Jof
Input: past transactions // full dataset

user_df // dataframe for output
min_neighbors, max neighbors // bounds for neighbor search
Output: DataFrame with best number of neighbors per user
34 Initialize empty list best n neighbors-list Setuser counter i — 0

35 foreach user € past transactions[user id-hashed].unique() do
36 Extract user data from past transactions

37 if number of transactions < min neighbors then

38 continue

39 Select features: original price, coupon discount ratio,
promotion discount ratio, numeric size, order_period,
brand popularity

40 Standardize features — X -scaled

41 Set local max neighbors — min(max neighbors, n samples — 1)

) Initialize best -k — minneighbors, best-ck — —o
3 foreach k in [min-neighbors, local -max -neighbors] do

44 Fit LOF with k neighbors and obtain scores V

45 Fit NearestNeighbors and obtain indices knn indices

46 Compute Uk: average LOF score of each sample’s k neighbors
47 if standard deviation of Vi or Uk is zero then

48 t continue

49 Compute consistency ck — 1 — cosine(Vk, Uk)

50 if ck > best ck then

51 t Update best_ck < ck Update best k — k

52 continue on error

53 Increment counter i Print "i-th user is OK"

54 Append {user id _hashed : wuser, best n_neighbors : best_k} to

best n neighbors list

s5 return DataFrame from best n neighbors list
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Algorithm 4 get best_contamination
Input: scores // anomaly scores
min_cont, max_cont, step // range and step for contamination

Output: best_cont // contamination value maximizing score gap

s6 Initialize best cont — min cont Initialize max gap < 0

57 for cont = min cont to max cont step do

58

59
60

61

62

63

threshold — percentile of scores at 100 - (1 — cont) inliers — {s € scores | s <
threshold} outliers < {s € scores | s > threshold}
if |inliers| == 0 or |outliers| == 0 then
continue

gap — mean(outliers) — mean(inliers)
if gap > max gap then

L max_gap — gap best cont — cont

64 return best_cont

4.4 Coupon Distribution

In the modelling part, we aim to calculate the probability of returns for each transaction
with logistic regression variables and anomaly detection model outputs, which is also given
to logistic regression as an anomaly flag. The coupon distribution aims to decrease those
returns by offering coupons, which is expected to decrease the probability of return of that
transaction. Therefore, retailers obtain higher revenue and lower environmental waste. We
have finite budget B, and coupons offered to customers consume a portion of this budget.
In the coupon distribution environment, we can only see the customer who wants to check
out in time t; we cannot see the other customers coming after. Therefore, we make our
decisions for each customer sequentially. Similarly, we do not know the features of the next
coming customer. Consequently, whether to offer a coupon must be made in real-time,
without knowledge of future opportunities, and is irreversible. The rewards associated
with each decision are stochastic and customer-specific, depending on transaction features
and estimated return probabilities with and without a coupon. The characteristics of our
environment are similar to the class of Dynamic Stochastic Knapsack Problems (DSKPs),
which extend the classical knapsack formulation for sequential item arrivals, probabilistic
outcomes, and budget trade-offs. In this setting, the retailer should allocate the budget over

the defined time period while balancing the benefit of reducing the return probability of
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the current customer and the opportunity cost of detaining the budget that could be used
for higher-impact customers. Assume V; () represents the optimal expected revenue from
period ¢ (each customer checkout is a new period) to the terminal period 7', conditional on

the remaining coupon budget s € [0, B] at time ¢. The corresponding Bellman equation is:

Vi(s) = Ex [H,(s; X)], (5%
where:

» X trepresents the observed selected features of the product and customer in period ¢

* H;(s; x:) 1s the period-specific maximization function over the decision to offer a

coupon or not

Assume that p© ( ;) is the probability of the return of the transaction at time # while p°
( x: ) is probability of not returning the product. The optimal action at period 7 is
determined by:

pi(=6) + (1 = p))(airs) + Vg1 (s — Or),

H;(s; x1) =
o - {pto(_f) +(1 - p,o)(a/,r,) + Vi1 (s)

}, fors —6r; >0, (6)

where:

¢ 1s the loss incurred if the item is returned
* r;is the transaction revenue in period ¢
* a,1s the net profit margin factor

* Or,is the coupon cost, proportional to revenue

and where boundary conditions are:

Visi(s) =s, Vs >0, (4.23)
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Lastly, the optimal total profit over the T periods is given by

V' =Vi(B). (4.24)

In this setup, the decision to issue a coupon depends solely on the observed customer-
product features and remaining budget, as every transaction opportunity is realized. Ac-
cording to Kleywegt & Papastavrou (2001), for each arriving item customer period ¢,
there exists a dynamic threshold k™ (¢, s, 6r; ) such that it is optimal to accept the item

(i.e., offer a coupon) if and only if:

s—0r, >0 and (pf - p;)(ar;+€) > k*(t,s,0r) (4.25)

This condition reflects the idea that a coupon should be offered only if the marginal
benefit of influencing customer behaviour, which is measured by the change in return

probability in our case, exceeds the marginal cost of using up the limited budget.

The threshold is given by:

k*(l, 5,0r,) = Vie1(8) = Vi1 (s = 0ry), if Or; < s,

00, otherwise.

This formulation defines k* as the opportunity cost of spending 8r; units of budget in the
current period. If the budget is insufficient, the opportunity cost is infinite, and a coupon

is never offered.

Although the coupon distribution problem can be formulated as dynamic
programming, solving it is computationally intractable for realistic problems. As first
noted by Belldman (1966), DP suffers from the curse of dimensionality, where the size of
space grows exponentially with the number of state variables. In our setting, each
possible budget level s € [0, B], at each time ¢, combined with feature-dependent
probability distribu-tions, leads to an explosion in the number of states the DP must
handle. Moreover, future customers, their return propensities, and their transaction values
are unknown and only revealed sequentially. To solve the DP optimally, we need to
compute the expected value over all possible future customer sequences and decision

paths, which is computationally

45



hindered. For implementations with large customer populations and long decision
hori-zons, which is our case, computing DP becomes computationally infeasible. As a
result, approximate solutions such as threshold-based heuristics are used to achieve near-
optimal results with reduced computational burden. We compute an optimization model
to assign an upper bound to our heuristic models, in which we assume each customer is
entered at the same time. The objective maximizes the expected net profit across all

periods while penalizing returns and incorporating unused budget as a gain.

T

max " [I00(p*(X)(=0) + (1 = p°(X)) (@)

I(X) p

T
+(L=TIC0) (p* () (=0 + (1= p" () @) |+ B= Y M(X) -0+ 7]

=1

T
subject to: Z [TI(X)-6-7] <B

t=1

M(X) € {0,1} VX

Where;

e T: Total number of periods, which actually the number of customers
» X: Feature vector for each transaction which contains the variables we selected.

* T1(X): Decision variable; 1 if a coupon is offered for transaction with features X, 0

otherwise
* p¢(X): Estimated return probability with a coupon
* p? (X): Estimated return probability without a coupon
e 7: Transaction revenue
* @: Margin coefficient (portion of price retained as profit)

 {: Penalty cost associated with a return
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* §: Coupon value as a fraction of price

* B: Total coupon budget

We propose two heuristics to solve DP model. Myopic policy is a policy that for a given
transaction in state s and period ¢ with the return probability estimates p$ and p§ ,we offer

a coupon if and only if:

(pf = pi)(ar; +€) —6Or,

s—0r;, >0 and
Or,

>0 (4.26)

In the above formulation, if the transaction is profitable, we give coupon to the customer.
However for our second approach, we assume that for a given transaction in period t with
return probability estimated as p° (X) and p° (X) there exists a unique threshold kgp such

that it is optimal to offer a coupon if and only if:

(p? = p$)(azr: + ) — Ory

s—06r, >0 and
Or,

> ksp. 4.27)

where kgp is:
B
0, ifr(0) < —
ksp = TA (4.28)
W, otherwise
B

where i is the unique solution of 7(y) = 7, and 7(y) is given with

7(y) =Ex (4.29)

or

. {(po(X) — p¢(X))(GF + 0) — 07 . w}]

where [{.} is the indicator function.

We estimate k™ (¢, s, Or; ) with the from the test data using Algorithm 7 in Appendix A. We
refer to the forecasted threshold as ksp. For a given transaction in period ¢ with return

probability estimates p$ and p9 , offer a coupon (valued at r;) if and only if:

(pf = pf)(azr; + ) — Ory
97’;

s—0r, >0 and > ksp. (4.30)

We calculate the revenue with all three ways and compare how much we could improve

to from myopic policy to optimum model revenue with using static policy.
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4.5 Models Proposed

This section introduces five models whose output is given to logistic regression for anomaly
detection. The final dataset columns are used as predictor variables except user_id_hashed.
The dataset is divided into two parts: past transactions and new transactions. We select
only customers with more than 20 transactions. Each customer’s first 20 transactions are
assumed to be past transactions, which we used to fit anomaly detection models. Therefore,
we use this dataset to model customer behaviour with its past transactions. The rest of
the transactions are new transactions, where we use anomaly detection models to predict
those behaviours. From new transactions to test model performance, 60% of the new

transactions are added to the past transactions and used as train data, whereas 40%

4.5.1 Baseline Model

While building the baseline model, we try different variables, both raw and feature-
engineered ones, to determine whether those variables are meaningful to modelling
customer behaviour. After several trials, the selected variables are in the final data.
Logistic regression is trained using the training dataset, which is used to optimize
the model’s coefficients. The test dataset then evaluates the model’s performance by
comparing its predictions with the actual labels. Since the number of predictor vari-
ables is high, we also apply ridge regression to determine which of the variables re-
mained in the model. We select different max features parameters on the ridge re-
gression, and the one selected in terms of both AUC, which is one of our eval-
uation criteria, is 15. Those selected variables are promotion discount ratio, wal-
let_trx, membership duration, gender_match, category name_Cardigan, original price
promotion_discount_ratio, coupon_discount ratio category_name_Sweatshirt, promo-
tion_discount ratio brand_popularity, elite_user category name_TShirt, is woman gen-
der_match, is _-woman brand popularity, brand popularity category name Sweater,

coupon id, promotion name and promo x promo disc

AUC is 0.8955. We accept this model as our baseline model. All the other anomaly

detection outputs are added to this model.
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4.5.2 Association Rule Mining

The underlying assumption of this technique is that if two products are frequently
bought together and not returned, then in future transactions, the likelihood of return
for one item decreases if it is purchased alongside another product from the estab-
lished rule set. This perspective offers a behavioural resemblance to more reliable
purchasing patterns. As a first step, we cluster both products and customers from the
rule generation dataset. Products are clustered in terms of several variables, which are
original price, avg_promotion, avg_coupon, return_ratio, numeric_size, brand_popularity
while customers are clustered with avg spending, average_discount benefit promo, aver-
age_discount benefit coupon and return ratio. The reason why we cluster the products is
that since the association rule only accepts one variable to create rules for it, we decide
to generate clusters and apply the rule mining to them. The rationale behind why we
apply clustering on customers is that the rule generation data set is relatively smaller and
creates more information since buying two or more products could not be the case for
each customer. Therefore, by clustering the customer, we obtain more rules and more data
to compute confidence and support. Algorithm 5 explains how we created the rules in a

detailed way. As an output, we get the dataset with the related confidence.
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Algorithm 5 Generate Train Dataset with Association Rule Confidence
Input: df, rule generation

Output: df

foreachi € {0,1,2,3,4} do

Filter rule generation for non-returned and CustomerCluster i Group by user

to get previous product clusters Convert to transactions and apply TransactionEn-
coder Generate frequent itemsets using Apriori Generate rules with single-item
consequents Remove unused metrics (e.g., lift, leverage)

Create identity rule matrix with confidence 1 for fallback Merge actual rules and
fallback rules, group and aggregate confidence

Filter train df by CustomerCluster i Merge with previous product clusters by user
Merge with rule confidences on antecedents and consequents

if confidence is missing then
L Explode cluster set and try re-matching with singletons Fill missing confidences

with 1
Convert cluster sets to integers Append result to final dataset list

Concatenate all sub-results into train _df last
return df

4.5.3 Other Anomaly Detection Techniques

The anomaly detection algorithms and hyperparameter optimization algorithms are applied
for each customer. The contamination selection algorithm is used within the main anomaly
detection algorithms. In best parameter selection algorithms and main anomaly detec-
tion algorithm, we use original _price, coupon discount ratio, promotion_discount ratio,
numeric size, order period and brand popularity variables to cluster transactions of each
customer since those variables are the ones that changes with respect to transaction. The
anomaly detection algorithms have a similar core for each technique except for a rule-based
model. The algorithms necessitate the unique user dataset with the best parameters that
are used in each different anomaly detection technique (i.e. best number of clusters for the
CBLOF and best eps and minPtc for DBSCAN) and the final dataset. The anomaly detec-
tion technique is fitted with the best parameters selected with the best parameter selection
algorithms, and contamination is 0.5 selected to get anomaly scores. After obtaining the
score, we use Algorithm 4 to find the best contamination. At that point, we obtain all the

hyperparameters necessary to fit anomaly detection algorithms to assess whether a given
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customer transaction is flagged as anomalous behaviour based on the selected transactional
variables. Here, we have another parameter, which is the customer-specific return rate.
If the customer return ratio of the products is higher than 50 %, then it is assumed that
the customer is the abuser in buying. We assume that the normal behaviour of the cus-
tomer is returning rather than keeping the product. Therefore, if the prediction that the
anomaly detection technique produces is 1 for these customers, we assume it is zero and
vice versa since our variable needs to measure anomalous behaviours. Since CBLOF is a
clustering-based algorithm, we apply this parameter at the clustering level since abusing
behaviours could also be contained in one cluster. For instance, in CBLOF, we know which
point is assigned to which cluster. Here, we look at each cluster’s return rate, and if that
cluster’s return rate is higher than 0.3, it means this cluster contains the abused behaviours.
The reason why we cannot apply this in DBSCAN even though it is a clustered based
algorithm is in cblof, all the outliers are also belong to a one cluster at first. On the other
hand, DBCAN directly flags the outliers without assigning them to a cluster. Algorithm
6 demonstrates the anomaly detection algorithm in a more detailed way. An anomaly flag
variable is added to the logistic regression model for each of the four models. We assume

this prediction as anomaly_flag and add it to our final dataset.
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Algorithm 6 apply-anomaly-detection-all (Compact Version)
Input: past, new // past and new transactions

user_params // tuning parameters per user
threshold // return rate threshold
Output: new with anomaly flags and scores
Initialize flags and scores in new
foreach user € past[user-id-hashed].unique() do
Extract Xpast, Xnew and standardize if |Xpast | < 2 or | Xnew| = 0 then

continue

Compute ruser < past return rate

CBLOF: Fit with k from user params, get scores/preds/labels Compare cluster
return rate — flag anomalies

LOF: Fit with k, tune contamination, predict on Xnew foreach (pred, idx) do

if (pred =1 A ruser < threshold) V (pred =0 A ruser > threshold) then
t Flag anomaly

IForest: Fit with cont = 0.5, predict on Xnew Flag if prediction and ruser mismatch
DBSCAN: Fit with (¢, minPts), convert labels Flag if label and ruser mismatch

85 return new with flags and scores

4.6 Evaluation Criteria

4.6.1 Area Under Curve

The Area Under the Receiver Operating Characteristic Curve (AUC-ROC) is a metric that
is used to assess the discriminative power of binary classification models (?). It measures a
model’s ability to correctly distinguish between positive and negative classes. AUC values
range from 0 to 1, with higher values indicating superior performance. Specifically, an
AUC of 0.5 implies the model performs no better than random guessing, while values
below 0.5 indicate worse-than-random performance. An AUC of 1.0 denotes a perfect
classifier. In this study, AIC is used to compare logistic regression models which are
baseline model and four logistic regressions with anomaly flag. The results of AUC of the

six model we discussed is in the Table 4.2.
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Compared to the baseline model, which achieved an AUC of 0.9023, all models incorpo-
rating anomaly-based features showed slight to moderate improvements in discriminative
performance. Among them, the Logistic Regression model with LOF (Local Outlier Fac-
tor) flags achieved the highest AUC of 0.9138, suggesting the most substantial enhancement
over the baseline, with an absolute gain of 0.0115. This implies that LOF-based anomaly
signals contribute meaningfully to the model’s ability to distinguish between classes. Iso-
lation Forest and DBSCAN-based models also outperformed the baseline, achieving AUCs
01 0.9094 and 0.9116 respectively, indicating consistent improvements with unsupervised
anomaly detection techniques. In contrast, models augmented with CBLOF and Associa-
tion Rule Mining showed only marginal improvements, with AUCs of 0.9030 and 0.9032
respectively—suggesting limited added value in those anomaly features for this specific
classification task. Overall, these results demonstrate that integrating anomaly detection
mechanisms, particularly those based on neighborhood density or isolation principles, can

enhance model performance beyond traditional logistic regression.

Table 4.2: Comparison of Anomaly Detection Models by AUC

Model AUC
Baseline Model 0.9023
CBLOF 0.9030
LOF 0.9138
Isolation Forest 0.9094
DBSCAN 09116

Association Rule Mining  0.9032

4.7 Coupon Distribution

In this section, our aim is to distribute coupons to decrease probability of return of the
transactions. In the previous section, we analyze the AUC to find which one of the models
we work on gives the better prediction power. LOF has better AUC compared to other
methods, therefore, we select LOF to use for our prediction work. We also use baseline
model to create a benchmark. The reason why we use baseline model as a benchmark is
that we know that the baseline model predictive power is lower than the other but not that
much. To assign it as a benchmark shows the prediction power of the anomaly detection

models. The significant part of coupon distribution section is to demonstrate the heuristics
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we create converge to optimal solution where everything is known and all of the customer

show up at the environment at the same time.

We fit our test data to the model and we predict the probability of return for each
transaction in the test dataset. However in this dataset, we see transactions that coupon
has been already given. Therefore, we clone those transactions as if they have no return
and predict their probability of return accordingly. For our work to distribute coupons, we
assume that we distribute coupons that allows 15% discount. Therefore, we also predict
that if each of those transactions have 15% , what would be their probability of return. We
add those probabilities to our test dataset. We apply the same procedure to train dataset
to use in Algorithm 1 in Appendix A to find k* (t, s, 87¢) and apply static policy. Then
we apply our coupon distribution techniques with the test dataset and return probabilities
generated by LOF and Baseline Model . Table 4.3 demonstrates the revenues that created

with LOF and Baseline across two coupon distribution heuristics and optimal solution.

Table 4.3: Revenue Comparison Across Coupon Budgets and Policies

Coupon (TL) Optimization Model Myopic Policy Static Policy

Baseline

LOF

Baseline

LOF

Baseline

LOF

No Budget = No Coupon
10,000
20,000
30,000
40,000
50,000
60,000
70,000
80,000
90,000

100,000
110,000
120,000

4,239,596
4,278,266
4,308,869
4,336,280
4,361,613
4,385,179
4,407,209
4,427,541
4,446,131
4,463,124
4,478,753
4,493,154
4,506,589

4,223,439
4,266,207
4,302,491
4,335,037
4,363,862
4,389,200
4,412,192
4,433,311
4,452,879
4,471,255
4,488,522
4,504,729
4,519,943

4,239,596
4,258,530
4,277,778
4,297,176
4,316,719
4,335,046
4,355,065
4,375,626
4,394,175
4,412,648
4,431,384
4,450,283
4,468,902

4,223,439
4,243,977
4,264,826
4,285,407
4,306,421
4,327,137
4,348,694
4,371,284
4,392,004
4,412,578
4,432,921
4,453,924
4,475,412

4,239,596
4,277,822
4,308,685
4,329,186
4,351,061
4,374,617
4,386,582
4,408,551
4,413,939
4,434,522
4,444,435
4,456,809
4,470,987

4,223,439
4,242,643
4,295,647
4,331,934
4,347,401
4,371,866
4,395,173
4,400,690
4,423,943
4,437,339
4,449,787
4,463,138
4,477,597

The results in Tables 4.3 and 4.4 highlight the performance differences between the

coupon distribution strategies and models. The optimization model, representing the
upper benchmark where full information and perfect foresight are assumed, consistently
achieves the highest revenue across all coupon budgets. Within each policy type, the
LOF-based predictions outperform the Baseline model, demonstrating the benefit of incor-

porating anomaly detection into return probability estimation. For example, at a 120,000
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Table 4.4: Incremental Revenue Gains under Optimization and Myopic Policies

Coupon (TL) Optimization Model Myopic Policy

Baseline LOF Baseline % LOF %

10,000 38,670 42,767 18,934 48.96% 20,538 48.02%
20,000 69,273 79,051 38,182 55.12% 41,387 52.35%
30,000 96,684 111,598 57,580 59.55% 61,968 55.53%
40,000 122,018 140,422 77,124 63.21% 82,981 59.09%
50,000 145,584 165,760 95,451 65.56% 103,698 62.56%
60,000 167,613 188,752 115,469 68.89% 125,255 66.36%
70,000 187,945 209,872 136,030 72.38% 147,845 70.45%
80,000 206,536 229,440 154,579 74.84% 168,564 73.47%
90,000 223,528 247816 173,053 77.42% 189,138 76.32%
100,000 239,157 265,083 191,788 80.19% 209,482 79.03%
110,000 253,558 281,289 210,687 83.09% 230,485 81.94%
120,000 266,994 296,503 229,306 85.88% 251,972 84.98%

TL coupon budget, the LOF-based optimization yields 296,503 TL in incremental rev-
enue—surpassing the Baseline by nearly 30,000 TL. Even in the myopic and static heuris-
tics, which operate under more limited decision-making frameworks, the LOF model leads
to higher revenue than the Baseline, showing its practical utility even outside optimal
conditions. These findings confirm that data-driven anomaly detection methods like LOF

can significantly enhance coupon targeting, especially when aligned with intelligent policy

design.
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CHAPTERS

CONCLUSION

This thesis presents an integrated approach to improving online retail profitability by
combining anomaly detection techniques with dynamic coupon distribution strategies. The
study is motivated by the challenge of high return rates in e-commerce, which not only
decrease revenue but also increase operational costs. To address this, we developed a
predictive models to estimate the probability of return for each transaction and proposed a

heuristic-based policy to distribute discount coupons effectively.

Our anomaly detection analysis demonstrated that the Local Outlier Factor (LOF) model
outperforms other methods in predicting return probabilities, as indicated by its superior
AUC value. This finding justified the selection of LOF for downstream optimization
tasks. Furthermore, by constructing a logistic regression baseline model, we were able to
benchmark the added value of incorporating anomaly flags, ensuring that the improvement

in prediction performance was both measurable and statistically significant.

The coupon distribution module operationalizes these predictions to reduce the expected
cost of returns. By modeling a scenario in which 15% discount coupons are selectively

offered, we simulated a real-world decision environment where customer transactions arrive
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sequentially and decisions must be made in real time. Recognizing the limitations of having
incomplete future information, we proposed heuristics that adaptively allocate coupons
based on profitability thresholds. These heuristics were shown to closely approximate the

optimal solution derived under the unrealistic assumption of full future information.

A key contribution of this work lies in demonstrating that machine learning-driven
coupon targeting, when grounded in robust anomaly detection and guided by dynamic
optimization, can meaningfully reduce product return rates without excessive promotional
expenditure. The integration of customer behavior signals and anomaly indicators into re-
turn prediction models offers a scalable and practical pathway for enhancing post-purchase

outcomes in online retail.

5.1 Societal Impact

Beyond the direct business implications, the proposed framework also carries meaning-
ful societal impact. By reducing the number of product returns, the model indirectly
contributes to lowering the carbon footprint associated with reverse logistics, including
packaging waste, fuel consumption, and warehouse processing. Minimizing returns can
also lead to more conscious consumer behavior, particularly if incentives are aligned to

encourage deliberate purchasing decisions.

Moreover, the responsible use of data-driven techniques in coupon distribution pro-
motes fairer and more efficient allocation of promotional resources. Rather than blanket
marketing, personalized targeting ensures that discounts are directed to transactions where
they generate the most value—economically and environmentally. This aligns with sus-
tainable retail practices and supports the broader goal of reducing waste in the fast-growing

e-commerce industry.

As the digital economy continues to expand, leveraging intelligent systems not only
for profitability but also for sustainable operations represents an important step toward

balancing commercial innovation with societal responsibility.
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5.2 Further Research

While the proposed study gives promising results, there are several areas for potential
improvement and future investigation. First, although the Local Outlier Factor (LOF)
model provided better AUC scores than other anomaly detection methods, the overall AUC
values indicate room for improvement in prediction accuracy. Enhancing feature engi-
neering—such as incorporating more behavioral variables to the anomaly detection model
since we could only add limited number of transactional variables -may increase model
performance and demonstrate customer behavior more. Additionally, exploring more ad-
vanced anomaly detection techniques like deep autoencoders and Variational Autoencoders
(VAEs) improve the detection return patterns.

Secondly, this work assumes a fixed coupon value (15% discount) and focuses solely on
return probability reduction. Future studies could incorporate multi-objective optimization
frameworks that simultaneously consider return probability, customer lifetime value, and
retention probability. Moreover, adaptive coupon values based on predicted elasticity could

be tested to improve cost-efficiency.

Lastly, a broader application across different product categories, customer segments,
and longer time horizons would help assess the generalizability and robustness of the
model. Cross-validation with external datasets and real-world A/B testing would provide

further empirical grounding.

By addressing these avenues, future research can build upon this foundation to create
even more effective, scalable, and socially responsible coupon distribution systems in

online retail.
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APPENDICES

Appendix A: Estimation of k57

Here, we outline the estimation procedure for k57, in . First note that 7(¢) in

could be rewritten as:

T(¥) =Ex

HFI{(p”(X) - pS(X)) (%Jrg) —1> w}] (5.1)
Our historical data consists of a sample of K transactions. For each transaction k, we have
information on the price and profit margin of the purchased product, and the estimated
return probabilities with and without the coupon for the customer. We will first provide
an algorithm to estimate 7(y) in for a given ¢ > 0 and past transaction, 7(¢) could
be estimated as:

1 ¢ 4
2w = 2ot [ =) (G ) <12 0, 52)
k=1

where [{.} is the indicator function.

Now we can present the algorithm for computing the threshold k5”

, which will be used
for the upcoming 7 time periods. For a given B, T and the historical data, the threshold

k5P could be estimated with Figure 7]
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Algorithm 7 Estimation of Threshold k57

Input: Budget B, time horizon 7', historical data {(r¢, @k, pi, p‘,;)}f: 1
Output: Estimated threshold k5?
86 Estimate 7(0) using equation with historical data {(rk, ax, p{. pz)}f=1 if 7(0) < %
then

87 return 0

88 end

89 else

90 | Setkmpin < 0 SetE « 1073 Set kpax — (% + %) maxg (pg — py) — 1
91 while True do

92 Set k « M Estimate 7(k) using equation
93 if |#(k) — x{ry| < & then

94 ‘ return k

95 end

96 if (k) < % then

97 ‘ kmax < k

98 end

99 else

100 ‘ kmin < k

101 end

102 end
103 end
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