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Abstract in English

In enterprise environments, customer churn extends beyond a purely predictive problem,
representing a behavioral and decision-making challenge that directly affects customer
lifetime value, operational efficiency, and long-term growth. This complexity becomes
particularly pronounced in digital healthcare and online pharmacy ecosystems, where
customer interaction patterns differ across Prescription (RX), Over-the-Counter (OTC), and
FREE product interactions.

This thesis develops a behavioral Al framework for customer churn interpretation, prediction,
and decision support within a real-world online pharmacy environment. Rather than relying
on static inactivity thresholds or purely model-driven approaches, the study begins with
reconstructing customer behavior from transactional systems and progressively builds
toward segmentation, personalized churn interpretation, predictive modeling, and
operational decision logic.

The analysis is based on a large-scale transactional dataset covering 122.8 million order lines,
45.2 million completed orders, and 10.9 million customers over a 24-month period. Customer
behavior is modeled at the ordering-customer level using leakage-safe behavioral signals
derived exclusively from observable transaction patterns. Particular emphasis is placed on
return dynamics, purchasing consistency, recency-frequency behavior, and structural
differences across customer segments.

The findings demonstrate that inactivity cannot be interpreted uniformly across the
population. Distinct behavioral rhythms exist across segments and individual interaction
patterns making static churn definitions unreliable. To address this, the framework
introduces segment-specific and personalized churn definitions based on empirical return
behavior and customer-level expected interaction patterns.

Building on this foundation, the framework is extended into predictive Machine Learning (ML)
models that forecast future customer states (ACTIVE, AT RISK, CHURNED) using behaviorally
grounded features. Beyond predictive performance, the work emphasizes explainability,
scalability, and operational usability.

The thesis concludes with the design of a decision-support framework that connects
behavioral analytics, predictive intelligence, and operational prioritization. The proposed
approach demonstrates how transactional systems, behavioral modeling, and ML can be
integrated into a coherent, explainable, and scalable architecture for enterprise customer
lifecycle management.



Abstract in Greek

H anoxwpnon nedatwv (customer churn) dev amotelel anAwg éva mpoBAnua poPAsPng,
OAAQ pLa oUVOETN EMXELPNOLAKNA TIPOKANGCN TIOU CUVOEETAL AUECQ E TN CUMTEPLPOPA TWV
neAatwyv Kat tTn AnPn anmoddocswv. Ennpedlel tv aio meAdtn, TNV anodotikotnTa TWV
EVEPYELWV KL TN MOKPOTPOBEoUN avanmtuén Twv opyaviopwy. 2to TeplBaAlov twv online
dapuakeiwv, n epunveia tng kabilotatal OKOPN TO QTALTATIKA, KABW¢ Ta TmPOoTUMa
oAAnAenidpaong Sladpépouv ouoLOOTIKA HETAEL Tpoidvtwv Prescription (RX), Over-the-
Counter (OTC) kat tpoiovtwv FREE.

H napouoa epyacia avantuooel éva mAaiolo behavioral Al yla tnv katavonon, epunveia Kat
MPOPBAePn TNG amoxwpenong MeAaTwY, KABwC Kal yla tTn cUVEEDH TNG LUE TNV ETLXELPNOLAKA
AN anoddacswv og éva mpayuatiko meptBaliov online dappakeiou. Avti va Baoiletal o
OTATIKOUC OPLOMOUC adPAVELOG ] ATTOKAELOTIKA OE TIPOYVWOTIKA HOVTEAQ, N TIPOOEyyLoNn
geklvd amod TNV avaAucon TNG TMPAYUATIKAG CUUMEPLPOPAC TWV TMEAATWY, OMWG OUTH
OTTOTUTIWVETOL 0 OUVOAAOKTIKA dedopéva, kal e€eAioosTal otadlokd og TUnpatomnoinon,
e€atoplkeuévn gpunveia churn, mpoyvwaotikn povtehomoinon kot edpappoyn oe eninedo
urmootnpLEns Anng amoddacewv.

H avaAuon Baoiletal o peydAo cUvVoAo cuvaAAoKTIKwY SeS0UEVWY, TO Oomoio TepAapBAavel
122,8 ekoTOpUpLO YPAUUEG TIOpayYYEALQG, 45,2 eKATOUUUPLO OAOKANPWUEVEG TTOpAYYEALEC
kat 10,9 ekatoppUpla TEAATEG O€ XPOVIKO opilovta 24 pnvwv. H HeAETn mpaypatomnoleital
OoTo €mimedo TOU TEAATN TIOU TIPOYHUATOTOLEL TNV TaPAyYEALQ Kol XPNOLUOTOLEL
OUUTEPLPOPLKA CHUOTA TIOU TIPOKUTITOUV QTTOKAELOTIKA OO TNV TOPATNPNAOLUN 0lyOPOOTLKNA
Spaotnplotnta, dtacdaliilovtag tnv anoduyn mAnpodoplakng Stapponc. IStaitepn éudaon
Slvetal otn Suvapkn emtotpodwy, 0T CUVETELA TNC AYOPOOTIKAG CUUMEPLPOPAC, OTOUC
Oeikteg recency — frequency kat otig Sladopéc mou epdavilovral PeTafl Twv opAdwy
TeAATWV.

Ta anoteAéopata deiyvouv OTL n adpavela dev unopet va epunveuBel pe eviaio Tpomo yla
OAoug Toug TTEAATEC. AladOopETIKA MPOTUTIA CUUTEPLPOPAG KAt puBUOL Emavayopds odnyouv
oe Sladopetik onuacia tng Slag xpovikng meplodou adpavelac. Me Baon auto, to
TIPOTELVOUEVO TAAiOLO €lodyel oplopol¢ churn avd opada melatwv, KaBwg Kal
€€QTOULKEUIEVOUC OpPLOHOUG, oL omoiot PBaoilovtal otnv TPAYUATIK) Cupmnepldopd
ETLOTPOPNG KAL OTA AVALEVOUEVA TIPOTUTIA KAOE TTEAATN.

ITn OUVEXELQ, N TIPOOEYYLON EMEKTEIVETAL OE MPOYVWOTIKA povtéAa Machine Learning (ML),
Ta omoia poPBAEmouv tnVv e€EALEN TG Katdotaong twv nedatwv (ACTIVE, AT RISK, CHURNED)
HE BAon XOpAKTNPLOTIKA TIOU £ival dpeca cuvdedepéva Pe Tn cupmepldopa Toud. Népa amnod
TNV POYVWOTIKN akpifela, n epyacia Sivel Wblaitepn éudacn otnv EPUNVEUCLUOTNTO TWV
OTOTEAECUATWY, 0TN SUVATOTNTA ETLXELPNOLOKAG KALLAKWONG KL OTNV TPOKTLKA edapuoyn
TOUG OE TIPAYHOTLKA ETLXELPNOLAKA TEpLBAAAovTa.

H Baotkr ouvelodopd tng epyaciag eival o oxedlaopuodg evog eviaiou mAailciou umtootApLEng
AnUng amoddocswv, To omoio cuvdéel TNV avaluon CUUTEPLPOPAG, TNV TPOYVWOTLKA
HovTeAOTolNon KOl TNV EMLXELPNOLOKN TipoTEpPALomoinon evepyewwv. H mpooéyylon
ovaSEIKVUEL WG TO CUVAAAQKTLKA CUOTAHATA, N povteAomoinon cuunepldpopag kat to ML
UIopoUV va cuvoeBoUV o€ pilol CUVEKTIKN, EMEENYNAOLLN KO KALLOKOUEVN OPXLTEKTOVLKH YLO
™ Sloxeiplon Tou KUKAoU {wnc Twv MeEAATWV o olyxpova enterprise meptBailovra.
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1. Introduction
1.1 Purpose of the Study

Customer retention has evolved from a marketing concern into a strategic challenge that
directly affects revenue stability, operational efficiency, and long-term growth. In large-scale
digital commerce environments, particularly in digital healthcare, understanding customer
churnis no longer only about identifying inactivity, but about interpreting complex behavioral
patterns and translating them into timely and effective business decisions (Reichheld &
Sasser, 1990).

Traditional approaches often treat churn as a static outcome or a purely predictive modeling
problem. However, in practice, churn emerges from dynamic customer behavior that varies
across purchasing contexts, product interaction patterns, and individual engagement
rhythms. As a result, organizations increasingly require not only predictive models, but
structured decision-support frameworks capable of connecting transactional data, behavioral
interpretation, and operational action.

Within this context, the purpose of this thesis is to develop a structured and scalable
approach for understanding, defining, and predicting customer churn in a large-scale e-
commerce pharmacy environment. Instead of treating churn purely as a predictive task, the
study establishes a governed behavioral foundation that reconstructs customer interaction
patterns over time. Particular emphasis is placed on purchasing dynamics, return behavior,
behavioral consistency, and structural differences across customer groups in order to support
more precise and operationally meaningful churn interpretation.

Building on this behavioral foundation, the thesis moves from customer understanding to
segment-level and personalized churn definitions, before extending the framework into
predictive Machine Learning (ML) and enterprise decision-support logic. The goal is to
connect transactional data, customer behavior insights, predictive intelligence, and
operational actions in a way that is clear, scalable, and meaningful for digital healthcare e-
commerce.

1.2 Problem Statement

Customer churn represents one of the most critical challenges in e-commerce, as it directly
affects revenue stability, marketing efficiency, customer lifetime value, and long-term
business sustainability. However, in the context of an online pharmacy, churn becomes more
complex than in traditional retail environments due to the coexistence of different customer
journeys, purchasing motivations, and engagement structures (Gupta & Lehmann, 2003).

Customers do not interact with online pharmacy platforms through a single behavioral
pattern. Some exhibit occasional and low-commitment purchasing behavior driven primarily
by Over-the-Counter (OTC) or FREE products, while others follow more structured and
recurring interaction patterns associated with Prescription (RX) medication needs. As a result,
customer activity cannot be interpreted uniformly across the entire population.



These structural differences create substantial variability in ordering frequency, return
probability, purchasing consistency, and lifecycle duration. Consequently, applying a single
static churn definition across all customers leads to systematic misclassification and reduces
the effectiveness of downstream retention strategies. Customers with different purchasing
rhythms are evaluated under identical inactivity thresholds, masking important behavioral
signals and limiting both analytical reliability and business impact.

At the same time, leading digital commerce organizations increasingly rely on personalized
and data-driven retention strategies. Companies such as DocMorris, dm-drogerie markt, and
Amazon demonstrate that sustainable retention performance is driven not only by predictive
capabilities, but also by customer segmentation, ecosystem integration, and proactive
engagement mechanisms embedded within the customer experience.

This creates a clear need for an analytical approach capable of capturing structural
differences between customer groups, defining churn in a context-aware manner, supporting
personalized customer-state interpretation, and translating analytical insights into actionable
retention strategies. Addressing this challenge requires moving beyond purely model-centric
approaches and establishing a governed analytical foundation that connects customer
behavior, business logic, and predictive analytics within an explainable business framework.

Beyond churn prevention, the same behavioral perspective also creates a foundation for
understanding how customers evolve across product categories, particularly in the transition
from OTC-driven interaction toward RX-related behavior.

1.3 Industry Context and Competitive Landscape

Customer retention in e-commerce has evolved from a largely reactive process into a
structured, data-driven discipline. Leading organizations no longer rely solely on post-hoc
churn analysis, but increasingly design systems capable of proactively identifying
disengagement patterns and triggering targeted interventions before customer relationships
deteriorate.

This transformation is particularly evident in the online pharmacy and broader digital retail
ecosystem, where retention performance is increasingly shaped by personalization,
ecosystem integration, and customer interaction design rather than isolated promotional
activities. Companies such as DocMorris, dm-drogerie markt, and Amazon illustrate different
but complementary approaches to long-term customer engagement.

DocMorris reinforces customer retention through recurring healthcare-oriented interactions,
including prescription follow-ups, digital health services, and engagement processes linked
to ongoing treatment needs. This highlights the importance of embedding retention
mechanisms directly into the healthcare customer journey (DocMorris AG, 2025).

In contrast, dm-drogerie markt focuses on ecosystem-based loyalty and cross-channel
engagement through partnerships such as PAYBACK. By combining loyalty programs,
personalized offers, and customer segmentation mechanisms, the company creates an
integrated experience that encourages repeated interaction and long-term engagement (dm-
drogerie markt, 2025).



Amazon provides a well-known example of ecosystem-driven retention, where customer
interaction is deeply embedded into the platform experience through subscription models,
frictionless logistics, personalized recommendations, and large-scale predictive analytics
(Amazon, 2025).

Despite their differences, these organizations share a common principle: effective retention
management depends on understanding how customers interact with the platform over time
and how engagement patterns evolve across different customer groups. These practices
reinforce the limitations of simplistic churn definitions and highlight the need for analytical
approaches that connect behavioral understanding, predictive modeling, and operational
activation.

1.4 Business Context: Redcare Pharmacy

Redcare Pharmacy N.V. is one of the leading online pharmacy platforms in Europe, operating
across multiple markets including Germany, Austria, France, Belgium, Italy, the Netherlands,
and Switzerland. As a digital-first healthcare organization, the company combines large-scale
e-commerce operations with pharmaceutical services, offering a broad portfolio that includes
Prescription (RX) medications, Over-the-Counter (OTC) products, and general health and
wellness items (RedCare Pharmacy, 2025).

Unlike traditional e-commerce environments, online pharmacy ecosystems operate within a
highly regulated and structurally complex setting. Customer activity is influenced not only by
conventional purchasing dynamics but also by healthcare-specific constraints such as
prescription requirements, reimbursement structures, recurring treatment needs, and
regulatory obligations.

As a result, customer interactions differ across product categories. RX-related purchasing
behavior tends to follow more structured and recurring patterns, while OTC and FREE
interactions are typically more discretionary and behaviorally variable. This creates significant
heterogeneity across the customer population and makes generalized churn interpretation
particularly challenging.

At the same time, Redcare’s business model relies heavily on sustained customer
engagement and recurring purchasing activity. Customer retention is therefore not only a
marketing objective, but a core driver of operational efficiency, customer lifetime value, and
long-term growth.

Within this context, the ability to consistently understand, define, and predict customer
churn becomes strategically important. This requires an analytical approach capable of
moving beyond surface-level inactivity metrics and capturing the structural interaction
patterns that differentiate customer groups and shape long-term engagement behavior.

This combination of large-scale digital commerce dynamics and healthcare-specific
behavioral constraints makes Redcare Pharmacy a highly relevant environment for studying
customer churn in a real-world operational environment.



1.5 Literature Review and Research Positioning

Customer churn has been extensively studied across multiple industries, particularly in
telecommunications, banking, subscription services, and digital commerce environments.
Existing literature consistently demonstrates a strong relationship between customer
retention, profitability, and long-term business sustainability (Reichheld & Sasser, 1990). As
aresult, churn prediction has become one of the most widely applied use cases of data-driven
customer analytics and ML.

In non-contractual environments, where customers are not bound by explicit subscription
agreements, churn is typically inferred from inactivity rather than directly observed.
Foundational research highlights the importance of modeling return behavior, recency —
frequency dynamics, and probabilistic customer activity in order to estimate disengagement
(Fader, Hardie, & Lee, 2005). However, in practice, many implementations still rely on fixed
inactivity thresholds, which often oversimplify customer behavior and fail to account for
structural differences across customer groups.

A large body of research focuses on predictive modeling techniques, comparing algorithms
such as Logistic Regression, Random Forest, and Gradient Boosting in terms of classification
accuracy (Verbeke, Dejaeger, Martens, Hur, & Baesens, 2012). While these approaches
demonstrate strong predictive performance, they typically treat churn as a classification
problem, placing less emphasis on how churn is defined and interpreted from a behavioral
perspective.

At the same time, more recent literature emphasizes the importance of interpretability and
explainability in ML, particularly in business-critical applications (Doshi-Velez & Kim, 2017).
Although these contributions improve transparency at the model level, they often do not
address the interpretability of the churn definition itself or its alignment with real customer
behavior.

From a business perspective, the value of churn prediction extends beyond predictive
accuracy. Predictive systems must integrate with operational processes, support decision-
making, and remain aligned with governance and scalability requirements. However, many
existing approaches do not sufficiently address how behavioral interpretation, predictive
modeling, and business action connect within real organizational environments.

Taken together, these streams of research reveal a consistent gap: churn is often modeled
accurately, but not always defined meaningfully or operationalized effectively. The
disconnection between behavioral understanding, predictive modeling, and enterprise
decision-making limits the practical value of many churn analytics approaches.

This thesis addresses this gap by developing a multi-layered behavioral framework that
integrates governed data preparation, behavioral analysis, segmentation, personalized churn
interpretation, leakage-safe predictive modeling, and business decision-support logic within
a unified analytical architecture.

Rather than approaching churn exclusively as a predictive problem, the proposed approach
positions churn as a behaviorally grounded signal that must be interpreted in context and
translated into actionable decisions. In doing so, the work contributes a more realistic and

4



operationally applicable approach to customer churn management in large-scale digital
healthcare environments (Hadden, Tiwari, Roy, & Ruta, 2007).

This positioning does not aim to replace established churn prediction methods, but to
strengthen their practical relevance by improving the behavioral validity of the churn labels
and decision logic on which they depend.

1.6 Research Methodology and Thesis Structure

The thesis follows a layered methodological structure, moving from behavioral data
preparation to churn interpretation, predictive modeling, and decision-support design.

Chapter 2 establishes the behavioral data foundation and defines the transactional dataset
used throughout the analysis, with emphasis on governance and leakage-safe design.

Chapter 3 develops a behavioral understanding of customer activity through exploratory
analysis of purchasing patterns and return dynamics.

Chapter 4 introduces the behavioral segmentation framework used to group customers into
structurally meaningful segments.

Chapter 5 defines segment-level churn based on empirical behavioral differences.

Chapter 6 extends churn interpretation to the customer level through personalized
behavioral baselines.

Chapter 7 evaluates the impact of personalization on churn interpretation and business
decision-making.

Chapter 8 introduces predictive ML models for forecasting future customer states.
Chapter 9 translates predictive outputs into enterprise decision-support frameworks.

Chapter 10 summarizes the findings, limitations, and future directions.



2. Behavioral Data Foundation and Modeling Scope

A consistent definition of churn is a prerequisite for any data-driven customer retention
strategy. However, churn is not an inherent property of transactional data. Instead, it
emerges from how customer activity is scoped, filtered, reconstructed, and interpreted
within a controlled analytical environment (Reichheld & Sasser, 1990).

This chapter establishes the transactional foundation used throughout the thesis by defining
a clean, consistent, and intentionally scoped analytical dataset. The focus is not just on
preparing data for modeling, but on making sure that segmentation, churn analysis, and
predictive insights are built on consistent and understandable customer behavior patterns.

Particular emphasis is placed on entity consistency, transaction validity, and information
leakage prevention. As a result, the dataset design prioritizes reproducibility, interpretability,
and analytical robustness over unnecessary feature complexity or purely model-driven
optimization.

2.1 Analytical Scope and Time Horizon

This analysis aims to define churn as a meaningful behavioral signal that can effectively
support customer retention and reactivation efforts. Rather than treating churn as a purely
analytical concept, the framework aims to identify inactivity patterns that can be translated
into actionable interventions such as CRM campaigns, personalized recommendations, and
engagement actions (Kumar & Reinartz, 2018).

Customer purchasing behavior is analyzed over the 24 months preceding the reference date
of December 31, 2025, ensuring consistency and comparability across all subsequent
analyses. This observation window was selected to provide sufficient behavioral depth while
maintaining temporal relevance for churn interpretation and predictive modeling.

To maintain a clean and homogeneous analytical scope, the dataset is restricted to
transactions where sales_domain = 'os' and sub_company_id = 'Shop-COM'. This restriction
minimizes behavioral distortion caused by cross-market differences in regulation, logistics,
operational processes, and organizational structures. By controlling the analytical
environment at the market and operational level, the resulting churn signals remain
behaviorally consistent and comparable throughout the analysis.

2.2 Churn Modeling Scope and Entity Definition

All analyses in this thesis are performed at the ordering customer level
(super_customer_id_order), which represents the commercial entity interacting with the
platform. Importantly, the dataset includes both online and assisted orders, allowing
customer behavior to be analyzed across channels. This approach ensures that churn is
defined based on the full observed purchasing behavior of the customer rather than being
artificially biased by channel-specific interaction patterns.

For this reason, super_customer_id_order is used as the primary customer identifier, enabling
stable behavioral tracking across time and interaction channels. This is particularly important



in operational environments where customer activity may occur through multiple operational
pathways while still representing the same underlying commercial relationship.

While patient-level behavior and medication adherence are clinically relevant in a pharmacy
context, they are intentionally out of scope for this study, which focuses on commercial churn
and retention actions. In many real-world scenarios, the ordering customer and the patient
are not the same individual, such as family members placing orders on behalf of others. As a
result, patient-level churn would be considerably less usable from a business and product
perspective.

Although a customer dimension table was available, it was intentionally excluded from the
modeling scope. The table is primarily patient-centric and consists largely of pre-derived
business categorizations rather than raw behavioral signals. Incorporating such attributes
would introduce entity inconsistencies, weaken behavioral transparency, and increase the
risk of information leakage within the predictive framework (Kaufman, Rosset, Perlich, &
Stitelman, 2012).

To ensure conceptual consistency and practical applicability, churn is therefore modeled
exclusively at the ordering customer level and derived solely from observable transactional
behavior reconstructed from completed purchase history.

Since churn is interpreted through recurring purchase behavior over time, establishing a
consistent definition of what constitutes a “true order” becomes essential for all downstream
behavioral metrics and churn-state calculations (Fader, Hardie, & Lee, 2005).

2.3 Order Integrity

For churn analysis, orders are modeled at the customer-order level using main_order_id_bi,
which uniquely represents a completed customer purchase across sales domains and source
systems. This prevents the artificial inflation of order counts caused by operational order
splits at the ERP or sub-order level and ensures that behavioral metrics reflect actual
customer purchasing activity rather than system-generated technical fragmentation.

To ensure that churn signals are derived exclusively from genuine purchasing behavior, the
dataset is restricted to successfully processed transactions only. Order lines with statuses
such as Cancelled or Returned are excluded because they do not represent completed
purchases and would introduce noise into recency- and frequency-based behavioral signals.
The condition order_line_status = 'Processed’ is therefore used as the operational indicator
of completed customer transactions throughout the thesis.

For the purpose of behavioral reconstruction, Processed order lines are treated as completed
commercial interactions. This definition does not attempt to fully capture downstream
financial outcomes, returns, refunds, or fulfillment exceptions. Instead, it establishes a stable
transactional state used consistently for behavioral churn analysis.

This distinction is important because churn-related metrics such as recency, purchase
frequency, and return gaps must reflect customer purchasing behavior rather than internal
system artifacts or operational exceptions.



2.4 Transaction Value Definition and Interpretation

Customer value metrics are computed using the field sales price_net rep cur, which
represents the net reported transaction value in reporting currency after internal
adjustments such as rebates or settlements (RedCare Pharmacy, 2025).

While internal documentation describes this field as the final price paid by the customer, it
does not strictly represent out-of-pocket expenditure in all scenarios, particularly for RX
transactions involving reimbursement mechanisms. Nevertheless, the metric provides a
stable and comparable representation of transactional economic activity and is therefore
considered sufficiently robust for behavioral churn analysis.

It is important to note that this variable reflects transaction value rather than customer cash
expenditure or profit contribution. As a result, it is suitable for analyzing behavioral patterns
such as engagement, order value, purchasing activity, and customer interaction intensity, but
it should not be interpreted as a profitability or margin indicator.

This distinction is particularly important when interpreting RX-related behavior, where high
transaction values may not directly correspond to high customer spending due to
reimbursement structures and regulated pharmaceutical pricing mechanisms.

Order lines containing missing transaction values were excluded to ensure consistency across
monetary metrics used throughout the analysis. Validation confirmed that such cases
represent only a negligible share of total records and therefore have minimal impact on the
analytical population.

Accordingly, sales_price_net_rep_cur is interpreted throughout the thesis as a standardized
transaction-value proxy rather than a literal representation of patient out-of-pocket
expenditure.

2.5 Product Scope Definition

The analytical scope focuses exclusively on core commercial product types that reflect
observable purchasing activity. Specifically, the dataset is restricted to the product subtypes
FREE, OTC, and RX, which represent the primary behavioral categories relevant for churn
analysis and customer segmentation.

Operational or non-commercial transaction lines, such as vouchers, flyers, shipping-related
entries, and records without relevant product subtype information, are excluded indirectly
through this restriction. By limiting the analytical scope to these core commercial product
groups, the dataset remains behaviorally interpretable while preserving alignment with
observable customer purchasing behavior and business relevance.

This controlled product scope is particularly important because different product categories
are expected to exhibit different ordering patterns, engagement structures, purchase
rhythms, and churn dynamics throughout the customer lifecycle.



2.6 Structural Data Exclusions

Order lines representing  bill-of-material components  (bom_type_name =
'Stiicklistenposition') are excluded because they reflect internal system-level product
structuring rather than customer-visible purchasing decisions.

Including such records would artificially inflate product counts, distort order-level behavioral
metrics, and introduce misleading interpretations of customer activity. Excluding these
records therefore ensures that all derived behavioral signals reflect actual customer
purchasing behavior rather than internal ERP structuring logic.

2.7 Excluded Features and Modeling Boundaries

To ensure that churn is defined exclusively through observable customer behavior, several
feature groups are intentionally excluded from the modeling dataset.

Channel and device attributes are excluded from predictive modeling and instead applied
downstream during campaign activation, where they are operationally relevant for
communication and intervention delivery.

Product-level identifiers such as item_id and set_id are excluded because churn
interpretation is driven primarily by purchasing behavior rather than individual product
preferences. Product information is therefore abstracted into high-level behavioral
categories through item_sub_type_name.

Prescription document types are excluded from the core churn framework because churn
interpretation is independent of reimbursement or insurance mechanisms. RX behavior is
instead represented through high-level product-category indicators.

Pricing, promotion, and fulfillment-related attributes, including vouchers, marketplace
indicators, and company-driven commercial mechanics, are excluded because they primarily
reflect operational business processes rather than intrinsic customer behavior. Similarly, pre-
derived business flags such as first-order indicators and RX/OTC classifications are
intentionally omitted to preserve behavioral transparency and prevent information leakage
within the predictive framework (Kaufman, Rosset, Perlich, & Stitelman, 2012).

2.8 Final Transactional Feature Set for Churn Modeling

The final feature set is intentionally minimal and behavior-driven. Rather than maximizing
feature coverage, the framework prioritizes variables that directly reflect observable
customer actions and can be interpreted consistently across customer groups.

This design supports robust behavioral analysis while limiting unnecessary complexity and
reducing the risk of information leakage. The resulting transactional foundation supports
segmentation, churn interpretation, and predictive modeling within a consistent analytical
framework.



Table 2.1: Transactional Data Scope and Feature Selection Criteria

Field

order_date

Explanation

Date the order was placed by the
customer.

Condition

last 24 months from Dec
31, 2025

Indicates the domain of the sales
transaction (Own Stock, Now,
Marketplace).

os

sales_domain

. Normalized sub-company identifier (e.g.,
= 'Shop-COM'
sub_company_id Shop-COM, Shop-BE), Shop-CO

. L Order ID that identifies a single customer
main_order_id_bi .
order across all sales domains.

super_customer_id_order ID of the ordering customer.

Indicates whether the order line
corresponds to a successfully completed
customer transaction.

order_line_status = 'Processed'

Item subtype classification (e.g., RX, OTC,

FREE). IN ('FREE’, 'OTC', 'RX')

item_sub_type_name

IS NULL OR <>

Bill of Materials type description. g .
! 1als typ cript 'Stiicklistenposition'

bom_type_name

Net reported transaction value (reporting
currency), used as a proxy for customer
economic value.

sales_price_net_rep_cur IS NOT NULL

2.9 Dataset Overview and Key Statistics

Before proceeding to behavioral analysis, a validation step is performed to ensure that the
cleaned dataset is complete, consistent, and suitable for downstream analysis. This step
verifies the correct application of behavioral scope restrictions, transaction-validity filters,
and structural exclusions, while also providing a high-level overview of dataset scale,
customer coverage, and transactional structure.

The complete SQL implementation used to construct and validate the final scoped
transactional dataset is provided in Appendix A.

Table 2.2 summarizes the final dataset after the application of all scope restrictions and
validation rules.
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Table 2.2: Overview of the Cleaned Transaction Dataset (24-Month Scope)

Category Metric Value

. . . December 31, 2023 to December 31,
Time Observation period

2025
Total order lines 122.8 million
Scale Total orders 45.2 million
Total customers 10.9 million
Average items per order 2.7
Behavior
Average orders per customer 4.2
Value Total transaction value €2.19 billion

The final dataset consists of approximately 122.8 million order lines, corresponding to 45.2
million completed orders placed by 10.9 million unique customers within the defined 24-
month analytical window. The observation period spans from December 31, 2023 to
December 31, 2025, ensuring full coverage of two complete annual business cycles.

From a structural perspective, the dataset reflects substantial customer activity and a strong
repeat-purchase component. On average, each order contains approximately 2.7 order lines,
while customers place an average of 4.2 orders during the observed period. These patterns
indicate that customer interaction is not dominated by isolated transactions, but includes
substantial repeat-purchase behavior over time.

The validation process also confirmed strong structural consistency across the dataset. No
missing values were identified in critical behavioral identifiers such as main_order_id_bi and
super_customer_id_order after the application of the scoped transactional filters. Remaining
records also contain valid transaction-value information, supporting consistency across
monetary behavioral metrics.

From a behavioral composition perspective, the dataset contains a balanced mix of FREE,
OTC, and RX transactions, with OTC representing the largest behavioral component, followed
by FREE interactions and a smaller but strategically important RX segment. This distribution
is analytically significant because different product groups are expected to exhibit different
ordering rhythms, engagement structures, and churn dynamics. Preserving this behavioral
diversity is therefore essential for the segmentation, personalized churn interpretation, and
predictive modeling framework developed in the following chapters.

Overall, the resulting dataset provides a controlled analytical basis for the remainder of the
thesis. Its size, consistency, and transactional scope support robust behavioral analysis while
preserving interpretability across subsequent analytical and predictive stages.
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3. Behavioral Understanding Framework

3.1 Behavioral Understanding as a Prerequisite for Churn Definition

Customer churn is often treated as a classification problem in which customers are labeled
according to predefined inactivity rules or predictive outcomes. However, without
understanding how customer behavior evolves over time, such definitions risk becoming
disconnected from actual engagement patterns. Inactivity emerges from purchasing
frequency, return timing, engagement consistency, and interaction intensity, all of which may
vary across customers and product categories (Reichheld & Sasser, 1990).

This chapter does not aim to define churn directly, but rather to uncover the behavioral
patterns that later support churn interpretation. At this stage, no predictive models, churn
classifications, or fixed thresholds are applied. Instead, the focus is on understanding
purchasing behavior and temporal dynamics that influence long-term customer engagement.

Customer behavior is analyzed across two complementary analytical layers: order-line-level
interaction patterns and order-level behavioral dynamics over time (Fader, Hardie, & Lee,
2005). The reusable SQL views supporting this behavioral reconstruction are provided in
Appendix B.

3.2 Behavioral Analysis Framework and Layered Structure

Customer activity is analyzed across two complementary layers. The order-line level captures
what customers purchase and how they interact with FREE, OTC, and RX product categories.
The order level captures how behavior evolves over time through ordering frequency, return
timing, and recurring engagement patterns. Together, these layers connect purchasing
composition with longitudinal customer behavior.

Across both layers, the analysis focuses on three behavioral dimensions: engagement
intensity, purchase frequency, and return behavior. Engagement intensity reflects the depth
of customer interaction, purchase frequency captures the regularity of ordering activity, and
return behavior describes how quickly customers return after a completed purchase.

This structure is necessary because customer interaction patterns differ across product
categories and purchasing motivations. As a result, identical inactivity periods may represent
different behavioral states depending on the underlying customer context.

3.3 The Role of Order-Line Level in Behavioral Interpretation

3.3.1 Justification for Order-Line Level Analysis

Although churn is ultimately interpreted at the customer level and behavioral dynamics
evolve over time at the order level, these patterns cannot be fully understood without
examining what customers purchase. The order-line level provides the product-interaction
context required to interpret customer behavior, including product composition, category
engagement, and purchasing structure within individual orders.

This phase is particularly relevant in an online pharmacy environment, where RX, OTC, and
FREE interactions reflect different behavioral mechanisms. RX-related purchases are often
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associated with recurring and necessity-driven behavior, while OTC and FREE interactions
tend to be more discretionary and variable over time. Similar inactivity periods may therefore
represent different behavioral situations depending on the underlying product context.

For this reason, the order-line level functions as a contextual layer rather than a direct churn-
definition layer. Churn itself is later evaluated through temporal behavioral dynamics such as
recency, frequency, and return behavior, but these signals require product-interaction
context to be interpreted correctly.

3.3.2 Product Subtype Composition and Its Behavioral Implications

This analysis examines how customer activity is distributed across the three core commercial
product categories: FREE, OTC, and RX. Rather than treating all transactions as behaviorally
equivalent, the objective is to identify differences in customer reach, transaction volume, and
economic contribution across product subtypes. These differences provide important context
for later segmentation because each product category reflects a distinct interaction structure.

Table 3.1 summarizes the distribution of customer activity across product subtypes in terms
of transactional volume, customer reach, and revenue contribution.

Table 3.1: Customer Reach and Revenue Contribution Across Product Types

Product Order Lines Orders Customers Customer Share  Revenue Share
Subtype (M) (M) (M) (%) (%)
FREE 51.1 29.3 8.7 46.86 40.69
0oTC 63.0 29.4 8.4 44.97 33.23
RX 8.8 4.8 1.5 8.17 26.06

To further illustrate the relationship between customer reach and economic contribution
across product categories, Figure 3.1 visualizes the relative contribution of each subtype to
the customer base and overall transaction value.
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Figure 3.1: Customer Reach and Revenue Contribution Across Product Subtypes
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The distribution reveals a clear divergence between customer reach and economic
contribution. FREE and OTC interactions dominate the customer base, together representing
more than 91% of customers, while RX-related interactions account for a much smaller
customer share but contribute disproportionately to total transaction value.

This pattern indicates that RX behavior differs structurally from FREE and OTC interaction
patterns. Customers interacting primarily through FREE or OTC products may exhibit more
variable and lower-intensity purchasing behavior, whereas RX-related behavior is associated
with more economically significant interactions. Product context therefore becomes an
important input for later segmentation and churn interpretation.

3.3.3 Customer Order Frequency and Behavioral Maturity

Order frequency provides an initial indication of customer engagement depth. Customers
with repeated purchasing behavior offer more reliable behavioral signals than customers
with only one observed interaction, making frequency an important input for later churn
interpretation.

The analysis therefore examines how customers are distributed across order-frequency levels
within the 24-month observation window.

Table 3.2 summarizes the distribution of customers across order-frequency buckets within
the 24-month observation window.

Table 3.2: Customer Distribution Across Order Frequency Levels

Order Frequency Bucket Customers (M) Customer Share (%)
1 order 4.0 37.19
2-3 orders 3.0 27.51
4-5 orders 1.4 12.65
6—-10 orders 1.5 13.72
11-20 orders 0.8 7.04
21-50 orders 0.2 1.83
50+ orders 0.01 0.07

To further illustrate the concentration of customer activity across frequency levels, Figure 3.2
visualizes the percentage distribution of customers by order-frequency bucket.
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Figure 3.2: Customer Base is Dominated by Low-Frequency Purchasing Behavior

The distribution reveals a strongly concentrated engagement structure dominated by low-
frequency purchasing behavior. More than one-third of customers place only a single order,
while nearly two-thirds place no more than three orders during the observed period. This
indicates that a large share of platform interaction remains acquisition-oriented or
behaviorally shallow rather than characterized by stable long-term engagement.

Customer concentration declines rapidly as purchasing frequency increases, forming a clear
long-tail structure. From a churn perspective, this distinction matters because one-time
customers provide limited evidence of recurring behavior, while repeat customers establish
observable return patterns that can support more meaningful inactivity interpretation.

3.3.4 Entry Product Mix and Initial Customer Interaction Patterns

This analysis examines the product composition of the first and only order placed by one-time
customers. The objective is not to evaluate churn outcomes directly, but to identify which
product interactions are most associated with early-stage, non-recurring customer activity.

Initial order composition provides useful behavioral context because RX, OTC, and FREE
interactions reflect different levels of purchasing commitment and expected recurrence.

Table 3.3 summarizes the distribution of one-time customers across different entry product-
mix combinations.

Table 3.3: Entry Product Mix Distribution of One-Time Customers

Product Mix Customers (M) Customer Share (%)
FREE Only 1.5 37.40
OTC Only 1.2 29.72
FREE + OTC 1.1 26.52
RX Only 0.2 4.44
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RX + OTC 0.05 1.15
FREE + RX + OTC 0.02 0.39

FREE + RX 0.02 0.38
To further illustrate the concentration of customer entry behavior across product
combinations, Figure 3.3 visualizes the percentage distribution of one-time customers by

entry product mix.
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Figure 3.3: Entry Product Mix Distribution of One-Time Customers

The distribution reveals a highly concentrated acquisition structure dominated by FREE and
OTC interactions. More than 93% of one-time customers enter the platform through FREE
Only, OTC Only, or FREE + OTC combinations.

RX-related entry behavior represents only a small share of one-time activity, suggesting that
RX-driven relationships are less frequently associated with isolated interactions. Entry
product composition therefore provides early context for distinguishing low-commitment
acquisition behavior from potentially more stable engagement trajectories.

3.4 Order-Level Behavioral Dynamics Over Time

3.4.1 Structural Distribution of Repeat Purchase Behavior

The analysis now explores how repeat purchasing behavior develops over time across the
customer base. The aim is to determine whether customer return activity tends to cluster
within specific time periods or remains broadly distributed throughout the observed
timeframe.

Rather than relying on predefined churn assumptions, this step evaluates observed return
behavior after completed purchases. This temporal structure is essential because churn
interpretation depends on when repeat activity normally occurs.

Table 3.4 summarizes the cumulative share of repeat orders observed at selected inter-order
thresholds across the full behavioral horizon.
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Table 3.4: Cumulative Distribution of Repeat Orders Across Key Return Thresholds

Return Threshold (Days) Cumulative Share of Repeat Orders (%)
7 10.08
14 18.52
30 36.46
60 59.84
90 73.21
180 89.83
365 98.08
540 99.66
731 100.00

To complement the milestone-based summary, Figure 3.4 visualizes the cumulative
accumulation of repeat purchasing behavior across the complete observed return horizon.
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Figure 3.4: Cumulative Repeat-Order Distribution Across Return Windows

The distribution shows that repeat purchasing activity accumulates rapidly in the earlier part
of the observed horizon before progressively flattening. More than one-third of repeat orders
occur within 30 days, nearly three-quarters within 90 days, and almost all observed repeat
purchasing behavior occurs within one year.

This pattern indicates that customer return behavior is not evenly distributed over time.
Although late returns remain observable, their incremental contribution becomes limited
beyond the first year. For churn interpretation, this supports the use of empirically observed
return behavior rather than arbitrary inactivity assumptions.
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3.4.2 Customer Purchase Frequency Distribution (Orders per Customer)

While inter-order timing explains how quickly customers return, purchase frequency
describes the depth of engagement over the full observation horizon. This distinction is

important because inactivity has different meanings for customers with different historical
purchasing baselines.

Figure 3.5 illustrates the distribution of customer purchase frequency across the observed
population.
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Figure 3.5: Customer Purchase Frequency Exhibits a Strong Long-Tail Distribution

To complement the raw frequency distribution, Figure 3.6 visualizes the cumulative
concentration of customers as purchase frequency increases.
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Figure 3.6: Cumulative Distribution of Customer Purchase Frequency

The distribution is strongly right-skewed, with most customers concentrated at low order-
frequency levels and only a small share exhibiting highly frequent purchasing behavior. The
cumulative view reinforces this long-tail structure by showing that consistently recurring
engagement is limited to a relatively narrow part of the customer base.

Purchase frequency therefore becomes an important behavioral baseline for later churn
interpretation. The same inactivity period may be less informative for low-frequency
customers but more meaningful for customers with historically frequent ordering behavior.
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3.4.3 Behavioral Structure and Interpretation of Customer Inactivity

The previous analyses show that repeat purchasing behavior differs both in timing and
frequency. Customer inactivity therefore does not carry a fixed meaning across the
population: the same elapsed time since the last order may be expected for one customer
group while signaling disengagement for another.

This section identifies the main behavioral dimensions that shape inactivity interpretation
before formal churn thresholds are introduced.

Return Timing Structure

The first dimension concerns how quickly customers typically return after a completed order.
Inter-order activity is grouped into discrete return windows representing different stages of
customer re-engagement.

Figure 3.7 summarizes the distribution of repeat orders across inter-order time buckets
within the first observed year after purchase.
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Figure 3.7: Repeat Orders Cluster Around Distinct Behavioral Return Windows

Repeat purchasing activity is concentrated within specific return windows rather than spread
evenly over time. The strongest concentration occurs between 31 and 60 days, followed by
15 to 30 days and 91 to 180 days. Very early reorders and very late returns represent smaller
shares of total repeat activity.

This structure indicates that inactivity becomes more meaningful once customers move
beyond the dominant return windows observed across the population.

Return Accumulation Dynamics

The cumulative return structure adds a second perspective by showing how quickly repeat
activity accumulates across the full horizon. As shown earlier, most repeat activity occurs
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relatively early, while additional accumulation slows over time. This means that the
informational value of inactivity changes across the customer lifecycle.

Behavioral Stability and Ordering Consistency

Beyond timing and frequency, customer inactivity is also shaped by the consistency of
individual purchasing behavior over time. Some customers exhibit relatively stable inter-
order patterns, while others alternate between short bursts of activity and long inactive
periods. To evaluate this variability, customers are grouped into behavioral stability segments
based on the consistency of their inter-order gaps.

Table 3.5: Behavioral Stability Characteristics by Consistency Segment

Behavioral Consistency Customer Share Avg Gap Median Gap IQR
Segment (%) (Days) (Days) (Days)
Very Consistent 7.40 130.7 122.0 26.3
Consistent 16.00 103.1 90.4 59.3
Variable 56.03 83.6 63.7 87.6
Highly Variable 20.57 78.1 28.2 1114

Figure 3.8 complements the structural statistics by illustrating how customers are distributed
across these behavioral stability segments.
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Figure 3.8: Customer Behavior is Predominantly Variable Rather Than Consistent

The results show that highly stable purchasing behavior represents a relatively small portion
of the customer base, while most customers exhibit moderate or high variability in their
ordering patterns. This confirms that repeat purchasing behavior is structurally
heterogeneous.

For churn interpretation, consistency matters because deviations from expected rhythm are
more informative for stable customers than for highly variable customers. Together, return
timing, return accumulation, and behavioral consistency demonstrate why inactivity must
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later be interpreted relative to behavioral context rather than through a single universal
threshold.

3.4.4 Customer Order Type Profile

While the previous sections focused on when and how frequently customers return, churn
interpretation also requires understanding what customers purchase. FREE, OTC, and RX
products reflect different purchasing contexts, engagement structures, and commercial

characteristics.

At the order level, customers often interact across multiple product categories within the
same transaction. Table 3.6 summarizes the distribution of observed order compositions
before these patterns are translated into simplified customer-level behavioral profiles.

Table 3.6: Distribution of Order Composition Across Product Type Combinations

Order Composition Orders (M) Share of Orders (%)
FREE + OTC 15.8 35.02
FREE Only 12.6 27.75
OTC Only 12.0 26.60
RX Only 2.9 6.41
RX + OTC 1.0 2.30
FREE + RX + OTC 0.5 1.03
FREE + RX 0.4 0.88

Figure 3.9 complements the table by visualizing the relative distribution of observed order
compositions across the transactional base.
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Figure 3.9: Customer Orders Are Structurally Mixed Across Product Types
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The results show that customer interaction is structurally mixed rather than isolated by
product category. The dominant order pattern combines FREE and OTC products, while FREE
Only and OTC Only purchases also represent substantial shares of order activity. Purely RX-
driven and mixed RX combinations remain comparatively smaller.

Because raw order composition is analytically rich but difficult to use directly for churn
interpretation, these patterns are translated into a simplified customer-level segmentation
logic. The abstraction follows a business-aligned hierarchy in which RX interaction dominates
OTC and FREE behavior, while OTC dominates purely FREE interaction patterns.

Figure 3.10 illustrates the deterministic classification logic used to assign each customer to a
single dominant behavioral profile.
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Figure 3.10: Business-Aligned Hierarchical Logic for Customer Order Type Classification

The resulting customer-level abstraction translates observed transactional behavior into
mutually exclusive behavioral profiles that remain grounded in the actual composition of
customer orders while supporting clearer analytical interpretation.

Table 3.7 summarizes the final customer distribution across these behavioral segments.

Table 3.7: Customer Distribution Across Behavioral Order Type Segments

Customer Segment Customers (M) Customer Share (%)
OTC CUSTOMER 7.2 66.21
FREE Only CUSTOMER 2.2 19.81
RX CUSTOMER 1.5 13.98

Figure 3.11 visualizes the relative size of each behavioral customer segment.
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Figure 3.11: Customer Distribution by Behavioral Order Type Profile

The resulting segmentation shows a strong dominance of OTC CUSTOMER behavior across
the customer base, while RX CUSTOMER represents a smaller but structurally distinct
segment. FREE Only CUSTOMER forms a separate low-engagement profile characterized by
lower-complexity interaction patterns.

The hierarchical abstraction ensures that any observed RX interaction elevates the customer
into the RX CUSTOMER segment, reflecting the behavioral and commercial significance of
prescription-related purchasing. This distinction is important because RX CUSTOMER
behavior follows different engagement structures from OTC CUSTOMER and FREE Only
CUSTOMER behavior.

3.4.5 Internal Behavioral Structure of Customer Segments in Recency-Frequency
Space

After assigning customers to order-type segments, the analysis examines how activity is
distributed within each segment over time. Segment membership alone does not imply
uniform engagement: customers in the same segment may still differ in recency, frequency,
and inactivity patterns.

To make this internal variation visible, customers are positioned within a recency—frequency
framework defined by how recently and how frequently they interact with the platform. This
helps assess whether each segment is behaviorally concentrated or internally dispersed.

Segment-Level Engagement Baseline

Before examining the detailed recency — frequency distributions, a high-level behavioral
baseline is established for each customer segment. The goal of this step is not to define churn
behavior directly, but to provide an initial directional comparison of engagement intensity
across the previously defined order-type segments.

Table 3.8: Segment-Level Engagement Baseline Across Customer Segments

Customer Segment Customers (M) Avg Orders per Customer Avg Recency (Days)

OTC CUSTOMER 7.2 4.28 223.41
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FREE Only CUSTOMER 2.2 1.61 324.52

RX CUSTOMER 1.5 7.23 143.57

The segment-level baseline reveals a clear engagement gradient. RX CUSTOMER exhibits the
highest average purchase frequency and lowest recency, while FREE Only CUSTOMER shows
infrequent purchasing and longer inactivity. OTC CUSTOMER occupies an intermediate
position. However, these averages do not show how behavior is distributed internally within
each group, making a more granular recency—frequency view necessary.

Internal Recency-Frequency Structure of the RX CUSTOMER Segment

The RX CUSTOMER segment shows a strong concentration of high-frequency and recent
activity, indicating structurally stable and recurring engagement behavior.
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Figure 3.12: RX CUSTOMER Engagement Concentration

RX CUSTOMER activity is strongly concentrated in recent and high-frequency zones,
confirming the recurring nature of prescription-related engagement. However, some
customers are distributed across mid-term, long inactive, and dormant states.

Internal Recency-Frequency Structure of the OTC CUSTOMER Segment

The OTC CUSTOMER segment exhibits broad behavioral dispersion across engagement states,
reflecting structurally heterogeneous interaction patterns.
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Figure 3.13: OTC CUSTOMER Engagement Concentration
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OTC CUSTOMER shows the broadest dispersion across recency and frequency combinations.
The segment includes highly engaged customers, occasional purchasers, and customers with
extended inactivity. This heterogeneity makes OTC CUSTOMER particularly sensitive to
oversimplified inactivity thresholds.

Internal Recency-Frequency Structure of the FREE Only CUSTOMER Segment

The FREE Only CUSTOMER segment is concentrated in low-engagement and inactive states,
indicating structurally weak and discontinuous interaction behavior.

VERY RECENT

i
s
o
&
=
g
=

LONG INACTIVE

DORMANT

‘ONE TIME LOW FREQUENCY MEDIUM FREQUENCY HIGH FREQUENCY
Frequency Bucket

Figure 3.14: FREE CUSTOMER Engagement Concentration

FREE Only CUSTOMER is concentrated in low-frequency and dormant zones, with a strong
presence of one-time and highly inactive customers. Sustained engagement is limited,
indicating a structurally different retention context from RX-driven behavior.

Cross-Segment Behavioral Interpretation

The recency—frequency analysis shows that customer segments are internally heterogeneous
and cannot be described through average engagement metrics alone. RX CUSTOMER contains
the strongest active core but also includes customers moving toward lower activity states.
OTC CUSTOMER is the most dispersed segment, while FREE Only CUSTOMER is concentrated
in low-engagement and dormant zones.

These findings create an important constraint for churn interpretation: inactivity must be
evaluated together with purchasing intensity and segment context. A single inactivity
threshold applied uniformly across the customer base would ignore this internal behavioral
structure.

Engagement-Based Refinement Within the RX CUSTOMER Segment

Because RX CUSTOMER is commercially important but not behaviorally uniform, the segment
is further divided into RX Only and RX + OTC. This refinement assesses whether prescription-
only customers and customers combining prescription and non-prescription activity exhibit
materially different engagement patterns.
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Table 3.9: Internal Behavioral Comparison Within the RX CUSTOMER Segment

RX Customers Customer Share Avg Orders per Avg Recency
Subtype (%) Customer (Days)
RX + OTC 1,171,951 77.10 8.75 111.58
RX Only 348,028 22.90 2.11 251.27

The comparison reveals a substantial divergence within RX CUSTOMER. RX + OTC customers
exhibit stronger engagement, combining higher purchase frequency with lower recency. This
suggests a broader and more continuous relationship with the platform beyond isolated
prescription fulfillment.

RX Only customers display lower purchasing frequency and higher recency, indicating a more
episodic interaction structure. This confirms that even the RX CUSTOMER segment contains
important internal variation, requiring additional behavioral context for churn interpretation.

3.4.6 Return Probability by Segment - Empirical Time-to-Next-Order Analysis

Following the recency — frequency analysis, the next step is to examine how quickly
customers return after a completed purchase across the main behavioral segments
(Schmittlein, Morrison, & Colombo, 1987). This analysis measures empirical return
probability across selected time horizons using observed inter-order transitions.

The focus is not to define churn thresholds directly, but to estimate the natural return rhythm
of each segment. If return dynamics differ materially across customer groups, the same
inactivity period cannot carry the same meaning across the population.

Table 3.10: Segment-Level Return Probability and Time-to-Next-Order Statistics

Observed Return Return Return Return Return DA:gS Median
Customer Order Within  Within Within Within  Within t! Days to
Segment Transitions 30d 60d 90d 180d 365d N Next
(M) (%) (%) (%) (%) (%) Order  Order
oTc 23.6 32.90 56.54 70.58 88.56 97.82 81.55 51
CUSTOMER ' ' ' ) ) ) )
RX 9.5 47.40 70.89 82.52 94.81 99.30 54.58 33
CUSTOMER ' ' ' ' ' ' '
FREE Only
CUSTOMER 1.3 21.47 39.32 53.19 76.75 93.96 123.81 83

The segment-level return statistics reveal clear and structurally different temporal
engagement patterns across the customer base. RX CUSTOMER exhibits the fastest and most
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concentrated return behavior, with nearly half of all observed transitions followed by another
purchase within 30 days and more than 80% occurring within 90 days. The relatively short
median return interval confirms that recurring engagement is structurally embedded within
RX-driven behavior.

OTC CUSTOMER follows a more moderate return trajectory. Return accumulation is gradual,
and inactivity periods are longer compared to RX CUSTOMER, suggesting a more flexible and
demand-driven interaction cycle.

FREE Only CUSTOMER displays the slowest return structure. Return probability accumulates
gradually, and both average and median inter-order intervals remain elevated, indicating
limited repeat engagement and structurally lower purchasing continuity.
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Figure 3.15: Return Behavior Varies Structurally Across Customer Segments

The cumulative return curves reinforce these differences. RX CUSTOMER demonstrates a
steep early return trajectory, OTC CUSTOMER follows a more gradual accumulation pattern,
and FREE Only CUSTOMER exhibits a flatter and delayed return structure.

These differences are central for churn interpretation. The same inactivity duration may
signal early disengagement for RX CUSTOMER while remaining closer to the expected return
rhythm of FREE Only CUSTOMER or parts of the OTC CUSTOMER population. Churn thresholds
must therefore be calibrated relative to segment-specific return dynamics.

Return-Dynamics Refinement Within the RX CUSTOMER Segment

Although RX CUSTOMER exhibits the strongest overall return behavior, the segment may still
contain different temporal engagement patterns. To evaluate this, RX CUSTOMER is refined
into RX Only and RX + OTC subgroups.
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Table 3.11: Return Probability Comparison Within the RX CUSTOMER Segment

RX Ot(»;:edr;/red Return Return Return Return D:‘;gto I::T:g
Subtype Transitions Bl BEALTE Bel Bl NZ:xt NZ:xt
[V 0, 0, 1 [V
(M) 30d (%) 60d (%) 90d (%) 80d (%) Order Order
RX * 9.1 48.05 71.69 83.22 95.17 53.12 32
oTC . . . . . .
RX Only 0.4 32.10 51.91 65.87 86.51 88.70 57

The refinement reveals a clear divergence in return dynamics. RX + OTC customers return
faster and more consistently, with nearly half of observed transitions followed by another
purchase within 30 days and more than 80% within 90 days.

RX Only customers return more slowly across all observed horizons, with higher average and
median inter-order intervals. This suggests a more episodic interaction structure driven
primarily by prescription-related need cycles.
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Figure 3.16: Cumulative Return Probability Within the RX CUSTOMER Segment

The cumulative return curves make this divergence visible. RX + OTC customers exhibit faster
return accumulation, while RX Only customers follow a flatter and delayed trajectory. This
confirms that churn interpretation must remain sensitive not only across primary customer
segments, but also within structurally distinct RX subgroups.

3.5 Behavioral Synthesis and Implications for Churn Definition

The analyses conducted throughout this chapter show that customer behavior does not
follow a single uniform engagement structure. Activity differs across purchasing frequency,
return timing, engagement intensity, product interaction, and behavioral consistency.

RX CUSTOMER behavior is characterized by faster and more concentrated return activity, OTC
CUSTOMER behavior shows broader and more heterogeneous engagement patterns, and
FREE Only CUSTOMER behavior is dominated by low-frequency interaction and prolonged
inactivity. Internal variation is also visible within segments, particularly in the distinction
between RX Only and RX + OTC customers.
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These findings establish the behavioral basis for churn interpretation. A globally applied
inactivity threshold would ignore the observed structure of customer behavior and increase
the risk of systematic misclassification. Churn must therefore be interpreted relative to

expected engagement rhythm, segment membership, return behavior, and customer
position within the broader behavioral structure.

Building on this foundation, the following chapter introduces a structured segmentation
framework that translates these observed behavioral dynamics into operationally
interpretable customer groups.
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4. Behavioral Segmentation Framework

4.1 From Behavioral Understanding to Segmentation Design

The behavioral analysis in Chapter 3 showed that customer activity does not follow a single
uniform engagement pattern. Purchasing frequency, return timing, inactivity duration,
product interaction, and behavioral consistency differ materially across the customer base.
These differences indicate that customer behavior cannot be interpreted through a single
common norm (Blattberg, Kim, & Neslin, 2008).

However, the observed behavioral complexity is difficult to use directly in downstream churn
logic. Without a structured interpretation layer, differences in product interaction, recency,
frequency, and return behavior remain analytically fragmented and difficult to translate into
consistent business rules.

This chapter addresses that gap by transforming the behavioral patterns identified in Chapter
3 into a structured segmentation framework. The purpose of segmentation is not to create
descriptive marketing personas, but to organize customer behavior into stable, explainable,
and reusable analytical groups that can support churn definition, predictive modeling, and
operational decision-making.

4.2 Segmentation Design Principles

The segmentation framework is designed to balance analytical rigor with practical usability.
Rather than increasing segmentation complexity, the focus is on building a stable behavioral
structure that supports churn interpretation, predictive modeling, and informed business
decision-making.

The first design principle is behavioral grounding. Customer groups are derived from
observed purchasing behavior rather than demographic assumptions, externally imposed
personas, or pre-defined marketing categories. This ensures that segmentation remains
linked to measurable customer interaction patterns and preserves consistency across
downstream analytical layers (Wedel & Kamakura, 2000).

The second principle is interpretability. Each segment must reflect a recognizable behavioral
profile that can be understood by both technical and business stakeholders. A segmentation
framework that is analytically sophisticated but difficult to explain would have limited
practical value in an enterprise setting.

The third principle is controlled abstraction. The proposed approach avoids unnecessary
micro-segmentation and instead focuses on the distinctions that materially affect customer
interpretation and churn evaluation. This preserves usability while still capturing the major
behavioral structures observed in the data.

Finally, the framework remains extensible. Where meaningful heterogeneity persists within
a segment, additional refinement layers can be introduced without disrupting the overall
architecture. Together, these principles position segmentation as a behavioral interpretation
layer rather than a purely descriptive categorization exercise.
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4.3 Primary Behavioral Segmentation Based on Product Interaction

The first segmentation layer is based on dominant product interaction, reflecting the role of
FREE, OTC, and RX products in shaping customer behavior. Chapter 3 showed that these
product interactions are associated with different engagement structures, return dynamics,
and levels of purchasing continuity.

RX interaction is treated as behaviorally dominant because it is associated with more
structured and recurring engagement. In the absence of RX activity, OTC interaction defines
the customer’s primary behavioral segment, while FREE Only interaction represents the
lowest structural engagement category.

To capture these differences in a stable and operationally interpretable way, customers are
assigned to a single primary segment using a deterministic hierarchical classification logic. RX
interaction is treated as behaviorally dominant due to its structurally recurring and
commercially significant nature. In the absence of RX activity, customers are classified based
on OTC interaction, while FREE Only interaction represents the lowest structural engagement
category. This results in three primary customer segments:

¢ RXCUSTOMER
e OTC CUSTOMER
e FREE Only CUSTOMER

This deterministic hierarchy creates a business-aligned abstraction layer that translates
complex product interaction patterns into stable customer groups. Rather than representing
every product combination as a separate segment, the framework prioritizes the distinctions
that are most relevant for churn interpretation and downstream decision logic.

The primary segmentation layer does not assume that all customers within a segment behave
identically. It establishes the structural starting point for behavioral interpretation, while
allowing additional refinement where the evidence shows meaningful internal heterogeneity.

4.4 Intra-Segment Behavioral Refinement of the RX CUSTOMER
Segment

The primary segmentation layer captures the main structural differences across customer
groups, but it does not fully eliminate internal heterogeneity. This is particularly important
within RX CUSTOMER, where Chapter 3 revealed a clear distinction between customers
interacting exclusively through prescription products and customers combining prescription
and non-prescription activity.

RX Only customers exhibit a more episodic and prescription-specific interaction pattern, with
lower purchase frequency and longer inactivity periods. In contrast, RX + OTC customers show
stronger engagement continuity, higher order frequency, and faster return behavior,
indicating a broader relationship with the platform.

To preserve this behavioral distinction, RX CUSTOMER is refined into two subgroups:

« RXOnly
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e RX+0TC

This refinement is introduced as an interpretive extension of the primary segmentation layer.
Its purpose is not to increase segmentation complexity, but to preserve behavioral fidelity
where the empirical evidence shows materially different engagement patterns.

The refinement demonstrates a key principle of the framework: segmentation should remain
simple enough to be usable, but flexible enough to capture heterogeneity when it affects
churn interpretation.

4.5 Recency-Frequency Behavioral Layer

Product-based segmentation defines the structural nature of customer interaction, but it
does not describe the customer’s current behavioral position. Customers within the same
segment may differ substantially in how recently and how frequently they interact with the
platform.

To capture this variation, the framework introduces a recency—frequency behavioral layer.
Recency represents the time elapsed since the customer’s most recent completed order,
while frequency reflects the level of purchasing activity observed during the analysis window.
Interpreted together, these dimensions provide a more complete view of customer
engagement than either measure alone.

This layer is not used to create additional fixed customer segments. Instead, it contextualizes
each customer’s current position within the product-based segmentation structure. Its role
is interpretive: it helps distinguish customers who share the same structural segment but
occupy different engagement positions, such as active, declining, inactive, or dormant
behavioral states.

This distinction is important for the following chapters because churn states are not assigned
directly from recency—frequency categories. They are later defined through segment-specific
return thresholds and personalized behavioral baselines.

4.6 Integrated Behavioral Segmentation Framework

The final segmentation framework integrates the behavioral dimensions established
throughout this chapter into a layered architecture. Rather than relying on a single
segmentation axis, the framework combines structural product interaction, RX-specific
refinement, and recency—frequency positioning.

At the first level, customers are grouped according to dominant product interaction. Where
meaningful internal heterogeneity remains, refinement layers are introduced, as shown in
the distinction between RX Only and RX + OTC. Finally, the recency—frequency layer provides
a temporal view of the customer’s current engagement position.

The integrated segmentation framework can therefore be summarized as follows:
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Table 4.1: Integrated Behavioral Segmentation Framework and Interpretive Role of Each Layer

Role in Behavioral

F kL Behavioral Logi

ramework Layer ehavioral Logic Output T TR e
Primary Product- Hierarchical RX CUSTOMER / OTC Defines the structural
Based interaction logic (RX>  CUSTOMER / FREE customer context
Segmentation OTC > FREE) Only CUSTOMER
RX Behavioral D|st|ng.U|§hes Captures be.havu.)ra.l

. prescription-only from  RX Only / RX + OTC heterogeneity within the
Refinement .
mixed RX engagement RX segment
Recency- Combines inactivity Contextualizes current
. Current engagement oL

Frequency timing and engagement within the

osition
P product-based segment

Behavioral Layer engagement intensity
This layered architecture keeps the segmentation framework explainable and reusable while
preserving the main behavioral differences observed in the customer base. Each layer
contributes a distinct interpretive role: product-based segmentation defines the structural
customer context, RX refinement captures meaningful heterogeneity within prescription-
related behavior, and the recency—frequency layer adds the customer’s current engagement
position.

Because the framework is grounded in observable transactional behavior, it can be
implemented within the existing analytical infrastructure without requiring opaque modeling
assumptions or externally imposed personas. It therefore provides a stable basis for the churn
definition logic developed in the following chapter.

4.7 Segmentation Readiness for Churn Definition

The segmentation framework developed in this chapter establishes the interpretive context
required for churn definition. Product-based segmentation defines the structural nature of
customer interaction, RX refinement captures meaningful heterogeneity within prescription-
related behavior, and the recency—frequency layer describes the customer’s current
engagement position.

Together, these layers make it possible to interpret inactivity relative to customer context
rather than through a single global threshold. This is the necessary transition from behavioral
observation to churn-state definition.

The following chapter builds on this segmentation framework by formalizing churn definitions
that are explicitly aligned with the observed behavioral differences across customer groups.
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5. General Segmented Churn Definition

5.1 Customer-Level Churn Base and Behavioral Overview

The analysis now moves from behavioral segmentation toward the first operational layer of
churn interpretation. The objective is to evaluate whether customer inactivity can be
interpreted consistently across behaviorally different customer groups.

A reusable customer-level churn base is established for this purpose. This layer consolidates
the behavioral attributes required for churn interpretation, including customer-level order
frequency, last observed order date, and recency relative to a fixed analytical reference point.
Each customer is also mapped to the segmentation framework introduced in Chapter 4,
including the RX Only and RX + OTC refinement within RX CUSTOMER.

Table 5.1 provides a customer-level overview of segment distribution, engagement
frequency, and recency characteristics. This overview establishes the analytical basis for
evaluating whether inactivity can realistically be interpreted through a universal rule.

Table 5.1: Behavioral Comparison Across Customer Segments

Customer RX Customers Customer Avg::rrders ReﬁZﬁcy x (:::‘acr;
M h 9

Segment Subtype (M) Share (%) T Days Days
RX RX + OTC 1.2 10.78 8.75 111.58 55
CUSTOMER ' ) ) )
RX RX Onl 0.3 3.20 2.11 251.27 226
CUSTOMER y ' ' ' '
oTC
CUSTOMER - 7.2 66.21 4.28 223.41 161
FREE Only
CUSTOMER 2.2 19.81 1.61 324.52 305

Several important behavioral differences emerge immediately. RX + OTC customers represent
the most engaged population, combining the highest average order frequency with the
lowest median recency. In contrast, RX Only customers show materially lower purchasing
frequency and longer inactivity periods despite belonging to the same primary RX CUSTOMER
segment.

The divergence is also visible across OTC CUSTOMER and FREE Only CUSTOMER. OTC
CUSTOMER shows moderate recurring engagement, while FREE Only CUSTOMER combines
the lowest order frequency with the longest inactivity horizon. The median recency of more
than 300 days suggests that prolonged inactivity may be structurally normal for a large part
of this segment rather than an immediate churn signal.
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The gap between average and median recency across segments further indicates right-
skewed inactivity distributions influenced by highly inactive customer subsets. These
differences establish the need to test whether a unified inactivity threshold can produce
coherent customer-state interpretation.

The reusable SQL views supporting the churn foundation and behavioral state assignment
logic are provided in Appendix C.

5.2 Why a Unified Churn Definition Fails: Initial Stress Test

To evaluate the limitations of a simple churn definition, a unified 90-day inactivity threshold
is applied across the full customer population. This approach reflects a common operational
shortcut: customers are classified only according to the number of days since their last
observed interaction.

The rule classifies customers with recency less than or equal to 90 days as ACTIVE and
customers exceeding 90 days as CHURNED. No segment-specific context, return expectation,
or purchasing-frequency difference is incorporated. The purpose is not to establish the final
churn definition, but to stress-test whether a one-size-fits-all rule can represent structurally
different customer groups.

Table 5.2: Unified Threshold Produces Imbalanced Customer-State Distribution Across Segments

Customer Segment RX Subtype ACTIVE (%) CHURNED (%)
FREE Only CUSTOMER - 19.06 80.94
OTC CUSTOMER - 36.51 63.49
RX CUSTOMER RX +OTC 63.26 36.74
RX CUSTOMER RX Only 28.88 71.12

Table 5.2 shows that the unified threshold produces materially different customer-state
distributions across segments. Rather than creating a stable interpretation of inactivity, the
same 90-day rule behaves very differently depending on the underlying engagement
structure.

The distortion is most visible in FREE Only CUSTOMER, where more than 80% of customers
are classified as CHURNED. Given the low-frequency and delayed return behavior observed
earlier, this result likely reflects premature churn classification rather than widespread
customer abandonment. A similar pattern appears in OTC CUSTOMER, where nearly two-
thirds of customers are classified as CHURNED despite the segment’s naturally broader
purchasing rhythm.

The RX CUSTOMER segment initially appears more balanced, but the RX refinement reveals a
different picture. RX + OTC customers remain predominantly ACTIVE, while RX Only
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customers are mostly classified as CHURNED. This confirms that even within the same
primary segment, a fixed inactivity threshold can conceal important behavioral differences.

Operationally, such distortions would affect retention prioritization and intervention timing.
Low-frequency customers could be over-targeted, while faster-returning customer groups
may require earlier detection logic. Figure 5.1 visualizes the same classification results using
normalized segment-level distributions.
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Figure 5.1: Customer-State Distribution Under a Unified 90-Day Inactivity Threshold

The stress test confirms that inactivity cannot be interpreted independently of behavioral
context. A globally applied threshold fails to produce meaningful interpretation of inactivity
across customer segments and supports the use of segment-specific churn definitions.

5.3 Empirical Return Milestones as the Basis for Churn Definition

Having shown the limitations of a unified threshold, the next step is to derive churn reference
points from observed return behavior. Instead of relying on arbitrary calendar-based rules,
this section uses empirical return milestones to identify when inactivity remains within
normal segment behavior and when it becomes increasingly atypical.

Three milestones are extracted from each segment’s inter-order gap distribution. P50
represents the typical return horizon, P80 captures the upper boundary within which most
customers still return, and P90 marks the point beyond which inactivity becomes increasingly
unusual for the segment. These thresholds are derived from observed customer behavior
rather than imposed externally.

Table 5.3: Segment-Level Empirical Return Milestones (P50, P80, P90)

Customer Segment P50 Days P80 Days P90 Days
RX CUSTOMER 33 83 127
OTC CUSTOMER 51 124 194
FREE Only CUSTOMER 83 201 299
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Table 5.3 shows clear differences in return horizons across segments. RX CUSTOMER has the
fastest and most concentrated return behavior, with a median return time of 33 days and a
P90 threshold of 127 days. This indicates that extended inactivity becomes unusual relatively
quickly within this segment.

OTC CUSTOMER follows a broader return structure, with a median of 51 days and a P90
threshold of 194 days. Longer inactivity periods therefore remain behaviorally plausible for a
larger share of this segment.

FREE Only CUSTOMER shows the slowest return rhythm, with a median return time of 83 days
and a P90 threshold approaching 300 days. This confirms that extended inactivity is
structurally embedded in the segment’s normal behavior and should not be interpreted
through the same timing logic used for RX CUSTOMER.

The widening distance between P50, P80, and P90 across segments also indicates increasing
variability in return behavior. These milestones provide the behavioral basis for defining
segment-specific customer states in the next section.

5.4 Segment-Specific Behavioral State Definition

The empirical return milestones provide the foundation for translating inactivity into
segment-specific behavioral states. These states are designed to reflect actual return
behavior while remaining consistent and practical for downstream business applications.

A key design decision concerns the boundary between normal inactivity and early churn risk.
Using P50 as the ACTIVE boundary would make the framework highly sensitive, but it would
also classify many customers as at risk simply because they return later than the segment
median. This would increase false-positive interpretation, especially in segments with
broader return distributions.

For this reason, the framework adopts a more conservative P80/P90 design. Customers
remain ACTIVE while their recency stays within the segment-specific P80 return milestone.
Customers between P80 and P90 are classified as AT RISK, representing meaningful deviation
but still within a potentially recoverable intervention window. Customers beyond P90 are
classified as CHURNED, as their inactivity exceeds the late-return horizon observed for the
large majority of the segment.

This design balances sensitivity with false-positive control. It avoids labeling customers too
early while still identifying a targeted intervention window before inactivity becomes
structurally atypical. This is particularly important in an e-commerce pharmacy environment,
where purchasing rhythms vary across prescription-related, OTC, and FREE Only interactions.
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Table 5.4: Segment-Specific Behavioral State Definition Logic

Behavioral . . . .
State Threshold Logic Interpretation Business Meaning
Customer remains within the No churn signal:
ACTIVE Recency < P80 expected return horizon of the g. .
normal monitoring
segment
Customer has moved beyond typical Actionable
AT RISK P80 < Recency £ P90  return behavior but remains within  intervention
the late-return range window
Customer is beyond the segment- Reactivation / win-
CHURNED Recency > P90 - .
4 specific late-return threshold back logic

The resulting state model supports differentiated business action. ACTIVE customers remain
within their expected segment-level return horizon. AT RISK customers have moved beyond
typical return behavior but remain within an actionable intervention window. CHURNED
customers have exceeded the segment-specific late-return boundary and are better suited
for reactivation or win-back logic.

At this stage, states are intentionally defined at the level of the primary behavioral segments.
This preserves clarity before introducing customer-level personalization in Chapter 6.

5.5 Application of Segment-Specific Churn States

The segment-specific P80/P90 logic is then applied across the customer base to evaluate how
customers distribute across ACTIVE, AT RISK, and CHURNED states. This step does not
introduce new rules; it applies the thresholds defined in Section 5.4 to each customer based
on their segment.

The goal is to evaluate whether segment-specific thresholds provide a more realistic
interpretation of customer inactivity than the unified 90-day rule used earlier.

Table 5.5: Customer-State Distribution Under Segment-Specific Threshold Logic

AT

Customer ACTIVE ACTIVE AT RISK CHURNED CHURNED
RISK
Segment Customers (%) Customers (%) Customers (%)
0

RX 811,240 53.37 147,418 9.70 561,321 36.93
CUSTOMER ’ ' ’ ’ ’ '
orc 3,153,285 43.82 816,892 11.35 3,226,312 44.83
CUSTOMER T ' ’ ' e '
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FREE Only

CUSTOMER 763,747 35.48 293,787 13.65 1,095,212 50.88

The goal is to evaluate whether segment-specific thresholds provide a more realistic
interpretation of customer inactivity than the unified 90-day rule used earlier.

Table 5.5 shows that segment-specific thresholds produce a more balanced and behaviorally
aligned customer-state distribution than the unified threshold. RX CUSTOMER retains the
strongest ACTIVE base, consistent with its shorter and more concentrated return horizon.

OTC CUSTOMER shows a more balanced distribution across ACTIVE, AT RISK, and CHURNED
states, reflecting its broader and more flexible return behavior. FREE Only CUSTOMER
remains the least continuously engaged segment, but the framework no longer classifies the
overwhelming majority of the segment as churned solely because of extended inactivity.

Figure 5.2 visualizes the resulting proportional customer-state distribution across segments.
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Figure 5.2: Customer-State Distribution Under Segment-Specific Thresholds

Under the segment-specific framework, inactivity is no longer treated as an absolute number
of elapsed days. Customer states are evaluated relative to the expected return structure of
the corresponding segment, creating a more context-aware interpretation of churn risk.

However, the results also show the remaining limitation of segment-level logic. Customers
within the same segment may still differ in ordering rhythm, engagement intensity, and
return expectations. This motivates the move toward personalized churn interpretation in
Chapter 6.

5.6 Cross-Segment Interpretation of Inactivity

The practical meaning of segment-specific churn logic becomes clear when identical inactivity
durations are compared across customer segments. This section does not introduce
additional churn rules; it illustrates how the same elapsed time without an order is
interpreted differently depending on segment-specific return expectations.

39



Table 5.6: Cross-Segment Interpretation of Identical Inactivity Durations

Inactivity Days RX CUSTOMER OTC CUSTOMER FREE Only CUSTOMER
60 ACTIVE ACTIVE ACTIVE
100 AT RISK ACTIVE ACTIVE
150 CHURNED AT RISK ACTIVE
220 CHURNED CHURNED AT RISK
300 CHURNED CHURNED CHURNED

Table 5.6 shows that inactivity is a context-dependent signal rather than an absolute
indicator. At 100 inactivity days, RX CUSTOMER has already entered the AT RISK range, while
OTC CUSTOMER and FREE Only CUSTOMER remain ACTIVE. At 150 days, RX CUSTOMER is
classified as CHURNED, OTC CUSTOMER as AT RISK, and FREE Only CUSTOMER remains
ACTIVE.

The interpretation gradually converges at higher inactivity durations. By 300 days, all
segments are classified as CHURNED, but the path toward this state differs substantially by
segment. RX CUSTOMER reaches meaningful inactivity much earlier, while FREE Only
CUSTOMER transitions more gradually due to its slower return rhythm.

This illustrates the central value of the segment-specific framework: churn states are assigned
relative to observed return behavior rather than through a uniform calendar rule. At the same
time, the example also exposes the limitation of group-level interpretation, since individual
customers within the same segment may still have different personal return rhythms.

5.7 Business Interpretation and Actionability

The segment-specific churn framework translates behavioral states into differentiated
business actions. Once inactivity is interpreted relative to segment-specific return dynamics,
customer states can support intervention timing, retention prioritization, and engagement
strategy design (Buckinx & Van den Poel, 2005).

The states should be understood as levels of behavioral deviation rather than static labels.
ACTIVE customers remain within expected segment behavior, AT RISK customers represent a
meaningful but potentially recoverable deviation, and CHURNED customers have moved
beyond the expected return horizon.
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Table 5.7: Mapping of Behavioral States to Business Actions

Customer

State Behavioral Meaning Business Objective Typical Actions

. I Maintain engagement
Customer remains within
ACTIVE . and prevent gradual
expected return behavior

Routine communication,
lightweight personalization

drop-off
Customer shows Prevent churn Targeted reminders,
AT RISK meaningful deviation from through timely replenishment nudges,
expected return timing intervention incentive-based retention
Customer has moved , Win-back campaigns,
Reactivate or re- . .
CHURNED beyond expected return stronger incentives,

. acquire customer
horizon

reactivation strategies

The states should be understood as levels of behavioral deviation rather than static labels.
ACTIVE customers remain within expected segment behavior, AT RISK customers represent a
meaningful but potentially recoverable deviation, and CHURNED customers have moved
beyond the expected return horizon.

Table 5.7 links each behavioral state to a corresponding business objective. The proposed
approach does not assume that every inactive customer requires the same intervention
intensity. Instead, treatment can be aligned with the behavioral meaning of inactivity within
each segment.

The AT RISK state is the most strategically important intervention window. It identifies
customers whose behavior has moved beyond the expected return range but has not yet
reached the late-return boundary. This creates a more usable balance between intervening
too early and reacting too late.

From a business perspective, the value of the framework lies in prioritization. It helps
distinguish normal behavioral variability from meaningful disengagement, supporting more
focused retention actions and reducing unnecessary campaign noise.

The proposed approach remains a segment-level baseline and improves interpretability
compared to unified thresholds, but it does not yet capture individual customer return
expectations. This limitation leads directly to the personalized churn logic.

5.8 Limitations of Segment-Level Definitions and Transition to
Personalization

The segment-specific churn framework represents a substantial improvement over unified
inactivity threshold logic because it alighs customer-state interpretation with observed
segment-level return behavior. However, it remains an aggregated interpretation layer.

Customers within the same segment may still differ in purchasing cadence, behavioral
consistency, and expected return rhythm. As a result, two customers with the same segment
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and the same inactivity duration may not necessarily carry the same churn signal if their
historical interaction patterns differ materially.

This limitation motivates the transition toward a more personalized interpretation of churn.
Rather than replacing the segment-specific framework, the next chapter builds on it by
introducing customer-level behavioral expectations derived from each customer’s historical
ordering behavior.

The analysis therefore shifts from segment-aware churn interpretation to personalized
behavioral state definition, where inactivity is evaluated in relation to each customer’s
expected purchasing rhythm and behavioral consistency profile.
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6. Personalized Churn Definition

6.1 From Segment-Level to Customer-Level Interpretation

Chapter 5 established that segment-specific churn definitions provide a more coherent
interpretation of inactivity than a single global threshold. However, segment-level logic still
relies on aggregated behavioral expectations and cannot fully capture variation within each
customer group.

Customers within the same segment may follow different ordering rhythms, interaction
frequencies, and consistency patterns. A highly regular customer may show meaningful
disengagement after a short delay, while a naturally irregular customer may remain within
expected behavior despite a longer inactivity period.

The objective of personalization is therefore to extend segment-level churn interpretation
with customer-level behavioral expectations derived from each customer’s own historical
ordering pattern. Segmentation provides the structural context; personalization refines the
interpretation by evaluating whether the customer has deviated from their own expected
rhythm.

The reusable SQL views and personalization layers supporting this chapter are provided in
Appendix C.

6.2 Defining Individual Behavioral Baselines

The first step in personalized churn interpretation is to define a customer-level behavioral
baseline. While segment-level thresholds capture broad return patterns, they cannot fully
represent the personal ordering rhythm of each customer.

The proposed approach derives this baseline from historical inter-order gaps, where each gap
represents the number of days between two completed orders for the same customer. The
median inter-order gap is selected as the primary baseline metric because it provides a stable
representation of typical return timing while limiting the influence of unusually short or long
gaps.

Personalization is applied only where sufficient behavioral history exists. Customers with
fewer than two observed inter-order gaps do not provide enough evidence to infer a reliable
return rhythm and therefore remain within the segment-level fallback logic introduced in
Chapter 5.

Table 6.1 summarizes the resulting personalization eligibility structure across the customer
base.
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Table 6.1: Baseline Eligibility and Personalization Coverage

Baseline Customers % of Avg S T Av,_g Met_ilan of
Eligibility (M) Customers LI (S bR bzl S
Count Count Gap Days Days
Fallback to 5.9 54.21 0.31 0 189.05 145
Segment Level
Eligible for 5.0 45.79 6.53 4 67.34 54

Personalization

Table 6.1 shows that approximately 45.8% of customers have sufficient repeat behavior to
support personalized interpretation, while 54.2% remain under segment-level fallback logic.
This reflects the structure of a real customer population, where many customers interact only
occasionally or have not yet developed observable repeat behavior within the analysis
window.

Eligible customers exhibit materially richer behavioral histories, with higher gap counts and
shorter median return cycles. Fallback customers provide limited recurring evidence, making
individualized interpretation unreliable by design. The baseline eligibility layer therefore
protects the framework from artificial precision.

6.3 Baseline Reliability and Behavioral Consistency

Defining an individual baseline improves inactivity interpretation, but the baseline alone does
not indicate how reliable that interpretation is. Two customers may have the same median
return interval while following very different ordering patterns: one stable and predictable,
the other highly irregular.

To capture this distinction, the framework introduces a behavioral consistency layer based
on the coefficient of variation of inter-order gaps. Lower values indicate more stable ordering
behavior, while higher values reflect greater fluctuation around the customer’s historical
rhythm.

Customers eligible for personalization are grouped into Consistent, Moderately Variable, and
Highly Variable categories. These categories do not replace the personalized baseline or
directly change churn-state assignment. Instead, they provide a reliability layer indicating
how confidently deviations should be interpreted.

Table 6.2: Behavioral Consistency Distribution Among Personalized Customers

Behavioral Customers % of Eligible Median Median Mt'ed.lan
Consistenc (M) Customers Gap Count Return e
¥ P Days Variation
Consistent 1.1 21.86 3 92 0.3442
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Moderately

Variable 2.7 54.47 5 56 0.7404
Highly Variable 1.2 23.65 4 28 1.1931
Undefined 0.0 0.02 ) 0 _

Consistency

Table 6.2 shows that most eligible customers fall into the Moderately Variable category, while
smaller but meaningful shares are classified as Consistent or Highly Variable. This confirms
that sufficient history does not automatically imply stable behavior.

Consistency becomes important during churn interpretation because deviation from
expected rhythm is more meaningful for historically stable customers than for customers
whose ordering behavior has always fluctuated. The consistency layer therefore acts as a
confidence signal around personalized churn states rather than as a separate classification
mechanism.

6.4 Customer-Level Expected Return Window

The customer-level baseline is then translated into an expected return window. For
customers eligible for personalization, this window is defined by the median number of days
between historical orders.

Current inactivity is evaluated through the deviation ratio, calculated as current recency
divided by the expected return window. A value close to 1.0 indicates that the customer
remains near their expected timing, while higher values indicate increasing deviation from
historical behavior.

This normalization is important because identical inactivity durations may carry different
meanings depending on the customer’s own return rhythm.

Table 6.3 summarizes the expected return structure and deviation behavior across customers
eligible for personalization.

Table 6.3: Expected Return and Deviation Summary Among Personalized Customers

Avg Median Avg Median Avg Median
Customers . .. -
(M) Expected Expected Recency Recency Deviation Deviation
Return Days Return Days Days Days Ratio Ratio
4.9 67.75 54 121.40 71 5.2455 1.2143

The results show that the median expected return window among personalized customers is
54 days, while median recency is 71 days. The median deviation ratio of 1.2143 indicates that
the typical personalized customer is slightly delayed relative to their expected return rhythm,
although the higher average deviation ratio suggests a right-skewed distribution influenced
by strongly delayed customers.
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To contextualize the severity of behavioral deviation, customers are grouped into broader
deviation buckets representing increasing levels of inactivity relative to expected behavior.

Table 6.4: Deviation Ratio Distribution Among Personalized Customers

_— % of Median Median Median
Deviation Customers . .
Bucket (M) Personalized Expected Recency Deviation

Customers Return Days Days Ratio
Within
Expected 2.2 44.58 70 28 0.4400
Rhythm
Slightly 0.6 11.61 59 73 1.2297
Delayed
Clearly 0.4 7.79 56 97 1.7353
Delayed
Strongly 1.8 36.02 37 220 4.7162
Delayed

Table 6.4 shows clear separation across deviation levels. Approximately 44.6% of
personalized customers remain within their expected rhythm, while 36.0% are strongly
delayed. The latter group has a median expected return window of 37 days but a median
recency of 220 days, indicating substantial deviation from historical behavior.

These results establish the analytical basis for defining personalized churn states in the
following section.

6.5 Personalized Behavioral State Definition

The expected return framework provides a customer-level reference point for interpreting
inactivity. The next step is to translate the deviation ratio into operational churn states that
can support monitoring, prioritization, and intervention.

The personalized framework defines three behavioral states: ACTIVE, AT RISK, and CHURNED.
Customers whose inactivity remains within their expected return rhythm are classified as
ACTIVE. Customers with moderate deviation enter the AT RISK state, while customers whose
inactivity materially exceeds their historical return pattern are classified as CHURNED.

The thresholds are intentionally simple and interpretable. A deviation ratio of 1.0 separates
customers operating within their expected rhythm from those beginning to show behavioral
delay. A deviation ratio above 1.5 indicates a 50% delay beyond the expected return rhythm
and is treated as a materially abnormal deviation. This threshold is an operational design
choice rather than a statistically optimized cutoff; future validation through intervention
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experiments or rolling-window sensitivity analysis would be required before production

calibration.

Table 6.5: Personalized Behavioral State Definition Based on Deviation Ratio

Behavioral
State

ACTIVE

AT RISK

CHURNED

Threshold Logic

Deviation Ratio < 1.0

1.0 < Deviation Ratio £ 1.5

Deviation Ratio > 1.5

Interpretation

Customer remains within
expected return rhythm

Customer has moved
beyond expected behavior
but remains within early
deviation range

Customer is materially
beyond expected return
rhythm

Business Meaning

No churn signal;
normal monitoring

Actionable
intervention
window

Reactivation / win-
back logic

Table 6.5 formalizes the personalized churn-state logic by interpreting inactivity relative to
each customer’s historical behavior. Two customers with identical recency values may
therefore receive different churn states depending on their expected return rhythm.

This approach intentionally avoids excessive state fragmentation. Maintaining the same
ACTIVE, AT RISK, and CHURNED structure used in the segment-level framework preserves
interpretability while allowing the underlying logic to become customer-specific.

Personalized churn states should also be interpreted together with baseline reliability.
Customers differ not only in expected return rhythm, but also in how consistently that rhythm
has historically been followed. For this reason, the framework combines churn states with
behavioral consistency profiles.

Table 6.6: Reliability-Aware Interpretation of Personalized Behavioral States

Behavioral

State

AT RISK

AT RISK

AT RISK

CHURNED

Consistency
Level

Consistent

Moderately
Variable

Highly Variable

Consistent

High-confidence early deviation
from expected behavior

Moderate-confidence signal

Lower-confidence signal

Strong and reliable churn signal

Interpretation

Business Action

Immediate targeted
intervention

Monitor and apply soft
activation

Cautious monitoring; lower-
intensity engagement

Aggressive win-back
strategy
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Moderately High likelihood of Structured reactivation

CHURNED Variable disengagement approach
CHURNED Highly Variable Lower—t;onﬂdence churn signal Gradua‘l reaFtlvatlon; avoid
due to irregular behavior over-triggering

Table 6.6 shows that behavioral consistency affects interpretation confidence rather than
churn-state assignment itself. A customer deviating from a historically stable rhythm
produces a stronger churn signal than a customer whose interaction pattern has always
fluctuated. This reliability layer supports more cautious prioritization and reduces the risk of
overreacting to naturally volatile behavior.

6.6 Application of Personalized Churn States

The personalized state logic is then applied to the eligible customer population by assigning
each customer to ACTIVE, AT RISK, or CHURNED based on their deviation ratio.

Table 6.7: Personalized Churn State Distribution Among Personalized Customers

. % of Median Median Median
Personalized Customers . -
State (M) Personalized Expected Recency Deviation
Customers Return Days Days Ratio
ACTIVE 2.2 44.58 70 28 0.4400
AT RISK 0.6 11.61 59 73 1.2297
CHURNED 2.2 43.80 40 191 3.7879

Table 6.7 shows clear separation across personalized churn states. Approximately 44.6% of
customers remain within their expected return rhythm and are classified as ACTIVE, while
43.8% are classified as CHURNED due to substantial deviation from historical behavior. The
AT RISK group represents 11.6% of personalized customers and forms the main intervention
window between normal variation and prolonged disengagement.

The underlying metrics reinforce this separation. ACTIVE customers have a median recency
of 28 days against a median expected return window of 70 days, while CHURNED customers
show a median recency of 191 days against an expected return window of only 40 days.

Figure 6.1 visualizes how personalized churn states are distributed across the three primary
customer segments. FREE Only CUSTOMER exhibits the weakest behavioral profile, with the
highest CHURNED concentration, while RX CUSTOMER shows the strongest overall profile.
OTC CUSTOMER occupies a more balanced middle position.

48



RX Customer

OTC Customer

E
5
£
g
w
5
£
s
=
o

FREE Only Cusiomer

10 20 31 40 50 60
% of Customers within Segment

Personalized State: ACTIVE [l ATRISK CHURNED

Figure 6.1: Personalized Churn States Reveal Behavioral Differences Across Segments

Figure 6.2 further examines RX subtypes. RX + OTC customers display a healthier engagement
profile than RX Only customers, with a higher ACTIVE share and lower CHURNED proportion.
This supports the earlier finding that broader interaction with the platform is associated with

more stable long-term engagement.
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RX Only
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Figure 6.2: RX + OTC Customers Exhibit Stronger Behavioral Stability Than RX Only Customers

Finally, Figure 6.3 adds the reliability-aware perspective by showing how behavioral
consistency differs across personalized churn states. CHURNED customers with historically
consistent behavior represent stronger churn signals than customers whose interaction

patterns have always been highly variable.

ACTIVE
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Personalized State

CHURNED
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Figure 6.3: Churn Signal Reliability Varies with Behavioral Consistency
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6.7 Comparison: Segment-Level vs Personalized Churn Definition

The next step is to compare personalized churn interpretation with the segment-level
definition introduced in Chapter 5. The focus is not to determine which framework is
universally correct, but to identify where segment-level logic is too broad to capture
customer-specific behavioral deviation.

Table 6.8 compares the segment-level state assignment with the personalized churn state for
the same customer population and quantifies how customers move between classifications
when inactivity is interpreted relative to individual behavioral baselines.

Table 6.8: Reclassification Between Segment-Level and Personalized Churn States

. % of % within Median
Segment- Personalized Customers . .
Personalized Segment- Deviation
Level State State (M) .
Customers Level State Ratio
ACTIVE ACTIVE 2.1 43.07 66.59 0.4247
ACTIVE AT RISK 0.4 8.88 13.73 1.2184
ACTIVE CHURNED 0.6 12.73 19.68 2.3000
AT RISK ACTIVE 0.1 1.37 11.35 0.8122
AT RISK AT RISK 0.1 1.95 16.19 1.2523
AT RISK CHURNED 0.4 8.74 72.46 3.0652
CHURNED ACTIVE 0.0 0.15 0.63 0.8926
CHURNED AT RISK 0.0 0.78 3.37 1.3012
CHURNED CHURNED 1.1 22.34 95.99 6.1905

The off-diagonal transitions reveal where personalization changes churn interpretation:

e ACTIVE = AT RISK highlights hidden early-risk customers whose behavior already deviates
from their individual rhythm.

e ACTIVE > CHURNED represents missed churn signals that remain invisible under segment-
level interpretation.

e AT RISK - CHURNED indicates late detection, where segment-level logic underestimates
the severity of customer-level deviation.

e Reverse transitions remain limited, suggesting that personalization primarily refines churn
timing rather than introducing instability.
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Table 6.8 shows that personalization materially changes customer-state interpretation,
particularly within the ACTIVE and AT RISK populations. Only 66.6% of customers classified as
ACTIVE at segment level remain ACTIVE after personalization, while a meaningful share
transitions into AT RISK or CHURNED states. Similarly, most customers classified as AT RISK at
segment level transition directly into CHURNED under personalized logic, indicating that
segment-level interpretation may often identify disengagement relatively late.

By contrast, customers classified as CHURNED at segment level remain highly stable under
personalized interpretation. This suggests that segment-level logic performs reasonably well
once inactivity becomes strongly prolonged, while personalization adds the greatest value in
detecting hidden early risk and improving intervention timing.

Figure 6.4 visualizes these reclassification patterns. The concentration of customers outside
the diagonal highlights hidden-risk and late-detection effects, especially within the ACTIVE
and AT RISK groups. Overall, the comparison shows that segment-level churn definitions
provide a strong structural baseline, while personalized interpretation improves sensitivity to
customer-specific behavioral deviation.

66.59% 19.68%
ACTIVE Aligned Missed churn

11.35% 16.19%
AT RISK Premature risk flag Aligned

0.63% 95.99%
CHURNED [/ S F e ot Aligned

Segment-Level State {Baseline Classification)

ACTIVE AT RISK CHURNED
Personalized State (Reclassified)

mmm Aligned classification M Missed churn signal
Hidden risk / late detection mm Potential overclassification / softer interpretation

Figure 6.4: Personalization Reveals Hidden Risk and Late Detection Patterns

6.8 Business Implications of Personalized Churn

The personalized churn framework improves the business relevance of churn interpretation
by evaluating inactivity relative to each customer’s expected return behavior. This shifts
churn from a generic elapsed-time rule to a customer-relative behavioral signal.

The main operational benefit is intervention timing. AT RISK customers are identified when
their behavior has started to deviate from their normal return rhythm but before inactivity
becomes strongly prolonged. This creates a more actionable window for CRM
communication, replenishment reminders, and re-engagement actions.
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Personalization also improves prioritization. Customers with stable historical behavior and
strong deviation signals can be prioritized more confidently, while highly variable customers
may require softer activation or additional monitoring. The reliability layer therefore helps
distinguish strong behavioral breakpoints from normal volatility.

Within the RX segment, personalization makes the difference between RX + OTC and RX Only
customers more operationally visible. RX + OTC customers generally show broader and more
continuous engagement, while RX Only customers appear more episodic and may require
more cautious reactivation logic.

Overall, the personalized framework provides a stronger analytical basis for retention
prioritization by asking not only how long a customer has been inactive, but whether that
inactivity is unusual for that specific customer.

6.9 Limitations and Operational Considerations

While the personalized churn framework improves the contextual interpretation of inactivity,
it also introduces operational boundaries that must be acknowledged. These limitations do
not invalidate the framework; they define the conditions under which personalized churn
interpretation remains reliable and explainable.

The framework relies exclusively on observable transactional behavior, including order
frequency, inter-order timing, and recency. This preserves explainability but means that
external drivers such as health events, seasonality, prescription cycles, or market conditions
are not explicitly modeled and may influence inactivity independently of disengagement.

A second limitation concerns customers with insufficient behavioral history. Personalized
baseline construction requires at least two observed inter-order gaps. Customers with limited
history therefore fall back to the segment-level logic introduced in Chapter 5. This avoids
artificial precision but also means that personalization naturally concentrates on customers
with richer repeat behavior.

The deviation ratio also requires careful interpretation for customers with historically short
return cycles followed by prolonged inactivity. These customers can produce very high
deviation values because moderate absolute delays may represent large relative breaks from
their expected rhythm. Such values should be interpreted through distributional summaries
and reliability context rather than isolated extremes.

From an implementation perspective, the framework should be viewed as a behavioral
decision layer rather than a complete activation system. It does not yet incorporate channel
constraints, consent management, campaign logic, or downstream CRM execution rules.
These components would be required before operational deployment.

Overall, these limitations reflect deliberate design trade-offs. The approach prioritizes
interpretability, behavioral transparency, and robustness while creating a foundation that
can later be extended through predictive modeling and operational activation layers.

52



6.10 From Personalized Definition to Evaluation

Chapter 6 extended segment-level churn interpretation by introducing customer-level
behavioral expectations. Individual baselines, behavioral consistency, and the deviation ratio
allow inactivity to be evaluated relative to each customer’s own historical return rhythm
rather than only against segment-level thresholds.

The comparison with segment-level definitions showed that personalization materially
changes customer-state interpretation, especially by revealing hidden risk among customers
classified as ACTIVE and late detection among customers classified as AT RISK. At the same
time, the framework remains explainable and controlled by applying personalization only
where sufficient behavioral history exists and retaining segment-level fallback logic
otherwise.

The next chapter examines which segments are most affected by reclassification, where
personalization provides the greatest incremental business value, and how reliability-aware
interpretation can support prioritization.
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7. Evaluating the Impact of Personalized Churn Definitions
Across Behavioral Segments

7.1 Evaluation Objective and Analytical Scope

Following the definition of personalized churn states in Chapter 6, the analysis now evaluates
their impact. The objective is to measure how customer-state interpretation changes when
inactivity is evaluated relative to individual behavioral baselines rather than segment-level
thresholds.

The chapter examines four evaluation dimensions: overall reclassification impact, segment-
level concentration of reclassification, reliability of the resulting signals, and operational
prioritization logic. These dimensions are summarized in Table 7.1.

Table 7.1: Evaluation Dimensions and Analytical Focus

Evaluation Layer Analytical Objective Business Relevance
Overall Measure how frequently customer . o
e . g 4 . Quantify the practical impact of
reclassification states change under personalized o
. . . personalization
impact interpretation
Segment-level Identify where reclassification is . .
& e 4 . Detect high-impact retention
reclassification concentrated across behavioral .
. opportunities
impact segments
Reliability-aware Assess the behavioral stability of Improve intervention
evaluation reclassification signals confidence and prioritization
. I . Support retention allocation
Operational Translate reclassification patterns into .
. ) . . and customer lifecycle
interpretation decision-support logic

management

The chapter does not introduce a new churn definition. Instead, it evaluates the
consequences of applying the personalized framework across the comparable customer
population. Predictive modeling is intentionally excluded at this stage; the focus remains on
assessing the behavioral and operational relevance of personalized churn interpretation
before moving to future-state prediction in Chapter 8. The reusable analytical layers
supporting this evaluation are provided in Appendix C.

7.2 Population-Level Reclassification Impact

The first evaluation step measures the overall magnitude of reclassification introduced by
personalization. The analysis compares segment-level and personalized churn states for the
same population of customers with sufficient behavioral history.

Customers are grouped into two categories: those whose state remains unchanged and those
whose state changes after customer-level behavioral context is introduced.
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Figure 7.1: Personalization Reclassifies a Significant Share of Customers

As illustrated in Figure 7.1, approximately one-third of comparable customers are reclassified
once customer-level behavioral interpretation is introduced. The detailed population
breakdown is presented in Table 7.2.

Table 7.2: Personalization Introduces Material Reclassification at Population Level

Reclassification Status Customers (M) % of Comparable Customers
Unchanged 33 67.35%
Reclassified 1.6 32.65%

Table 7.2 shows that 32.65% of comparable customers are reclassified under the personalized
framework, while 67.35% retain the same churn state. This means that personalization
affects approximately one in three customers with sufficient behavioral history.

This is a material shift rather than a marginal refinement. At the same time, the majority of
customers remain aligned under both approaches, indicating that personalization does not
destabilize the segment-level framework. Instead, it selectively refines interpretation where
aggregate thresholds are insufficient.

The analysis therefore shifts from whether personalization changes outcomes toward where
those changes are concentrated and how they should influence retention prioritization.

7.3 Reclassification Impact Across Behavioral Segments

The population-level result does not show where reclassification is concentrated. In practice,
personalization does not affect all customer groups equally, and its operational value
depends on which segments experience the most meaningful changes in risk interpretation.

The analysis therefore evaluates reclassification across four behavioral groups: FREE Only,
OTC Only, RX Only, and RX + OTC.
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Figure 7.2: Reclassification Impact Varies Substantially Across Behavioral Segments

Table 7.3: Segment-Level Reclassification Impact and Business Interpretation

Segment Reclassified % Main Pattern Business Priority

FREE High missed ch lat N
42.78% '8 ”T'“e churn / late Low-cost monitoring

Only detection; weak engagement

OTC Mixed hidden risk and late Scalable retention
32.27% . .

Only detection patterns optimization

Moderate missed churn; relatively

0,
RX Only 27.10% stable behavior

Refinement layer

Missed risk in high-value engaged

RX+0OTC 31.64%
customers

Highest-priority intervention

Figure 7.2 and Table 7.3 show that personalization impact varies both in magnitude and
business relevance. FREE Only customers show the highest reclassification rate, but this
mainly reflects weak and irregular engagement, making the segment better suited for broad,
low-cost monitoring rather than intensive retention investment.

OTC Only customers represent the largest scalable opportunity. Their reclassification patterns
are more balanced and behaviorally interpretable, making personalization useful for
improving retention prioritization across a large customer base.

The RX groups show a different pattern. RX Only has a lower reclassification rate, suggesting
that segment-level interpretation already captures much of its inactivity structure. RX + OTC,
however, remains strategically important because even moderate reclassification levels can
carry higher business relevance due to stronger engagement and commercial value.

These findings show that personalization does not create uniform value across the customer
base. Its impact depends on the intersection between behavioral structure, segment scale,
and business relevance.
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7.4 Operational Interpretation of Reclassification Patterns

Reclassification patterns are not only analytical label changes. Each transition between
segment-level and personalized states changes how customer risk should be interpreted
operationally.

Table 7.4: Business Interpretation of Reclassification Directions

Reclassification Direction Operational Meaning Business Implication
ACTIVE - AT RISK Hidden early risk Earlier intervention opportunity
ACTIVE - CHURNED Missed churn signal Absence of timely retention

action
AT RISK - CHURNED Late detection Reduced recoverability
AT RISK - ACTIVE Premature risk escalation Unnecessary intervention

pressure

Softer personalized

CHURNED -> AT RISK / ACTIVE .
interpretation

Improved targeting precision

As summarized in Table 7.4, the most important transitions are those where risk is
underestimated under segment-level logic. ACTIVE - AT RISK reveals hidden early risk,
ACTIVE - CHURNED indicates missed churn signals, and AT RISK - CHURNED reflects late
detection. These transitions point to cases where intervention timing may need to move
earlier.

Reverse transitions indicate cases where segment-level logic may overestimate risk relative
to the customer’s own rhythm. Operationally, this can reduce unnecessary intervention
pressure and improve targeting precision.

Overall, personalization improves the proportionality of business response by distinguishing
missed risk from over-escalated risk.

7.5 Reliability-Aware Reclassification

Reclassification direction alone does not determine intervention priority. The reliability of
the signal also depends on how stable the customer’s historical behavior has been. For this
reason, reclassification patterns are evaluated together with behavioral consistency.
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Figure 7.3: Reclassification Signals Differ in Reliability Across Behavioral Profiles

Figure 7.3 shows that elevated-risk reclassifications, particularly missed churn and late
detection, are concentrated among moderately variable and highly variable customers. This
suggests that not all elevated churn signals should trigger the same intervention intensity,
since the reliability of the underlying behavior differs across customers.

By contrast, softer personalized interpretations and premature risk corrections are more
concentrated among behaviorally consistent customers. In these cases, personalization
reliably reduces overestimated risk because the customer’s historical pattern provides a
stable reference point.

The reliability layer therefore strengthens prioritization by combining the severity of
reclassification with confidence in the underlying behavioral signal.

7.6 Strategic Retention Prioritization Across Behavioral Segments

The operational value of personalization is segment-dependent. Reclassification impact must
therefore be interpreted together with behavioral consistency, customer value, and the
expected feasibility of intervention. (Rust, Lemon, & Zeithaml, 2004).

Table 7.5: Strategic Retention Prioritization Framework

Segment Strategic Role Retention Prioritization Logic
EREE Onl Low-value monitoring Broad, low-cost retention; avoid high-intensity

¥ population intervention.
OTC Onl Scalable retention and Prioritize controlled targeting and retention

¥ conversion opportunity experimentation.
RX Onl Stable high-engagement Use personalization as refinement rather than

y population primary trigger.
RX + OTC Highest-value retention Prioritize early, targeted intervention for missed-
priority risk signals.
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Table 7.5 shows that personalization should not be used uniformly across all customer
groups. FREE Only customers show high reclassification intensity, but their weak and irregular
engagement limits the value of intensive intervention. OTC Only customers represent a
scalable opportunity because of their size and interpretable risk patterns.

The strongest strategic priority remains RX + OTC. Even when reclassification rates are not
the highest, missed-risk signals in this group carry greater business relevance due to stronger
engagement continuity and higher commercial importance.

The main value of personalization is therefore not simply higher churn sensitivity. Its value
lies in improving where retention effort is focused, where intervention intensity should be
moderated, and where customer-specific risk signals justify earlier action.

7.7 Behavioral Foundations for Predictive Modeling

The evaluation confirms that personalized churn states provide a more behaviorally specific
representation of customer inactivity than segment-level thresholds alone. This has direct
implications for predictive modeling.

First, personalized churn states create a more informative target structure by reducing noise
from overly broad inactivity assumptions. Second, the evaluation identifies important feature
families for future prediction, including segment membership, recency, frequency, deviation
from expected rhythm, and behavioral consistency.

Predictive modeling therefore builds on the behavioral framework rather than replacing it.
The churn states defined and evaluated in Chapters 5 - 7 become the foundation for
forecasting future customer-state evolution in Chapter 8.

7.8 From Behavioral Evaluation to Predictive Intelligence

This chapter evaluated the impact of moving from segment-level to personalized churn
interpretation. The results showed that personalization reclassifies a material share of
customers, but that its value is not evenly distributed across the customer base.

The strongest contribution lies in improving intervention timing and prioritization.
Personalization helps reveal hidden early risk, identify late detection, and reduce over-
escalation where customer behavior remains aligned with individual expectations.

Having established the behavioral and operational relevance of personalized churn states,
the next step is to predict future customer-state evolution. Chapter 8 therefore extends the
framework into leakage-safe predictive modeling using behaviorally grounded churn states
as the target outcome.

59



8. Predictive Modeling of Future Customer Churn States
Using Behavioral Traits

8.1 Predictive Modeling Objective and Scope

Following the evaluation of personalized churn interpretation in Chapter 7, the analysis now
moves from retrospective behavioral assessment to future customer-state prediction. The
objective is to examine whether behaviorally grounded churn states can be predicted using
leakage-safe transactional features constructed from historical customer activity.

This chapter does not aim to replace the behavioral framework developed throughout the
thesis or to optimize a standalone ML benchmark. Instead, predictive modeling is used as an
extension of the behavioral decision architecture established across Chapters 3 - 7. The
modeling design therefore prioritizes temporal validity, interpretability, scalability, and
operational relevance over exhaustive algorithmic experimentation (Sculley, et al., 2015).

The predictive task is formulated as a multiclass classification problem with three future
customer states: ACTIVE, AT RISK, and CHURNED. This structure preserves the intervention
logic developed earlier in the thesis by distinguishing stable engagement, emerging
behavioral deterioration, and prolonged disengagement rather than collapsing all outcomes
into a binary churn label.

To prevent information leakage, all predictive features are constructed exclusively from
historical behavioral data available within the observation window, while customer states are
evaluated in a future prediction horizon. This temporal separation ensures that the model
reflects realistic deployment conditions, where future behavior is not available at prediction
time.

Table 8.1: Predictive Modeling Scope

Modeli - : _—
. Predictive Scope Operational Objective
Dimension

icti Enable differentiated retenti
Prediction Target ~ACTIVE / AT RISK / CHURNED tnable ditferentiated retention
intervention

__ . . . T Detect varying levels of disengagement
Prediction Logic Behavioral multiclass classification ying gag

severity
Feature . . . Preserve explainability and operational
. Behavioral transaction traits . p ¥ P
Foundation interpretability

Observation window - future

Desi
Temporal Design prediction window

Prevent information leakage

Modeling Early identification of behavioral Support proactive retention decision-
Objective deterioration making
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As summarized in Table 8.1, the predictive framework is designed to evaluate whether
explainable behavioral traits can support future-state classification within a large-scale
deployment (Ribeiro, Singh, & Guestrin, 2016). The reusable Spark ML preprocessing pipeline,
predictive dataset construction logic, model-training workflows, and evaluation
implementation details are provided in Appendix D.

8.2 Temporal Modeling Architecture

The predictive framework uses a temporally separated modeling architecture. Behavioral
features are constructed from an 18-month observation window, while future customer
states are evaluated within a subsequent 6-month prediction horizon. This design preserves
a clear separation between information available at prediction time and outcomes observed
later.

Figure 8.1 illustrates the temporal modeling architecture. Historical behavioral traits,
including recency, ordering frequency, inter-order dynamics, behavioral consistency,
transaction value, and segment-level activity patterns, are extracted from the observation
window and used to predict ACTIVE, AT RISK, or CHURNED states in the future prediction
window.

OBSERVATION WINDOW (18 MONTHS) PREDICTION WINDOW (6 MONTHS)
Historical behavior used to construct features Future period used for churn state evaluation
I I I K 1
| I 1
| I 1
Month -24 Month -6 Month 0
Start Prediction Point End of Prediction
(Features Built Here) Horizon
e =\ P < =
HISTORICAL CUSTOMER BEHAVIOR FUTURE CUSTOMER STATE EVALUATION
(Used for Feature Construction) (Within 6-Month Prediction Window)
¢ Orders and transactions Customers are classified into one of three

future churn states:

Recency of purchases

* Ordering frequency FEATURE ACTIVE
« Inter-order gaps CONSTRUCTION Engaged and returning as expected
* Behavioral consistency et
V AT RISK
* Segment-level behavior Signs of behavioral deterioration
* Transaction value
c S CHURNED
* Customer activity patterns No return within personalized

expected return time

LEAKAGE PREVENTION: All features are constructed exclusively from data available in the observation window.
No information from the prediction window is used during feature construction.

Figure 8.1: Temporal Modeling Architecture for Leakage-Safe Churn Prediction

The 18-month observation window was selected to provide sufficient behavioral depth for
estimating customer-level patterns across recurring RX activity, irregular OTC engagement,
and variable return rhythms. Shorter windows would increase behavioral volatility, while
substantially longer windows could dilute recent behavioral changes.
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The 6-month prediction horizon balances operational relevance with predictive stability.
Shorter horizons may capture temporary inactivity fluctuations, while longer horizons can
reduce the usefulness of retention-intervention timing. The selected horizon therefore
provides a realistic forward-looking window for proactive customer-retention analysis.

The use of a single observation—prediction split is an intentional scope decision. It provides a
clear and interpretable temporal separation between feature construction and future-state
evaluation, which is aligned with the applied enterprise scope of the thesis. Rolling-window
validation could further assess temporal stability across multiple cutoff points, but is treated
as a future extension rather than part of the current modeling scope.

Future customer states are derived from forward-looking inactivity behavior measured
relative to each customer’s last observed order within the observation window. No
behavioral information from the prediction window is used during feature construction,
ensuring that predictive performance reflects genuine forward-looking inference rather than
retrospective leakage.

8.3 Behavioral Feature Engineering Framework

The predictive framework uses customer-level behavioral traits derived exclusively from
transactional activity observed within the 18-month observation window. No demographic
enrichment, externally inferred attributes, or pre-derived business labels are used. This
preserves interpretability and ensures that the model remains aligned with the behavioral
scope of the thesis.

Feature engineering is organized around the behavioral dimensions developed in earlier
chapters: recency, frequency, inter-order dynamics, behavioral variability, transaction value,
segment context, and reliability indicators. These features are designed to help the models
distinguish stable engagement, transitional deterioration, and prolonged disengagement.

Segment context is included because product interaction patterns influence expected
ordering behavior. Behavioral groups such as FREE Only, OTC Only, RX Only, FREE + OTC, RX
+ OTC, FREE + RX, and FREE + RX + OTC capture product-level interaction structure, while RX
CUSTOMER, OTC CUSTOMER, and FREE Only CUSTOMER provide higher-level customer
context.

Reliability-related traits are also included because customers with irregular ordering patterns
may show inactivity that is less straightforward to interpret. Gap count, coefficient variation,
and behavioral consistency indicators allow the models to account for differences between
stable deterioration and naturally volatile purchasing behavior.

Table 8.2 summarizes the primary behavioral feature categories incorporated into the
predictive modeling framework.
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Table 8.2: Behavioral Feature Categories

Behavioral
Dimension

Recency

Frequency

Inter-Order Dynamics

Behavioral Variability

Transaction Value

Segment-Level
Behavioral Context

Customer-Level
Behavioral Segments

Reliability Indicators

Representative Behavioral Traits

Days since last order, personalized
inactivity deviation

Order count, average ordering cadence

Median inter-order gap, gap progression
patterns

Gap variability, coefficient of variation
Average transaction value, cumulative
customer value

FREE Only, OTC Only, RX Only, FREE +
OTC, RX + OTC, FREE + RX, FREE + RX +

oTC

RX CUSTOMER, OTC CUSTOMER, FREE
Only CUSTOMER

Gap count, behavioral consistency
measures

Predictive Purpose

Detect delayed customer
return behavior

Capture customer
engagement intensity

Model customer return
rhythm

Distinguish stable vs
irregular purchasing
behavior

Capture commercial
engagement magnitude

Preserve structural
behavioral differences

Provide higher-level
behavioral context

Support confidence-aware
interpretation

The overall behavioral feature architecture is illustrated in Figure 8.2.
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Figure 8.2: Behavioral Feature Engineering Architecture

Figure 8.2 illustrates how raw transactional activity is transformed into a final predictive
feature vector. The process combines order-level behavioral extraction, customer-level
aggregation, segment-context enrichment, and reliability indicators before constructing the
model-ready feature base.

This feature architecture is intentionally constrained. More complex representation-learning
approaches may improve raw predictive performance, but the selected behavioral-trait
design preserves transparency, business interpretability, and governance suitability within an
organizational retention setting (Molnar, 2022).

8.4 Construction of the Predictive Modeling Dataset

The predictive modeling dataset integrates the behavioral feature base with future
personalized customer-state outcomes at the ordering-customer level. The dataset is
structured to remain stable and scalable while maintaining the temporal separation
necessary to avoid data leakage (Kaufman, Rosset, Perlich, & Stitelman, 2012).

All features are derived exclusively from the observation window, while the prediction target
is assigned from the subsequent prediction horizon. The final target consists of the three
future behavioral states: ACTIVE, AT RISK, and CHURNED.
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Table 8.3: Predictive Target Class Distribution

Customer State Customers % of Dataset
ACTIVE 911,230 16.22%
AT RISK 689,855 12.28%
CHURNED 4,026,575 71.50%

Table 8.3 shows substantial class imbalance, with CHURNED representing 71.50% of the
modeling population. This imbalance is expected given the inactivity-heavy structure of the
customer base and reinforces the need for per-class evaluation rather than reliance on
accuracy alone. The AT RISK class represents a transitional behavioral condition and is
therefore expected to be more difficult to classify consistently.

Before model training, the dataset was split into training and testing subsets using an 80/20
split with a fixed random seed for reproducibility. The test set was used only for evaluation
on unseen customers.

A Spark ML preprocessing pipeline was then used to prepare the dataset for distributed
model training (Zaharia, et al., 2016). Categorical behavioral attributes were transformed
through indexing and one-hot encoding, missing numerical values were handled through
imputation, and all processed variables were assembled into a unified feature vector.

The preprocessing design was intentionally conservative and preserves interpretability,
scalability, and reproducibility within a large-scale deployment.

Table 8.4 summarizes the main preparation steps used to transform the scoped behavioral
dataset into a model-ready Spark ML input structure.

Table 8.4: Predictive Modeling Dataset Preparation Workflow

Step

Train/Test Split

Categorical
Encoding

Missing Value
Imputation

Feature Vector
Assembly

Purpose

Separate training and evaluation data

Convert behavioral categories into
machine-readable representations

Handle incomplete numerical
observations

Consolidate all behavioral inputs into a

unified structure

Operational Role

Prevent evaluation bias and ensure
generalizable performance

Enable model processing of
segment-related features

Preserve dataset stability and
customer coverage

Standardize model-ready input
generation
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8.5 Predictive Modeling Strategy

The modeling strategy was structured to compare representative ML approaches using a
consistent behavioral feature and target framework. Rather than pursuing extensive
hyperparameter tuning, the focus was placed on evaluating how different model families
balance interpretability, non-linear learning capacity, and predictive adaptability.

The implementation followed a SQL-first behavioral engineering approach combined with
distributed Spark-based model training. Initial exploratory processing was performed using
Databricks Serverless compute, while the final modeling workflow was executed on a
dedicated Databricks ML compute environment running Databricks Runtime 17.3 LTS ML.
This supported stable Spark ML and XGBoost execution, scalable training, and persistence of
prediction and evaluation artifacts.

Three models were evaluated: Logistic Regression, Random Forest, and XGBoost. The models
were selected to represent a progression from interpretable linear baseline to non-linear
ensemble learning and boosted tree-based classification. No explicit resampling or synthetic
balancing techniques were applied, as the objective was to evaluate predictive behavior
under the natural class distribution observed in the behavioral population.

Logistic Regression was selected as an interpretable baseline. Its transparent structure makes
it useful for evaluating whether the engineered behavioral features carry predictive signal
under a simple linear decision framework (Hosmer, Lemeshow, & Sturdivant, 2013).

Random Forest was selected as a non-linear ensemble baseline capable of capturing
interactions between recency, ordering consistency, purchasing intensity, and product
context while remaining relatively robust and interpretable through feature-importance
analysis (Breiman, 2001).

XGBoost was selected as the most advanced model in the comparison because of its strong
performance on structured tabular data and its ability to capture complex behavioral
boundaries through gradient boosting (Chen & Guestrin, 2016).

Model configuration was kept controlled and comparable across algorithms. The idea was to
evaluate whether behaviorally grounded features support future churn-state prediction
across increasingly flexible model families.

Table 8.5 summarizes the modeling role, strengths, limitations, and relevance of each
selected model. This comparison supports both predictive-performance evaluation and
interpretation of the tradeoff between model complexity and operational transparency.
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Table 8.5: Predictive Model Comparison Strategy

Enterprise
Model Modeling Role Main Strength Main Limitation P
Relevance
. L - . Strong suitability for
. Interpretable High explainability ~ Limited ability to & ¥
Logistic . . g governance-
. behavioral and operational capture non-linear .
Regression . . . oriented
baseline transparency interactions .
environments
. Robust handling of Lower .
Non-linear . & . - Suitable for scalable
Random behavioral interpretability .
ensemble . . . behavioral
Forest . interaction compared to linear e
baseline classification
patterns models
Strong predictive . .
Advanced g p . High enterprise
capability for Higher model e
boosted . applicability for
XGBoost complex complexity and .
ensemble ) production-scale
behavioral lower transparency . .
model predictive analytics
structures

8.6 Predictive Performance Evaluation

This section evaluates predictive performance across ACTIVE, AT RISK, and CHURNED states.
Because the target distribution is imbalanced, evaluation extends beyond accuracy and
includes weighted metrics, macro-level performance, per-class behavior, confusion patterns,
and AT RISK detection capability.

The evaluation focuses on four complementary perspectives:
1. Overall predictive performance
2. Per-class predictive balance
3. Misclassification structure

4. AT RISK detection capability

8.6.1 Overall Predictive Performance

Table 8.6 presents the aggregated predictive performance across the evaluated models. The
comparison includes overall classification accuracy together with weighted and macro-level
F1 indicators in order to evaluate not only aggregate predictive performance, but also the
consistency of classification behavior across all customer states.
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Table 8.6: Overall Predictive Performance

Weighted Weighted Weighted Macro
WL AL Precision Recall F1 F1
XGBoost 0.8117 0.7907 0.8117 0.7861 0.6185
Random Forest 0.7996 0.7829 0.7996 0.7589 0.5697
Logistic 0.7987 0.7721 0.7988 0.7602  0.5588
Regression

Accuracy alone would provide an incomplete view of model quality because the dataset is
dominated by the CHURNED class. Weighted metrics capture overall performance while
accounting for class support, whereas Macro F1 provides a stricter view of balance across all
states.

All three models achieved strong overall performance, indicating that the behavioral feature
architecture contains meaningful predictive signal. XGBoost achieved the highest Accuracy,
Weighted F1, and Macro F1, suggesting the strongest overall ability to separate future
customer states.

The performance differences between models are meaningful but not extreme. This suggests
that predictive quality is driven not only by model complexity, but also by the behavioral
relevance and temporal consistency of the engineered features.

8.6.2 Per-Class Predictive Performance

Aggregate metrics hide important differences between customer states. Table 8.7 therefore
reports Precision, Recall, and F1 Score for ACTIVE, AT RISK, and CHURNED across all models.

Table 8.7: Per-Class Predictive Performance by Model

Customer State Metric Logistic Regression Random Forest XGBoost
Precision 0.6356 0.7865 0.6750
ACTIVE Recall 0.5789 0.4259 0.5618
F1 Score 0.6059 0.5526 0.6132
Precision 0.5980 0.6384 0.6322
AT RISK Recall 0.1027 0.1684 0.2334
F1 Score 0.1754 0.2665 0.3409
CHURNED Precision 0.8328 0.8068 0.8440
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Recall 0.9677 0.9922 0.9672
F1 Score 0.8952 0.8899 0.9014

F1 Score was selected as the primary visualization metric because it balances precision and
recall while providing a more representative performance signal under multiclass imbalance
conditions. Figure 8.3 visualizes the F1-score distribution across the three behavioral states
for all evaluated models.
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Figure 8.3: Per-Class F1 Score Comparison Across Customer States

The per-class results show that ACTIVE and CHURNED are predicted more reliably than AT
RISK across all models. This pattern is behaviorally expected. ACTIVE customers typically show
recent engagement, while CHURNED customers exhibit prolonged inactivity and clearer
disengagement signals.

AT RISK is expected to be the most difficult state to predict because it represents a transitional
behavioral condition rather than a stable endpoint. Unlike ACTIVE and CHURNED, which are
more clearly separated by recent engagement or prolonged deviation, AT RISK sits between
normal delay and material disengagement.

Logistic Regression performs reasonably for ACTIVE and CHURNED, but struggles with AT RISK
recall, suggesting that early deterioration is difficult to capture through linear decision
boundaries. XGBoost achieves the strongest AT RISK F1 Score and recall, indicating better
sensitivity to gradual behavioral deterioration, although the class remains challenging overall.

8.6.3 Miisclassification Structure Analysis

To examine model behavior beyond aggregate metrics, the XGBoost confusion matrix was
analyzed. This view shows where the best-performing model separates customer states
effectively and where classification errors are concentrated.
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Figure 8.4 presents the confusion matrix generated by the XGBoost multiclass classification
model.
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Figure 8.4: XGBoost Confusion Matrix for Multiclass Behavioral Churn Prediction

The confusion matrix confirms strong classification performance for CHURNED customers,
where most observations are correctly assigned to the CHURNED state. ACTIVE customers
are more frequently confused with CHURNED than with AT RISK, indicating that some
customers with apparent engagement signals still resemble future disengagement patterns.

The AT RISK class shows the most dispersed error structure. A substantial share of AT RISK
customers is predicted as CHURNED, while another portion is predicted as ACTIVE. This
reinforces the interpretation that AT RISK represents a transitional and behaviorally
ambiguous state rather than a sharply separated class.

8.6.4 AT RISK Detection Capability

Since AT RISK represents the most actionable intervention stage, it is evaluated separately
through Precision and Recall. Precision indicates how reliable AT RISK predictions are, while
Recall indicates how many actual AT RISK customers are captured by the model. Figure 8.5
compares Precision and Recall performance across the evaluated models specifically for the
AT RISK customer state.
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Figure 8.5: Precision—Recall Tradeoff for AT RISK Customer Detection

Figure 8.5 highlights the tradeoff between intervention reliability and early-risk coverage.
Higher precision reduces unnecessary targeting, while higher recall improves the ability to
identify deteriorating customers before full churn materializes.

XGBoost provides the strongest AT RISK recall among the evaluated models, but absolute
recall remains modest. This should not be interpreted only as model weakness. It reflects the
structural ambiguity of AT RISK as a transitional state with overlapping behavioral
characteristics.

Operationally, AT RISK predictions should therefore be used as prioritization signals rather
than deterministic automation triggers. Customers predicted as AT RISK may require
differentiated treatment depending on segment context, behavioral consistency, and
intervention cost.

Although the AT RISK state remains operationally valuable as an early-warning signal, its
comparatively lower recall indicates that transitional behavioral deterioration remains
difficult to separate cleanly from both ACTIVE and CHURNED trajectories. This limitation
reflects both class overlap and the inherently gradual nature of behavioral disengagement.

8.6.5 Behavioral Feature Importance Analysis

Feature-importance analysis based on the XGBoost model was used to examine which
behavioral patterns most strongly influenced prediction outcomes. Instead of concentrating
on case-by-case prediction explanations, the analysis focused on understanding the broader
decision patterns and behavioral relationships captured by the model.

Figure 8.6 presents the most influential behavioral features identified during the XGBoost
modeling process using gain-based feature importance evaluation.
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Figure 8.6: Gain-Based Feature Importance in the XGBoost Model

The most influential features relate to recency, recent purchasing activity, inactivity duration,
and return-rhythm characteristics. This confirms that the model primarily relies on behavioral
signals aligned with the churn framework developed earlier in the thesis.

Features such as median return interval, average return interval, and long inactive behavior
further indicate that prediction depends not only on current inactivity, but also on the
customer’s historical return structure. This is consistent with the personalized churn logic
introduced in Chapters 5 and 6.

The analysis remains a global interpretability layer. Local explainability techniques such as
SHAP or LIME could provide more detailed explanations for individual predictions and would
be valuable in a production validation setting, but they are outside the scope of the current
thesis implementation.

8.7 Operational Implications of Predictive Churn Intelligence

The predictive results show that customer-state prediction depends on both model capability
and the behavioral separability of the target states. CHURNED is the most reliably predicted
class because prolonged inactivity and strong deviation from expected return behavior create
clearer predictive boundaries. ACTIVE also shows stronger separability due to recent
engagement signals.

AT RISK remains the most difficult class because it represents a transitional condition
between normal inactivity and full disengagement. This has important operational
implications: AT RISK predictions should support prioritization and monitoring rather than
automatic intervention without additional business context.

The results also confirm that personalized churn interpretation improves the behavioral
quality of the prediction target. By defining future states relative to customer-level return
expectations, the framework reduces label noise caused by applying uniform inactivity
assumptions across structurally different purchasing rhythms.
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From a business perspective, predictive performance should therefore be interpreted
together with behavioral reliability, segment context, and intervention cost. The model does
not replace business decision logic; it provides a scalable signal that can support more
targeted retention prioritization.

8.8 From Predictive Modeling to Operational Decision Systems

Chapter 8 extended the behavioral churn framework into leakage-safe predictive customer-
state evaluation. The results show that behaviorally grounded features can support multiclass
prediction of ACTIVE, AT RISK, and CHURNED states, with XGBoost achieving the strongest
overall performance among the evaluated models.

The predictive layer should be interpreted as a controlled proof of concept within a
behaviorally grounded modeling framework, not as a production-calibrated system. The
modeling design intentionally prioritized temporal separation, interpretability, scalability,
and operational relevance over exhaustive algorithmic optimization.

Before operational deployment, additional validation would be required. Rolling temporal
evaluation could assess performance stability across multiple cutoff points, probability
calibration could improve the reliability of predicted risk scores, and local explainability
methods such as SHAP or LIME could support individual-level transparency. In addition, live
intervention testing would be necessary to confirm whether model-driven prioritization
improves retention outcomes in practice.

Overall, the chapter demonstrates that predictive performance is strongest when the target
definition, feature engineering, and evaluation logic remain aligned with customer-behavior
understanding. Chapter 9 builds on this foundation by examining how predictive churn
behavioral insight can be translated into enterprise decision systems, activation workflows,
and scalable retention operations.
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9. Operationalizing Behavioral Churn Prediction in
Enterprise Decision Systems

9.1 Why Prediction Alone Is Not Enough

Chapter 8 established the predictive layer of the proposed framework by transforming
behaviorally grounded churn logic into a forward-looking ML approach. The models estimate
whether a customer is likely to remain ACTIVE, move into an AT RISK state, or become
CHURNED within a future prediction window.

However, prediction alone does not create business value. A predicted churn state or risk
probability indicates what may happen, but it does not define what the organization should
do next. In operational environments, retention decisions also depend on customer value,
segment context, behavioral reliability, intervention timing, operational capacity, and the
expected relevance of a possible action. Without this translation layer, predictive models risk
remaining disconnected from practical business execution.

Chapter 9 completes the framework by translating predictive behavioral insight into
structured decision support. The objective is not to introduce a new model or redefine churn,
but to operationalize the behavioral and predictive layers developed throughout the thesis in
a realistic, explainable, and scalable way.

In practice, the same predicted state should not automatically lead to the same action. An RX
+ OTC customer predicted as AT RISK may require earlier attention because the relationship
is broader and more commercially relevant. A FREE Only customer with the same predicted
state may be better suited for monitoring or low-cost engagement, especially when the
behavioral signal is weak or unstable. The predicted state is therefore treated as one input in
the decision process, not as a standalone trigger.

9.2 Decision Inputs and Behavioral Intelligence Signals

The proposed decision framework combines multiple layers of behavioral and predictive
intelligence developed throughout the thesis. This is important because retention decisions
are rarely determined by risk alone. A predicted churn state may indicate future
disengagement, but the appropriate response depends on customer context, signal
reliability, and expected business impact.

The first input is customer segment context and the approach distinguishes behavioral
structures such as FREE Only, OTC Only, RX Only, and RX + OTC. These categories reflect
different levels of engagement depth, relationship continuity, and commercial relevance.

The second input is the predicted future churn state. Customers are classified as ACTIVE, AT
RISK, or CHURNED within the future prediction window. This output provides the forward-
looking behavioral risk signal used for prioritization.

The third input is behavioral reliability. Customers with stable historical ordering behavior
generate stronger and more interpretable signals when they deviate from expected patterns,
while customers with sparse or highly variable histories require more cautious interpretation.
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The fourth input consists of the behavioral traits underlying the prediction itself, including
recency, frequency, return rhythm, ordering intensity, consistency, and value-related signals.
These traits explain why a customer is predicted to belong to a certain future state and
provide interpretability for business users.

Table 9.1: Decision Input Categories

Role in Decision

Input Layer o Business Interpretation
Customer Provides business and  Indicates whether the prediction concerns a FREE Only,
Segment engagement context OTC Only, RX Only, or RX + OTC customer relationship
Predicted Provides the forward-  Indicates whether the customer is expected to be

Future State looking churn signal ACTIVE, AT RISK, or CHURNED

Behavioral Provides confidence in  Helps determine whether the prediction should trigger
Reliability the signal intervention, monitoring, or cautious interpretation
Core Clarify the behavioral evidence behind the prediction

. Provide explanatory
Behavioral ) through recency, frequency, return rhythm,
v behavioral context ug y, frequency, retu y

Traits consistency, and value-related signals

Taken together, these inputs make the decision logic more usable for business teams,
because risk is interpreted together with value, reliability, and observable customer behavior.

9.3 Decision Framework Design

The decision framework translates predictive behavioral insight into structured business
logic. Its purpose is to support consistent and explainable prioritization rather than automate
customer intervention blindly.

The framework evaluates customer signals across three dimensions: predicted risk, business
value, and behavioral reliability. Predicted risk reflects the expected future customer state.
Business value is represented through segment context and engagement depth. Behavioral
reliability reflects how confidently the signal can be interpreted based on historical customer
behavior.

This distinction is operationally important because the same predicted state does not
necessarily imply the same business response. An RX + OTC customer predicted as AT RISK
with a stable historical return pattern represents a stronger and more usable signal than a
FREE Only customer with limited engagement history and highly irregular behavior.

In practice, this means that identical churn predictions should not automatically trigger
identical campaign actions.
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Table 9.2: Example Decision Logic Framework

Segment Pr::i;:’;ed Reliability ?;:IC;::: Example Action
RX+OTC ATRISK Consistent  High Early retention intervention
OTCOnly AT RISK Moderate Medium Targeted engagement campaign
EF:]Elf AT RISK Variable  Low Z]c;r;'gtz;;';i o low-cost

RX Only CHURNED Consistent Medium Selective reactivation

Table 9.2 is not intended to prescribe fixed campaign rules. Instead, it demonstrates how the
framework prevents uniform intervention logic by interpreting churn predictions within
broader behavioral and business context.

The goal is not to maximize intervention volume, but to improve intervention efficiency by
prioritizing customers where action is timely, justified, and likely to create measurable
business impact.

9.4 Prioritization and Resource Allocation

In real enterprise environments, not every predicted churn signal can or should trigger
immediate intervention. Retention activities are constrained by campaign capacity,
communication limits, budget, operational resources, and the risk of customer over-
contacting (Blattberg, Kim, & Neslin, 2008).

For this reason, the framework prioritizes customers based on the combined interpretation
of predicted risk, behavioral reliability, business relevance, and expected intervention impact.
Customers with strong behavioral signals, high-value segment profiles, and stable historical
behavior should receive greater operational attention than customers with weak
engagement or structurally ambiguous behavioral patterns.

Prioritization should therefore be understood not only as a classification problem, but also as
a resource-allocation problem. Occasional low-impact targeting inaccuracies may be
operationally acceptable, while systematically targeting low-value or unreliable cases may
reduce campaign efficiency and increase unnecessary intervention costs.
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Table 9.3: Example Prioritization Tiers

Priorit _— .
Tier y Customer Characteristics Operational Strategy
Tier 1 High business relevance, strong predicted risk, and Immediate or early retention
reliable behavioral signal intervention
. Moderate business relevance or moderate signal .
Tier 2 . Selective engagement
confidence
Tier 3 Low confidence, weak behavioral history, or limited = Monitoring or low-cost

business relevance engagement

This structure makes the prioritization logic more realistic, because intervention intensity is
linked to both signal confidence and expected business value.

9.5 Operationalization in Business Context

The decision framework only creates business value when its outputs can be translated into
operational processes. Rather than proposing a complete technical CRM implementation, this
section illustrates how predictive churn intelligence can enable timely, transparent, and
structured customer interventions.

In practice, the framework could support trigger-based activation after integration with
consent, campaign governance, CRM execution rules, and intervention measurement. A
predicted state does not directly determine the final action, but it can initiate a structured
business trigger after being interpreted through the decision logic. Customers predicted as
AT RISK may become candidates for retention campaigns. Customers predicted as CHURNED
may enter selective reactivation flows. Customers predicted as ACTIVE should generally not
receive churn-prevention interventions, unless a separate growth or engagement logic
applies.

This distinction matters because business teams need more than arisk label. Marketing, CRM,
and lifecycle teams need to understand why a customer is prioritized, how urgent the signal
is, and what type of response is justified (Payne & Frow, 2005). This supports structured
business decision-making rather than autonomous decision replacement.

Table 9.4: Example Trigger-Based Activation Logic

. Example
Predicted . . . . .
State Decision Interpretation Business Operational Note
Trigger
ACTIVE Customer is expected to No churn Avoid unnecessary churn-related
remain engaged intervention communication
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Main intervention window where
action may still influence
behavior

Customer shows early signs Retention

AT RISK i .
of future disengagement campaign

Customer is expected to Action should be selective and

Reactivati
CHURNED move beyond normal return ﬂzj\f Ivation based on value, reliability, and
behavior recoverability

The AT RISK state remains the most operationally important category because it represents
the stage where intervention may still influence future customer behavior before full
disengagement materializes.

A key strength of the framework is that it preserves explainability for business users.
Decisions remain interpretable through customer segment, predicted future state, behavioral
reliability, and supporting behavioral traits rather than through opaque model output alone.

9.6 Behavioral Expansion Opportunities Beyond Retention

9.6.1 Strategic Extension Beyond Churn Prevention

Although the thesis focuses mainly on churn prevention, the same behavioral foundation can
support broader customer lifecycle decisions. Once customer behavior is structured
consistently, the same layer can also support retention, prioritization, lifecycle monitoring,
and customer value development.

Within the context of Redcare Pharmacy, one relevant extension is the identification of OTC
Only customers whose behavior increasingly resembles stronger mixed engagement
patterns. These customers may demonstrate high ordering frequency, stable return behavior,
low volatility, and recent repeat engagement. Such patterns do not imply medical need or
prescription eligibility. Instead, they indicate stronger platform adoption and deeper
customer engagement behavior.

This distinction is essential. The framework does not attempt to predict medical conditions,
prescription need, or healthcare outcomes (European Commission, 2019). Such an approach
would introduce substantial ethical, regulatory, and governance concerns. The extension
remains strictly behavioral: it identifies customers who may be suitable for broader
engagement journeys based on observed interaction patterns.

9.6.2 Behavioral Interpretation of Expansion Potential

The previous chapters showed that RX + OTC customers represent the strongest engagement
benchmark within the thesis scope. Building on this observation, the framework can be
extended to identify OTC Only customers who show behavioral characteristics associated
with stronger lifecycle potential.

Relevant behavioral indicators may include frequent ordering, stable inter-order timing,
recent repeat engagement, limited inactivity gaps, and consistent multi-order behavior.
These signals suggest stronger customer commitment to the platform, not medical intent.
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Table 9.5: Behavioral Indicators of Expansion Potential

Segment Behavioral Pattern Potential Opportunity
High f d stable orderi
OTC Only '8 requency and stable oraering Educational or engagement journey
behavior
OTC Only Recent repeat engagement Broader value expansion opportunity
St ith limited i tivit . .
OTC Only rong recency with fimited inactivity Long-term lifecycle nurturing
gaps
p i . .
OTC Only Consistent multi-order engagement erson‘a ized retention and expansion
campaigns
RX + OTC High-value mixed behavior Benchmark engagement profile

The same behavioral insight foundation can help the organization understand not only where
relationships may deteriorate, but also where stronger customer engagement may be
developed.

9.6.3 Strategic Implications for Enterprise Al Adoption

This extensibility increases the long-term practical value of the framework. The approach is
not limited to a single churn-prediction use case. Instead, it creates a reusable behavioral
intelligence foundation that can gradually evolve across different customer lifecycle
applications over time.

Because the framework remains grounded in observable customer behavior, its outputs are
easier to understand, validate, govern, and operationalize within real organizational settings.
Rather than relying on opaque automation, the architecture supports interpretable and
decision-oriented Al integration that can be introduced progressively into existing business
processes.

In practice, an organization may initially apply the framework to churn prevention and later
extend it toward engagement optimization, lifecycle orchestration, controlled
experimentation, and broader personalization initiatives. This creates a more realistic Al
adoption path: begin with a focused and explainable use case, establish organizational trust,
and gradually expand the behavioral intelligence layer over time.

9.7 System-Level Perspective and Scalability

9.7.1 Enterprise-Level Architectural Perspective

The long-term value of the approach does not depend only on model performance. It also
depends on whether the logic can be maintained, explained, extended, and connected to
business processes. For this reason, the proposed approach is better understood as a modular
decision-support architecture rather than as a standalone ML model.
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The architecture separates the system into distinct layers: behavioral data construction,
segmentation logic, personalized churn interpretation, predictive modeling, prioritization,
and business activation. This separation improves maintainability because each layer can
evolve without requiring a full redesign of the framework.

For example, new behavioral features may be introduced without changing the decision logic.
New customer segments may be added without rebuilding the predictive pipeline.
Intervention strategies may evolve without retraining the model. Predictive models may also
be upgraded while preserving the surrounding business interpretation layer.

This modularity represents one of the primary strengths of the proposed architecture.
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Figure 9.1: Enterprise Behavioral Decision Architecture

Figure 9.1 summarizes the full architecture developed across the thesis. Behavioral data is
transformed into segmentation logic, personalized churn interpretation, predictive
intelligence, decision prioritization, and business activation. The figure illustrates how
behavioral understanding is progressively transformed into predictive behavioral insight and
operational decision support.

9.7.2 Scalability and Extensibility

The architecture is scalable because it separates behavioral understanding from predictive
execution and operational action.

First, additional behavioral traits can be added as data maturity improves. Second, new
customer segments may be introduced as the business evolves. Third, the predictive layer
remains replaceable; stronger future models can be introduced without changing the full
decision framework. Fourth, intervention logic can evolve independently as CRM strategies,
business priorities, or campaign capabilities change.

This separation is particularly important in operational environments, where business
decision processes often evolve faster than technical modeling infrastructures. In turn, the
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framework supports gradual Al maturity rather than requiring a single large-scale
transformation.

9.7.3 Explainability and Governance Advantages

In healthcare commerce environments, customer-facing Al systems must remain explainable
and operationally transparent (Gartner, 2024). The proposed framework supports
explainability across all layers.

Segmentation logic remains interpretable, personalized churn states are grounded in
observable customer behavior, predictive outputs are evaluated within business context, and
prioritization follows structured decision logic.

This design reduces the risk of opaque model-driven action. Predictions are not treated as
instructions. They are interpreted through behavioral evidence before business action is
considered. This improves stakeholder trust, governance alignment, auditability, and
operational adoption.

9.8 From Predictive Intelligence to Enterprise Decision Support

Chapter 9 completed the transition from predictive modeling to operational decision support.
While Chapter 8 demonstrated how historical behavioral traits can predict future customer
states, this chapter addressed the next enterprise-critical question: how those predictions
can be translated into structured, explainable, and actionable business decisions.

Customer segment, predicted future state, behavioral reliability, and core behavioral traits
are combined to interpret churn risk in context. This prevents all predictions from being
treated as equally usable and allows the business response to reflect both risk severity and
signal quality.

A central contribution of the chapter is the distinction between intervention volume and
intervention efficiency. In a real business setting, retention resources, campaign capacity,
communication frequency, and operational attention are limited. The proposed framework
therefore prioritizes action where the combination of risk, value, reliability, and behavioral
evidence suggests the highest expected impact.

The chapter also showed that the same behavioral intelligence foundation can support
opportunities beyond churn prevention. Within clear governance boundaries, behavioral
signals can help identify customers suitable for broader engagement and lifecycle
development. This extension remains strictly behavior-based and does not infer medical
need, prescription eligibility, or clinical intent.

Finally, the system-level perspective demonstrated that the proposed approach is not a
standalone churn model, but a modular decision-support architecture. Behavioral data,
segmentation, personalized churn logic, predictive modeling, prioritization, and activation
are separated into interpretable layers that can evolve independently.

Overall, Chapter 9 shows how the predictive layer can be used in practice without treating
the model output as an automatic business decision. Customer behavior, segment context,
personalized churn logic, predictive signals, and prioritization rules are connected into a
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decision-support structure that remains explainable and operationally usable. Rather than
treating churn prediction as an isolated modeling task, the thesis demonstrates how

behavioral intelligence can be translated into structured and operationally usable customer
lifecycle decision support.
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10. Conclusion
10.1 Research Objective and Thesis Scope

Customer churn prediction is a common application of ML in customer analytics. However,
many approaches remain too model-centric: they focus on predictive performance without
giving enough attention to how churn is defined, interpreted, and used in business decisions.
In practice, value is created not by prediction alone, but by turning predictive signals into
reliable and actionable decision support.

This thesis addressed that challenge by developing an explainable behavioral Al framework
for customer churn interpretation and operational decision support within the context of
Redcare Pharmacy. Rather than treating churn prediction as an isolated modeling task, the
work focused on the broader behavioral lifecycle of customer engagement.

The proposed framework integrates behavioral segmentation, personalized expected-return
baselines, reliability-aware churn interpretation, predictive modeling within a distributed
environment, and operational decision-support logic into a unified architecture. Throughout
the thesis, emphasis was placed on explainability, enterprise realism, and practical
applicability, aiming to demonstrate how behavioral data can be transformed into actionable
decision support.

More broadly, the thesis follows an applied enterprise-Al research orientation emphasizing
operational realism, explainability, scalability, governance awareness, and decision-support
usability over purely theoretical optimization or maximum predictive complexity. The
objective was not to design an isolated high-performance predictive model, but to develop a
behavior-aware framework capable of supporting realistic enterprise decision environments.

10.2 Summary of Thesis Contributions

The contribution of this thesis lies in connecting behavioral churn interpretation, leakage-safe
predictive modeling, and operational decision support within one coherent framework.

From a behavioral analytics perspective, the work demonstrated that customer churn cannot
be interpreted as a universal phenomenon with identical meaning across all customer groups.
Customer behavior differs significantly according to engagement structure, product
interaction patterns, ordering rhythm, and behavioral consistency. The thesis therefore
introduced a layered behavioral interpretation framework that progressively moved from
population-level behavioral analysis toward segment-aware and personalized churn
interpretation. This included the development of behavioral segmentation logic, personalized
expected-return baselines, behavioral reliability assessment, and customer-level churn
contextualization.

From a predictive modeling perspective, the thesis developed a scalable and leakage-safe ML
framework using Spark ML within a distributed enterprise environment. Historical customer
behavior was transformed into reusable behavioral features covering recency, frequency,
return dynamics, behavioral consistency, engagement structure, and value-related customer
signals. The predictive framework supported multiclass future-state prediction through the
classification of customers into ACTIVE, AT RISK, and CHURNED behavioral states.
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Importantly, the modeling architecture emphasized explainability, temporal integrity, and
operational applicability rather than maximizing predictive complexity alone.

Beyond prediction itself, the thesis contributed a structured operational decision-support
layer that translated predictive outputs into business-relevant prioritization logic. Instead of
treating all predicted risk equally, the framework integrated predicted future state, business
value context, behavioral reliability, and behavioral traits into explainable intervention
prioritization. This enabled the transition from predictive intelligence toward operational
decision orchestration within realistic constraints.

Finally, the thesis extended the framework beyond defensive churn prevention by
introducing the concept of behavioral expansion potential. This demonstrated how the same
behavioral insight foundation can support not only retention-oriented use cases, but also
broader customer engagement and lifecycle development opportunities. Importantly, this
extension remained governance-aware and behavior-centered without attempting to infer
medical need or prescription eligibility.

10.3 Enterprise Implications and Operational Relevance

One of the central goals of this thesis was to maintain enterprise realism throughout the
analytical and modeling process. In real organizational environments, predictive systems
operate within practical constraints related to explainability, operational scalability,
governance requirements, intervention capacity, and business adoption. As a result, the
value of Al systems depends not only on predictive performance, but also on whether their
outputs can be trusted, interpreted, prioritized, and integrated into operational workflows.

The proposed framework addresses these requirements through modular and interpretable
architectural separation. Behavioral understanding, segmentation, personalized churn
interpretation, predictive modeling, and decision orchestration remain logically distinct while
still functioning as part of a connected decision-support architecture. This modular structure
improves maintainability, scalability, organizational transparency, and long-term extensibility
without requiring redesign of the overall framework.

The thesis also demonstrated the importance of explainability in operational Al systems.
Business teams require understandable reasoning behind customer prioritization decisions,
particularly when interventions involve customer communication, campaign targeting, or
retention resource allocation (Payne & Frow, 2005). The approach therefore avoids black-box
operational logic and instead emphasizes interpretable behavioral signals, contextualized
prediction, and transparent prioritization criteria.

Another important practical implication concerns intervention efficiency. Enterprise
organizations cannot realistically intervene on all customers simultaneously. Budget
limitations, communication fatigue, campaign capacity, and operational prioritization
constraints require more selective and behavior-aware decision support. The proposed
framework therefore prioritizes expected impact rather than intervention volume, enabling
organizations to focus retention efforts where behavioral evidence, business value, and
predicted risk suggest the strongest operational opportunity.
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Overall, the framework shows how predictive modeling can become more useful when it is
embedded in explainable behavioral logic and realistic operational decision rules.

10.4 Research Boundaries and Operational Limitations

While the proposed framework demonstrated strong behavioral interpretability and
operational applicability, several methodological and operational boundaries intentionally
shaped the scope of the research. These boundaries reflect conscious trade-offs between
predictive complexity, explainability, enterprise realism, governance considerations, and
practical operational usability.

First, the framework intentionally relied exclusively on observable behavioral and
transactional customer signals. Demographic information, clinical context, and external
enrichment data were deliberately excluded in order to preserve a clean, explainable, and
governance-aware behavioral modeling scope. This decision was partially influenced by
enterprise data-governance realities and partially by the core objective of the research itself:
to evaluate how much predictive and interpretive intelligence could emerge directly from
customer behavior patterns. While this approach strengthened interpretability and
behavioral transparency, it also reduced the range of potentially available explanatory
variables (European Commission, 2019).

In addition, the thesis intentionally prioritized practical behavioral relevance and operational
interpretability over formal statistical significance testing. Given the scale of the dataset, even
relatively small behavioral differences would likely achieve statistical significance without
necessarily contributing meaningful operational value. As a result, the analysis focused
primarily on large-scale behavioral structure, segmentation logic, and enterprise decision
applicability rather than inferential statistical optimization.

Second, the proposed framework focused on behavioral prediction and decision support
rather than causal inference. The models estimate the likelihood of future churn-related
behavior, but they do not establish causal explanations for why individual customers
disengage. As a result, the framework supports prioritization and intervention guidance, but
not causal attribution. Although survival-analysis approaches could provide probabilistic
time-to-event estimation, the thesis intentionally prioritized interpretable behavioral
segmentation and operationally explainable inactivity interpretation over statistically
optimized hazard modeling.

Third, the thesis did not evaluate real intervention outcomes within a live production
environment. Although the framework demonstrates operational applicability conceptually,
no real-world retention campaigns or intervention experiments were executed within the
scope of the study. Consequently, the actual business uplift generated by the framework was
not empirically validated through production deployment or controlled experimentation.

Another important boundary concerns operational deployment maturity. The framework was
designed around structured historical behavioral windows and periodic predictive execution
rather than continuous real-time event orchestration. While this design remains appropriate
for the current enterprise scope and organizational maturity level, future production
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environments could extend the framework toward near-real-time behavioral scoring and
adaptive intervention triggering capabilities.

The predictive target preserves the personalized deviation-ratio logic by comparing future
inactivity directly with each customer’s expected return rhythm. No minimum baseline floor
was applied to expected_return_days, because the framework intentionally defines deviation
as inactivity relative to the customer’s own observed return behavior. In a production
deployment, additional calibration such as minimum baseline floors or score capping could
be considered to improve operational score stability.

The predictive evaluation is based on a temporally constructed modeling dataset combined
with a stratified train—test split. While this approach preserves temporal integrity within the
target construction process, future work should extend the evaluation through rolling-
window validation to assess model robustness across different time periods and behavioral
conditions. Similarly, future production-oriented deployment could further strengthen
operational robustness through probability calibration analysis, adaptive threshold
optimization, and cost-sensitive evaluation strategies.

In addition, the AT RISK state proved structurally more difficult to predict than the ACTIVE
and CHURNED states. This outcome reflects the inherently transitional nature of behavioral
deterioration, where customer disengagement often develops gradually rather than through
abrupt binary shifts. Importantly, most predictive confusion occurred between adjacent
behavioral states rather than between completely opposite states, supporting the behavioral
realism of the proposed multiclass framework.

Finally, the thesis was developed within the business and operational context of the German
e-commerce pharmacy market and specifically within the organizational environment of
Redcare Pharmacy. Behavioral structures, product interaction patterns, regulatory
considerations, and operational priorities may therefore differ across industries or
geographic markets.

10.5 Future Evolution Opportunities

The proposed framework creates multiple opportunities for future extension and operational
evolution.

One realistic short-term direction involves the integration of intervention outcome feedback
into the decision framework. This would allow organizations to evaluate which intervention
strategies generate the strongest behavioral response across different customer segments
and behavioral profiles. Such feedback loops could improve prioritization quality and support
more adaptive customer lifecycle management.

Another important extension involves real-time or near-real-time behavioral scoring
architectures. Future systems could continuously update customer behavioral states based
on streaming behavioral events, enabling faster operational reaction to behavioral changes
and improving intervention timing.

The framework could also evolve through the integration of customer lifetime value
estimation and profitability-aware prioritization. While the current framework emphasizes

86



behavioral engagement and value-related behavioral signals, future versions could
incorporate more advanced financial optimization logic within the prioritization process.

From a more advanced decision-optimization perspective, future research could explore
reinforcement-learning approaches for intervention sequencing and prioritization
optimization, as well as causal modeling techniques for understanding intervention
effectiveness and customer behavioral response dynamics.

Finally, the proposed architecture could gradually evolve into a broader omnichannel
customer lifecycle framework integrating behavioral insight across additional customer
interaction channels, engagement touchpoints, and operational systems.

10.6 Final Thesis Conclusion

This thesis demonstrated how customer behavioral data can be transformed from
transactional records into explainable behavioral intelligence and, ultimately, into
operational decision support. By progressively integrating behavioral understanding,
segmentation, personalized churn interpretation, predictive modeling, and prioritization
logic, the work established a behavior-aware Al framework designed for realistic enterprise
application.

The results show that improving churn prediction alone is not sufficient to create business
value. Predictive output needs to be interpreted together with customer context, behavioral
reliability, and operational priorities. By connecting behavioral analysis, personalized churn
interpretation, predictive modeling, and prioritization logic, the thesis demonstrates how
customer lifecycle management can become more accurate, transparent, and actionable.

Overall, the thesis demonstrated that customer churn should not be treated as a static
inactivity problem or as an isolated predictive exercise. Instead, churn emerges as a
contextual behavioral signal that gains meaning only when interpreted through customer
behavior patterns, engagement structure, reliability, and operational business context. By
progressively connecting behavioral understanding, personalized interpretation, predictive
intelligence, and operational prioritization, the proposed framework transforms churn
analytics from a purely predictive exercise into an explainable enterprise decision-support
capability.
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Appendices

The appendices contain selected SQL and implementation artifacts supporting the
behavioral, predictive, and operational framework presented throughout the thesis. The
included implementations were selected to demonstrate the core analytical logic, reusable
architectural layers, and business-oriented design decisions underlying the proposed
approach.

Appendix A - Behavioral Data Foundation

Purpose

This appendix establishes the governed transactional foundation used throughout the thesis.
The following SQL implementation validates the completeness, structural consistency,
transactional scope, and behavioral integrity of the final analytical dataset before any
segmentation, churn interpretation, personalization, or predictive modeling logic is applied.

Rather than functioning as a predictive or segmentation layer, this step ensures that all
downstream behavioral analysis is grounded in stable, operationally meaningful, and
behaviorally interpretable customer transactions.

Supports: Chapter 2
Framework Relevance

The dataset validation step confirms that the analytical population used in the thesis is
complete, consistently scoped, and suitable for behavioral churn analysis. It verifies the 24-
month observation horizon, customer and order coverage, transaction validity, product
subtype scope, monetary completeness, and exclusion of structurally irrelevant records.

This step does not create a reusable behavioral view. Its role is to document and validate the
final transactional scope before the reusable behavioral layers are constructed in Appendix B
- Behavioral Understanding Framework.

Source Foundation

The implementation is based on the enterprise transactional sales table used as the primary
behavioral source throughout the thesis:

rdc_udp_globalsales _globalsales _dev.default.fact_sales_trans

The query applies the final thesis scope: German own-stock transactions, completed order
lines, FREE / OTC / RX product subtypes, exclusion of bill-of-material components, and non-
null transaction values.

Included Behavioral Logic

The validation query reports dataset scale, order and customer coverage, observation-
window completeness, average basket structure, customer activity intensity, total
transaction value, identifier completeness, and product subtype consistency.
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SQL Implementation - Behavioral Dataset Validation Layer

WITH base AS (
SELECT
f.order_date,
f.main_order_id_bi,
f.super_customer_id_order,
f.item_sub_type_name,
f.sales_price_net_rep_cur
FROM rdc_udp_globalsales_globalsales_dev.default.fact_sales_trans f
WHERE
-- 24-month observation window
f.order_date BETWEEN DATE('2023-12-31') AND DATE('2025-12-31")

-- Business scope
AND f.sales_domain = 'os'
AND f.sub_company_id = 'Shop-COM'

-- Valid transactions only
AND f.order_line_status = 'Processed’

-- Exclude BOM components
AND (f.bom_type_name IS NULL OR f.bom_type_name <> 'Stiicklistenposition')

-- Core product subtypes
AND f.item_sub_type_name IN ('FREE', 'OTC', 'RX')

-- Ensure valid monetary values
AND f.sales_price_net_rep_cur IS NOT NULL

SELECT
-- Dataset size
COUNT(*) AS total_order_lines,

-- Structural counts
COUNT(DISTINCT main_order_id_bi) AS total_orders,
COUNT(DISTINCT super_customer_id_order) AS total_customers,

-- Time coverage
MIN(order_date) AS min_order_date,
MAX(order_date) AS max_order_date,

-- Basket structure
COUNT(*) * 1.0 / COUNT(DISTINCT main_order_id_bi) AS avg_lines_per_order,

-- Customer activity
COUNT(DISTINCT main_order_id_bi) * 1.0 / COUNT(DISTINCT super_customer_id_order) AS avg_orders_per_customer,

-- Revenue overview
SUM(sales_price_net_rep_cur) AS total_transaction_value,

-- Data quality checks

SUM(CASE WHEN main_order_id_bi IS NULL THEN 1 ELSE 0 END) AS null_order_id,

SUM(CASE WHEN super_customer_id_order IS NULL THEN 1 ELSE 0 END) AS null_customer_id,
SUM(CASE WHEN item_sub_type_name IS NULL THEN 1 ELSE 0 END) AS null_subtype,

SUM(CASE WHEN sales_price_net_rep_cur IS NULL THEN 1 ELSE 0 END) AS null_transaction_value,

-- Subtype sanity check

SUM(CASE WHEN item_sub_type_name = 'FREE' THEN 1 ELSE 0 END) AS free_lines,
SUM(CASE WHEN item_sub_type_name ="'OTC' THEN 1 ELSE 0 END) AS otc_lines,
SUM(CASE WHEN item_sub_type_name = 'RX' THEN 1 ELSE O END) AS rx_lines
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Appendix B - Behavioral Understanding Framework
Purpose

This appendix presents the reusable behavioral SQL views that establish the governed
analytical foundation used throughout the behavioral understanding framework of the thesis.
These reusable layers reconstruct customer purchasing behavior across order-line, order-
level, and temporal interaction dimensions and serve as the core analytical infrastructure
supporting the behavioral analyses developed in Chapters 3 and 4.

Rather than functioning as isolated exploratory queries, the following views progressively
transform raw transactional activity into structured behavioral representations that can later
support segmentation, churn interpretation, personalization, and predictive modeling. The
idea is to create reusable and behaviorally interpretable analytical layers capable of
consistently reconstructing customer interaction patterns across the entire framework.

Supports: Chapters 3 -4

B.1 Design of the Reusable Order-Line-Level Behavioral Base
Purpose

This view creates the governed order-line-level behavioral base used throughout the thesis.
It preserves the most behaviorally relevant transactional information required to understand
customer product interaction while excluding records that do not represent valid customer
purchasing behavior.

The resulting structure establishes the lowest governed analytical layer used within the
behavioral framework and functions as the primary source for reconstructing product-level
customer interaction patterns.

Framework Relevance

The order-line layer preserves the product interaction context required to distinguish FREE,
OTC, and RX purchasing behavior. This is necessary because churn is later interpreted at
customer level, but customer behavior cannot be understood without first knowing which
product categories shaped the interaction.

This view provides the product-level input for order composition analysis, entry product mix
analysis, customer segmentation, and downstream behavioral abstraction.

Source Foundation
The view is built directly on the enterprise transactional sales table:
rdc_udp_globalsales _globalsales _dev.default.fact sales_trans

It applies the scoped 24-month thesis dataset defined in Chapter 2 and validated in Appendix
A - Behavioral Data Foundation, including:
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Included Behavioral Logic

The view retains order date, business-level order identifier, ordering customer identifier,
product subtype, and net reported transaction value. It applies the fixed observation window,
business scope, transaction-status filter, BOM exclusion, product subtype restriction, and
monetary completeness rule.

SQL Implementation - Reusable Order-Line-Level Behavioral Base

CREATE OR REPLACE TEMP VIEW v_churn_base_lines_24m AS

WITH params AS (
-- Define a fixed reference date so that the analysis window remains
-- stable and fully reproducible across all downstream steps.
SELECT DATE('2025-12-31') AS reference_date

)

SELECT
-- Needed for time-window restriction and later temporal interpretation.
f.order_date,

-- Used to reconstruct complete customer orders across order lines.
f.main_order_id_bi,

-- This is the primary customer entity used throughout the churn framework.
f.super_customer_id_order,

-- Retained to distinguish between FREE, OTC, and RX interaction patterns.
f.item_sub_type_name,

-- Net reported transaction value in reporting currency.
f.sales_price_net_rep_cur

FROM rdc_udp_globalsales_globalsales_dev.default.fact_sales_trans f
CROSS JOIN params p

WHERE
-- Fixed 24-month behavioral observation window
f.order_date BETWEEN ADD_MONTHS(p.reference_date, -24) AND p.reference_date

-- Business scope restriction
AND f.sales_domain = 'os'
AND f.sub_company_id = 'Shop-COM'

-- Transaction validity
AND f.order_line_status = 'Processed'

-- Structural exclusion of non-customer decision lines

-- Exclude BOM component lines because they are system-structural

-- records and do not reflect a direct, customer-visible purchase decision.

AND (f.bom_type_name IS NULL OR f.bom_type_name <> 'Stiicklistenposition')

-- Product scope restriction
AND f.item_sub_type_name IN ('FREE', 'OTC', 'RX')

-- Monetary completeness
AND f.sales_price_net_rep_cur IS NOT NULL
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B.2 Design of the Reusable Order-Level Behavioral Base

Purpose

This view aggregates valid order-line records into completed customer orders. Its purpose is
to create one stable and behaviorally interpretable row per completed customer order,
enabling behavioral analysis at the correct temporal granularity.

The resulting structure transforms transactional line-level activity into customer purchasing
events that can later support frequency analysis, recency evaluation, return-gap
reconstruction, and churn interpretation.

Framework Relevance

Customer churn is not evaluated at order-line level. This view aggregates valid order lines into
one row per completed customer order, preventing product-line granularity from inflating
order counts or distorting frequency and recency metrics.

It provides the order-level base for purchase frequency, recency-frequency analysis,
engagement intensity, and return-gap reconstruction.

Source Foundation
The implementation is built directly on:
v_churn_base_lines_24m

All order-level metrics therefore inherit the same transactional scope and filtering rules
defined in the order-line base.

Included Behavioral Logic

The view groups records by ordering customer and business-level order identifier. It assigns
a stable order date, calculates total order value, counts order lines, and captures the number
of distinct product subtypes within each completed order.

SQL Implementation - Reusable Order-Level Behavioral Base

CREATE OR REPLACE TEMP VIEW v_churn_orders_24m AS

SELECT
-- Primary customer entity used throughout the churn framework.
-- Retained here so customer order sequences can be reconstructed.
super_customer_id_order,

-- Business-level order identifier.
-- Each row in the resulting view represents one distinct completed order.
main_order_id_bi,

-- Order date at aggregated order level.

-- MIN(order_date) is used defensively to ensure one stable order date
-- in case multiple lines exist within the same order.

MIN(order_date) AS order_date,

-- Total net reported transaction value of the order.

-- This preserves the full economic weight of the completed order
--across all included order lines.

SUM(sales_price_net_rep_cur) AS order_net_revenue,

-- Number of order lines included in the completed order.
-- Retained as a lightweight structural descriptor of order complexity.
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COUNT(*) AS order_lines,

-- Number of distinct product subtypes included in the order.

-- Helps preserve minimal structural information about order composition
-- without returning to the full order-line granularity.

COUNT(DISTINCT item_sub_type_name) AS distinct_product_types

FROM v_churn_base_lines_24m
GROUP BY

super_customer_id_order,
main_order_id_bi
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B.3 Design of the Reusable Customer Order Gap Base

Purpose
This view reconstructs the chronological order sequence of each customer and calculates the
number of days between consecutive completed orders.

The resulting structure transforms completed purchasing activity into measurable temporal
return behavior and establishes the core analytical layer used throughout the churn
interpretation framework.

Framework Relevance

This view reconstructs customer return behavior by calculating the number of days between
consecutive completed orders. These inter-order gaps are later used to analyze return
probability, behavioral consistency, empirical churn thresholds, personalized expected return
behavior, and predictive features.

Without this layer, inactivity would remain a static recency measure rather than a
behaviorally interpretable return signal.

Source Foundation
The implementation builds directly on:
v_churn_orders_24m

As a result, the temporal reconstruction inherits the same governed order-level behavioral
structure created from the scoped transactional foundation.

Included Behavioral Logic

The view orders each customer’s completed purchases chronologically, identifies the next
observed order using a window function, calculates the days between orders, and retains
only valid forward-looking order transitions.

SQL Implementation - Reusable Customer Order Gap Base

CREATE OR REPLACE TEMP VIEW v_churn_order_gaps_24m AS

WITH ordered_orders AS (
-- Step 1: Reconstruct the chronological order sequence
SELECT
-- Primary customer entity used throughout the churn framework.
super_customer_id_order,

-- Business-level order identifier of the current completed order.
main_order_id_bi,

-- Date of the current completed order.
order_date,

-- Net revenue of the current completed order.
order_net_revenue,

-- Date of the next completed order for the same customer.
LEAD(order_date) OVER (

PARTITION BY super_customer_id_order

ORDER BY order_date
) AS next_order_date
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FROM v_churn_orders_24m

SELECT
-- Primary customer entity.
super_customer_id_order,

-- Identifier of the current completed order.
main_order_id_bi,

-- Date of the current completed order.
order_date,

-- Net revenue of the current completed order.
order_net_revenue,

-- Date of the next completed order for the same customer.
next_order_date,

-- Number of days between the current order and the next order.

DATEDIFF(next_order_date, order_date) AS days_to_next_order
FROM ordered_orders
WHERE

-- Keep only valid forward-looking transitions.
next_order_date IS NOT NULL
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Appendix C - Churn Interpretation and Personalization Framework
Purpose

The views in this appendix translate the behavioral base into customer-level churn
interpretation. They consolidate current inactivity, derive customer-specific return baselines,
compare recency with expected return behavior, assign personalized states, and measure
how personalization changes segment-level churn interpretation.

Together, these views support the movement from segment-level churn logic to
personalized, reliability-aware churn evaluation.

Supports: Chapters 5-7

C.1 Design of the Reusable Customer-Level Churn Base View

Purpose

This view creates one reusable customer-level record per ordering customer at the fixed
reference date. It consolidates customer order frequency, first and last observed order dates,
current recency, product interaction flags, primary customer segment, and RX refinement.

The resulting structure provides the customer-level foundation required to evaluate inactivity
consistently across the churn interpretation framework.

Framework Relevance

Churn state assignment requires one consistent customer-level record. This view
consolidates order frequency, first and last observed order dates, current recency, product
interaction flags, customer segment, and RX subtype.

It acts as the customer-level bridge between the behavioral reconstruction layers and the
churn interpretation logic used in Chapters 5 - 7.

Source Foundation
The implementation builds on:

v_churn_orders_24m
v_churn_base_lines_24m

The order-level view provides customer frequency, first order date, last order date, and
recency. The order-line-level view provides product interaction information required for
segment construction.

Included Behavioral Logic

The view calculates total completed orders, first and last order date, recency in days, FREE /
OTC / RX interaction flags, primary customer segment, and RX subtype.

The segmentation hierarchy is: RX CUSTOMER, OTC CUSTOMER, and FREE Only CUSTOMER.
Within RX CUSTOMER, the view distinguishes RX + OTC from RX Only.
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SQL Implementation - Reusable Customer-Level Churn Base View

CREATE OR REPLACE TEMP VIEW v_churn_customer_base_24m AS

WITH params AS (

-- Step 0: Define fixed reference date

SELECT DATE('2025-12-31') AS reference_date
),

customer_order_summary AS (
-- Step 1: Compute customer-level order behavior
SELECT
o.super_customer_id_order,

COUNT/(DISTINCT o.main_order_id_bi) AS total_orders,
MIN(o.order_date) AS first_order_date,

MAX(o.order_date) AS last_order_date,
DATEDIFF(p.reference_date, MAX(o.order_date)) AS recency_days

FROM v_churn_orders_24m o
CROSS JOIN params p

GROUP BY
o.super_customer_id_order,
p.reference_date

order_type_flags AS (
-- Step 2: Detect product-type presence at order level
SELECT
super_customer_id_order,
main_order_id_bi,

MAX(CASE WHEN item_sub_type_name = 'FREE' THEN 1 ELSE O END) AS has_free,
MAX(CASE WHEN item_sub_type_name ="'OTC' THEN 1 ELSE O END) AS has_otc,
MAX(CASE WHEN item_sub_type_name ='RX' THEN 1 ELSE O END) AS has_rx

FROM v_churn_base_lines_24m

GROUP BY
super_customer_id_order,
main_order_id_bi

order_classification AS (
-- Step 3: Assign simplified order type using product hierarchy
SELECT
super_customer_id_order,
main_order_id_bi,

CASE
WHEN has_rx = 1 THEN 'RX Order'
WHEN has_otc = 1 THEN 'OTC Order'
ELSE 'FREE Order"

END AS order_type,

has_free,
has_otc,
has_rx

FROM order_type_flags
),

customer_product_profile AS (
-- Step 4: Collapse product interaction to customer level
SELECT
super_customer_id_order,

MAX(CASE WHEN has_free = 1 THEN 1 ELSE 0 END) AS has_free,
MAX(CASE WHEN has_otc =1 THEN 1 ELSE 0 END) AS has_otc,
MAX(CASE WHEN has_rx =1THEN 1 ELSE O END) AS has_rx,

MAX(CASE WHEN order_type ='RX Order' THEN 1 ELSE O END) AS has_rx_order,
MAX(CASE WHEN order_type = 'OTC Order' THEN 1 ELSE 0 END) AS has_otc_order,
MAX(CASE WHEN order_type = 'FREE Order' THEN 1 ELSE 0 END) AS has_free_order

FROM order_classification



GROUP BY super_customer_id_order
)

customer_segments AS (
-- Step 5: Assign customer-level product segment and RX subtype
SELECT
super_customer_id_order,

has_free,
has_otc,
has_rx,

CASE
WHEN has_rx = 1 THEN 'RX CUSTOMER'
WHEN has_otc = 1 THEN 'OTC CUSTOMER'
ELSE 'FREE Only CUSTOMER'

END AS customer_segment,

CASE
WHEN has_rx = 1 AND has_otc = 1 THEN 'RX + OTC'
WHEN has_rx = 1 AND has_otc = 0 THEN 'RX Only'
ELSE NULL

END AS rx_subtype

FROM customer_product_profile

)

-- Final output:

-- One reusable customer-level row per customer

SELECT
-- Primary customer entity used throughout the churn framework.
s.super_customer_id_order,

-- Customer-level behavioral frequency.
o.total_orders,

-- First observed completed order within the analysis window.
o.first_order_date,

-- Last observed completed order within the analysis window.
o.last_order_date,

-- Current inactivity at the reference date.
o.recency_days,

-- Product interaction flags retained for transparency and auditability.
s.has_free,

s.has_otc,

s.has_rx,

-- Primary behaviorally grounded customer segment.
s.customer_segment,

-- RX refinement layer, populated only for RX customers.
s.rx_subtype

FROM customer_order_summary o

JOIN customer_segments s
ON o.super_customer_id_order = s.super_customer_id_order
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C.2 Design of the Reusable Customer-Level Behavioral Baseline View

Purpose

This view creates customer-level historical return baselines based on observed inter-order
gaps. It summarizes each customer’s individual ordering rhythm and determines whether the
customer has sufficient behavioral history for personalized churn interpretation.

Framework Relevance

Personalized churn interpretation requires a customer-level return baseline. This view
summarizes each customer’s historical inter-order gaps and determines whether there is
enough behavioral history for personalization.

Customers with sufficient history are eligible for personalized interpretation. Customers with
limited history remain under segment-level fallback logic, avoiding artificial customer-specific
precision.

Source Foundation
The implementation builds on:
v_churn_order_gaps 24m

This source provides the observed inter-order gaps between consecutive completed
customer orders.

Included Behavioral Logic

The view calculates gap count, average gap, median gap, standard deviation, minimum and
maximum gap, coefficient of variation, and baseline eligibility.

Customers with at least two observed gaps are classified as
ELIGIBLE_FOR_PERSONALIZATION,; all others are assigned to
FALLBACK TO_SEGMENT_LEVEL.

SQL Implementation - Reusable Customer-Level Behavioral Baseline View

CREATE OR REPLACE TEMP VIEW v_churn_customer_behavioral_baseline_24m AS
WITH customer_gap_metrics AS (

-- Step 1: Aggregate historical inter-order gaps per customer
SELECT
-- Primary customer entity used throughout the churn framework
super_customer_id_order,
-- Number of observed inter-order gaps.
-- A customer with 3 completed orders has 2 gaps.

COUNT(*) AS gap_count,

-- Average observed time between consecutive completed orders.
ROUND(AVG(days_to_next_order), 2) AS avg_days_between_orders,

-- Median observed time between consecutive completed orders.
ROUND(PERCENTILE_APPROX(days_to_next_order, 0.5), 2) AS median_days_between_orders,

-- Standard deviation of inter-order gaps.
ROUND(STDDEV_SAMP(days_to_next_order), 2) AS stddev_days_between_orders,
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-- Minimum observed gap.
MIN(days_to_next_order) AS min_days_between_orders,

-- Maximum observed gap.
MAX(days_to_next_order) AS max_days_between_orders

FROM v_churn_order_gaps_24m

WHERE
-- Defensive filter:
days_to_next_order IS NOT NULL
AND days_to_next_order >= 0

GROUP BY
super_customer_id_order

baseline_enriched AS (

-- Step 2: Add eligibility and relative variability indicators
SELECT
super_customer_id_order,
gap_count,
avg_days_between_orders,
median_days_between_orders,
stddev_days_between_orders,
min_days_between_orders,
max_days_between_orders,

-- Relative variability of the customer's ordering rhythm.
ROUND(
CASE
WHEN avg_days_between_orders > 0
THEN stddev_days_between_orders / avg_days_between_orders
ELSE NULL
END,
4
) AS coefficient_of_variation,

-- Eligibility flag for personalized churn interpretation.
CASE

WHEN gap_count >= 2 THEN 1

ELSE O
END AS baseline_eligible_flag,

CASE
WHEN gap_count >= 2 THEN 'ELIGIBLE_FOR_PERSONALIZATION'
ELSE 'FALLBACK_TO_SEGMENT_LEVEL'

END AS baseline_eligibility

FROM customer_gap_metrics

SELECT

*

FROM baseline_enriched
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C.3 Design of the Reusable Customer-Level Expected Return View

Purpose
This view combines current customer inactivity with each customer’s individual behavioral
baseline in order to calculate an expected return window and deviation ratio.

The resulting structure provides the core personalized signal used to compare current
inactivity against each customer’s historical return rhythm.

Framework Relevance

This view compares current customer inactivity with the customer’s own historical return
rhythm. The resulting deviation ratio shows whether the customer is still within expected
behavior or has started to move beyond their usual return pattern.

The view prepares the personalized churn signal but does not assign the final churn state.
Source Foundation
The implementation builds on:

v_churn_customer_base_24m
v_churn_customer_behavioral_baseline_24m

The first source provides customer-level recency and segment context. The second provides
the individual historical return baseline.

Included Behavioral Logic

The view retains customer identity, order history, recency, segment, RX subtype, baseline
metrics, eligibility flags, expected return days, and deviation ratio.

The deviation ratio is calculated as current recency divided by the customer’s median
historical inter-order gap.

SQL Implementation - Reusable Customer-Level Expected Return View

CREATE OR REPLACE TEMP VIEW v_churn_customer_expected_return_24m AS
SELECT

-- Customer identity and current inactivity

c.super_customer_id_order,

-- Customer-level order frequency and activity window.
c.total_orders,

c.first_order_date,

c.last_order_date,

-- Current inactivity at the fixed reference date.
c.recency_days,

-- Segment context retained for downstream interpretation
c.customer_segment,
c.rx_subtype,

-- Individual behavioral baseline metrics
b.gap_count,
b.avg_days_between_orders,
b.median_days_between_orders,
b.stddev_days_between_orders,
b.min_days_between_orders,
b.max_days_between_orders,
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b.coefficient_of_variation,
b.baseline_eligible_flag,
b.baseline_eligibility,

-- Expected return window
CASE
WHEN b.baseline_eligible_flag = 1
AND b.median_days_between_orders >0
THEN b.median_days_between_orders
ELSE NULL
END AS expected_return_days,

-- Deviation ratio
-- - 1.0 means the customer is around their expected return point
-- - >1.0 means the customer is later than their normal rhythm
-- - <1.0 means the customer is still earlier than their expected return
ROUND(
CASE
WHEN b.baseline_eligible_flag = 1
AND b.median_days_between_orders >0
THEN c.recency_days / b.median_days_between_orders
ELSE NULL
END,
4
) AS deviation_ratio

FROM v_churn_customer_base_24m ¢

LEFT JOIN v_churn_customer_behavioral_baseline_24m b
ON c.super_customer_id_order = b.super_customer_id_order
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C.4 Design of the Reusable Personalized Churn State View

Purpose
This view assigns personalized behavioral states to customers based on their deviation from
individual expected return behavior.

It transforms the expected return and deviation logic into an explainable customer-level
churn state that reflects each customer’s own historical rhythm.

Framework Relevance

This view assigns personalized churn states by comparing current inactivity with each
customer’s expected return rhythm. It keeps the same state structure used in the thesis —
ACTIVE, AT RISK, and CHURNED — but makes the interpretation customer-specific where
enough history exists.

Behavioral consistency is included as a reliability signal. It supports interpretation confidence
but does not change the assigned churn state.

Source Foundation
The implementation builds on:
v_churn_customer_expected_return_24m

This source provides current inactivity, expected return days, deviation ratio, baseline
eligibility, segment context, and RX subtype context.

Included Behavioral Logic

The view assigns behavioral consistency buckets based on the coefficient of variation and
assigns personalized states using deviation ratio thresholds:

e ACTIVE: deviation ratio < 1.00
e AT RISK: deviation ratio > 1.00 and < 1.50
e CHURNED: deviation ratio > 1.50

e FALLBACK_TO_SEGMENT_LEVEL: insufficient history for personalized interpretation

SQL Implementation - Reusable Personalized Churn State View

CREATE OR REPLACE TEMP VIEW v_churn_personalized_states_24m AS
SELECT

-- Customer identity and current customer-level behavior

super_customer_id_order,

total_orders,

first_order_date,

last_order_date,

recency_days,

-- Segment context retained for interpretation and downstream
-- comparison

customer_segment,

rx_subtype,

-- Individual baseline and expected-return information
gap_count,
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avg_days_between_orders,
median_days_between_orders,
stddev_days_between_orders,
min_days_between_orders,
max_days_between_orders,
coefficient_of_variation,
baseline_eligible_flag,
baseline_eligibility,
expected_return_days,
deviation_ratio,

-- Behavioral consistency bucket
CASE
WHEN baseline_eligible_flag <> 1
OR expected_return_days IS NULL
OR deviation_ratio IS NULL
THEN 'Not Eligible for Personalization'

WHEN coefficient_of_variation IS NULL
THEN 'Undefined Consistency'

WHEN coefficient_of_variation <= 0.50
THEN 'Consistent’

WHEN coefficient_of_variation > 0.50
AND coefficient_of_variation <= 1.00
THEN 'Moderately Variable'

WHEN coefficient_of_variation > 1.00
THEN 'Highly Variable'

ELSE 'Undefined Consistency"
END AS behavioral_consistency_bucket,

CASE
WHEN baseline_eligible_flag <> 1
OR expected_return_days IS NULL
OR deviation_ratio IS NULL
THEN 'FALLBACK_TO_SEGMENT_LEVEL'

WHEN deviation_ratio <= 1.00
THEN 'ACTIVE'

WHEN deviation_ratio > 1.00
AND deviation_ratio <= 1.50
THEN 'AT RISK'

WHEN deviation_ratio > 1.50
THEN 'CHURNED'

ELSE 'FALLBACK_TO_SEGMENT_LEVEL'
END AS personalized_state,

-- Explicit ordering for reporting
CASE
WHEN baseline_eligible_flag <> 1
OR expected_return_days IS NULL
OR deviation_ratio IS NULL
THEN O

WHEN deviation_ratio <= 1.00
THEN 1

WHEN deviation_ratio > 1.00
AND deviation_ratio <= 1.50
THEN 2

WHEN deviation_ratio > 1.50
THEN 3

ELSE O
END AS personalized_state_order
FROM v_churn_customer_expected_return_24m
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C.5 Design of the Reusable Reclassification Impact View

Purpose
This view compares segment-level churn states with personalized churn states at customer
level in order to measure how personalization changes customer interpretation.

It creates the reusable analytical base used to evaluate whether customer-state assignment
remains aligned or changes when individual return behavior is considered.

Framework Relevance

This view compares segment-level churn states with personalized churn states. It measures
where both approaches agree and where customer-level return behavior changes the
interpretation.

The comparison supports the reclassification analysis in Chapter 7, including hidden risk,
missed churn, late detection, premature risk assignment, and softer personalized
interpretation.

Source Foundation
The implementation builds on:
v_churn_personalized_states_24m

It reconstructs the segment-level churn state logic from Chapter 5 using the segment-specific
empirical P80 and P90 return thresholds.

Included Behavioral Logic

The view assigns segment-level states, compares them with personalized states, identifies
whether each customer is unchanged or reclassified, and labels the business meaning of each
reclassification direction.

SQL Implementation - Reusable Reclassification Impact View

CREATE OR REPLACE TEMP VIEW v_churn_reclassification_impact_24m AS
WITH segment_thresholds AS (

-- Step 1: Define segment-level churn thresholds from Chapter 5
-- - ACTIVE: recency_days <= P80
-- - AT RISK: P80 < recency_days <= P90
-- - CHURNED: recency_days > P90
SELECT
'RX CUSTOMER' AS customer_segment,
83 AS p80_days,
127 AS p90_days

UNION ALL

SELECT
'OTC CUSTOMER' AS customer_segment,
124 AS p80_days,
194 AS p90_days

UNION ALL

SELECT

'FREE Only CUSTOMER' AS customer_segment,
201 AS p80_days,
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299 AS p90_days

comparison_base AS (
-- Step 2: Build customer-level comparison base

SELECT
-- Customer identity
p.super_customer_id_order,

-- Segment context
p.customer_segment,
p.rx_subtype,

-- Current inactivity and personalized behavioral signal
p.recency_days,

p.expected_return_days,

p.deviation_ratio,

-- Reliability context from Chapter 6
p.behavioral_consistency_bucket,

-- Personalized churn state from Chapter 6
p.personalized_state,
p.personalized_state_order,

-- Segment-level thresholds from Chapter 5
t.p80_days,
t.p90_days,

-- Segment-level churn state reconstructed from Chapter 5 logic
CASE
WHEN p.recency_days <= t.p80_days
THEN 'ACTIVE'

WHEN p.recency_days > t.p80_days
AND p.recency_days <= t.p90_days
THEN 'AT RISK'

WHEN p.recency_days > t.p90_days
THEN 'CHURNED'

ELSE 'UNDEFINED'
END AS segment_state,

-- Explicit ordering for stable reporting and charts
CASE
WHEN p.recency_days <= t.p80_days
THEN 1

WHEN p.recency_days > t.p80_days
AND p.recency_days <= t.p90_days
THEN 2

WHEN p.recency_days > t.p90_days
THEN 3

ELSE O
END AS segment_state_order

FROM v_churn_personalized_states_24m p

INNER JOIN segment_thresholds t
ON p.customer_segment = t.customer_segment

WHERE
-- Keep only customers with valid personalized interpretation
p.personalized_state IN ('ACTIVE', 'AT RISK', 'CHURNED")

reclassification_enriched AS (

-- Step 3: Add reclassification status and business direction
SELECT

*
’

-- Changed vs unchanged classification
CASE

WHEN segment_state = personalized_state
THEN 'UNCHANGED'
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ELSE 'RECLASSIFIED'
END AS reclassification_status,

-- Business-oriented reclassification direction

CASE

WHEN segment_state = personalized_state

THEN 'Aligned’

WHEN segment_state = 'ACTIVE'
AND personalized_state = 'AT RISK'
THEN 'Hidden Risk'

WHEN segment_state = 'ACTIVE'
AND personalized_state = 'CHURNED'
THEN 'Missed Churn'

WHEN segment_state = 'AT RISK'
AND personalized_state = 'CHURNED'
THEN 'Late Detection'

WHEN segment_state = 'AT RISK'
AND personalized_state = 'ACTIVE'
THEN 'Premature Risk'

WHEN segment_state = 'CHURNED'

AND personalized_state IN ('ACTIVE', 'AT RISK')

THEN 'Softer Interpretation’

ELSE 'Other Reclassification'
END AS reclassification_direction,

-- Explicit ordering for business-oriented reporting

CASE

WHEN segment_state = personalized_state

THEN 1

WHEN segment_state = 'ACTIVE'
AND personalized_state = 'AT RISK'
THEN 2

WHEN segment_state = 'ACTIVE'
AND personalized_state = 'CHURNED'
THEN 3

WHEN segment_state = 'AT RISK'
AND personalized_state = 'CHURNED'
THEN 4

WHEN segment_state = 'AT RISK'
AND personalized_state = 'ACTIVE'
THEN 5

WHEN segment_state = 'CHURNED'

AND personalized_state IN (‘ACTIVE', 'AT RISK')

THEN 6

ELSE 7
END AS reclassification_direction_order

FROM comparison_base

WHERE

-- Defensive filter:

-- Keep only valid segment-level states for comparison.
segment_state IN (‘ACTIVE', 'AT RISK', 'CHURNED')

SELECT

*

FROM reclassification_enriched
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Appendix D - Predictive Modeling: Future Churn-State Prediction
Purpose

This appendix documents the core implementation logic used to construct, train, evaluate,
and persist the predictive modeling layer for future customer churn-state prediction. Building
on the behavioral foundations developed in Appendices A—C, the predictive layer translates
historical customer behavior into a leakage-safe supervised multiclass modeling dataset and
evaluates future churn-state prediction across the classes ACTIVE, AT RISK, and CHURNED.

The appendix does not reproduce the entire Databricks notebook. The full notebook includes
additional validation checks, exploratory outputs, chart-generation cells, and artifact reload
steps. For readability and academic clarity, this appendix includes only the core
implementation blocks required to understand and reproduce the predictive modeling
architecture: temporal parameterization, feature-base construction, target assignment,
Spark ML dataset preparation, distributed model training, evaluation, and artifact
persistence.

Supports: Chapter 8
Technical Execution Environment

The predictive modeling implementation was developed in Python on Databricks, using SQL-
based feature engineering and distributed Spark-based ML.

Exploratory validation was initially performed on Databricks Serverless compute. The final
modeling workflow was executed on a dedicated Databricks ML environment using
Databricks Runtime 17.3 LTS ML, in order to support Spark ML, XGBoost, distributed training,
and persistent artifact storage.

The implementation uses PySpark, Spark MLlib, Spark-compatible XGBoost, Delta Lake, and
DBFS-based storage.

Code Selection Principle

The full Databricks notebook contains additional validation checks, exploratory outputs,
chart-generation steps, and artifact reload cells. The appendix includes only the core
implementation blocks needed to document the predictive modeling workflow.

The selected code covers temporal parameterization, feature-base construction, target
assignment, Spark ML preprocessing, model training, evaluation, and artifact persistence.

D.1 Design of the Reusable ML Feature Base
Purpose

This section defines the reusable customer-level ML feature base used for future churn-state
prediction. The feature base is constructed exclusively from customer behavior observed
before the cutoff date and therefore represents only the information available at the time of
prediction.

110



Framework Relevance

This layer constructs the customer-level feature base using only behavior observed before
the cutoff date. It separates historical feature construction from future target assignment,
which is essential for leakage prevention.

The feature base combines recency, frequency, return behavior, consistency, customer
segment, product interaction, and transaction-value signals.

Source Foundation

The implementation builds on the governed transactional scope used throughout the thesis,
but introduces a stricter temporal split:

e observation window: 2023-12-31 to 2025-06-30,

e cutoff date: 2025-06-30,

e prediction window: 2025-07-01 to 2025-12-31.
Included Logic

The implementation defines temporal parameters, separates observation and prediction
data, reconstructs observation-window orders and gaps, and integrates the final customer-
level ML feature base. Intermediate feature views are not fully reproduced in the appendix
to avoid unnecessary notebook duplication.

SQL Implementation - Temporal Modeling Parameters

CREATE OR REPLACE TEMP VIEW v_churn_ml_params AS

SELECT
DATE('2023-12-31') AS observation_start_date,
DATE('2025-06-30') AS cutoff_date,
DATE('2025-07-01') AS prediction_start_date,

)

¢
¢
¢
DATE('2025-12-31') AS prediction_end_date

SQL Implementation - Scoped Transactional Base for ML

CREATE OR REPLACE TEMP VIEW v_churn_ml_base_lines_24m AS
WITH params AS (
SELECT *
FROM v_churn_ml_params
)
SELECT
-- Date of the completed order line.
-- Used to separate observation and prediction windows.
f.order_date,

-- Business-level order identifier.
-- Used to reconstruct completed customer orders.
f.main_order_id_bi,

-- Ordering customer identifier.
-- This remains the primary entity for churn prediction.

f.super_customer_id_order,

-- Product subtype used for behavioral segmentation.
f.item_sub_type_name,

-- Net reported transaction value.
-- Used only as a behavioral economic activity proxy, not profit.
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f.sales_price_net_rep_cur

FROM rdc_udp_globalsales_globalsales_dev.default.fact_sales_trans f
CROSS JOIN params p
WHERE
-- Full 24-month analytical window used for Chapter 8.
f.order_date BETWEEN p.observation_start_date AND p.prediction_end_date

-- Business scope restriction.
AND f.sales_domain = 'os’
AND f.sub_company_id = 'Shop-COM'

-- Only completed customer transactions.
AND f.order_line_status = 'Processed'

-- Exclude system-structural BOM component lines.
AND (f.bom_type_name IS NULL OR f.bom_type_name <> 'Stiicklistenposition')

-- Restrict to the governed product scope.
AND f.item_sub_type_name IN ('FREE', 'OTC', 'RX')

-- Ensure consistency for value-based behavioral features.
AND f.sales_price_net_rep_cur IS NOT NULL

SQL Implementation - Observation and Prediction Window Separation

CREATE OR REPLACE TEMP VIEW v_churn_ml_observation_lines AS
WITH params AS (
SELECT *
FROM v_churn_ml_params
)
SELECT
b.*
FROM v_churn_ml_base_lines_24m b
CROSS JOIN params p
WHERE
b.order_date BETWEEN p.observation_start_date AND p.cutoff_date

CREATE OR REPLACE TEMP VIEW v_churn_ml_prediction_lines AS
WITH params AS (
SELECT *
FROM v_churn_ml_params
)
SELECT
b.*
FROM v_churn_ml_base_lines_24m b
CROSS JOIN params p
WHERE
b.order_date BETWEEN p.prediction_start_date AND p.prediction_end_date

SQL Implementation - Observation-Window Order Base

CREATE OR REPLACE TEMP VIEW v_churn_ml_observation_orders AS
SELECT

-- Customer identifier (modeling entity)

super_customer_id_order,

-- Order identifier
main_order_id_bi,

-- Order date (used for recency & gap calculations)
MIN(order_date) AS order_date,

-- Total economic activity per order
SUM(sales_price_net_rep_cur) AS order_value,

-- Number of lines in the order (optional behavioral signal)
COUNT(*) AS order_lines,

-- Product-type composition flags (important for segmentation later)

MAX(CASE WHEN item_sub_type_name = 'RX' THEN 1 ELSE 0 END) AS has_rx,
MAX(CASE WHEN item_sub_type_name ='OTC' THEN 1 ELSE 0 END) AS has_otc,
MAX(CASE WHEN item_sub_type_name = 'FREE' THEN 1 ELSE 0 END) AS has_free
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FROM v_churn_ml_observation_lines

GROUP BY
super_customer_id_order,
main_order_id_bi

SQL Implementation - Observation-Window Inter-Order Gaps

CREATE OR REPLACE TEMP VIEW v_churn_ml_observation_order_gaps AS
SELECT

-- Customer identifier

super_customer_id_order,

-- Current order
main_order_id_bi,
order_date,

-- Next order within observation window
LEAD(order_date) OVER (
PARTITION BY super_customer_id_order
ORDER BY order_date
) AS next_order_date,

-- Days between consecutive orders
DATEDIFF(
LEAD(order_date) OVER (
PARTITION BY super_customer_id_order
ORDER BY order_date
)
order_date
) AS days_to_next_order

FROM v_churn_ml_observation_orders

SQL Implementation - Final ML Feature Base

CREATE OR REPLACE TEMP VIEW v_churn_ml_feature_base AS
SELECT
rf.super_customer_id_order,

-- Observation-window anchor date
rf.last_order_date_observation,

-- Recency & Frequency
rf.total_orders_observation,
rf.days_since_last_order,
rf.orders_last_3m,
rf.orders_last_6m,
rf.orders_last_12m,
rf.inactivity_bucket,
rf.frequency_bucket,

-- Return Behavior
rb.gap_count,
rb.median_gap_days,
rb.avg_gap_days,
rb.expected_return_days,

-- Consistency
c.gap_cv,
c.consistency_bucket,

-- Segment & Product
s.customer_segment,
s.rx_subtype,
s.is_rx_plus_otc_customer,
s.is_otc_only_customer,
s.is_free_only_customer,

- Value
v.total_transaction_value,
v.avg_order_value,

v.std_order_value

FROM v_churn_ml_recency_frequency_features rf
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LEFT JOIN v_churn_ml_return_behavior_features rb
ON rf.super_customer_id_order = rb.super_customer_id_order

LEFT JOIN v_churn_ml_consistency_features ¢
ON rf.super_customer_id_order = c.super_customer_id_order

LEFT JOIN v_churn_ml_segment_product_features s
ON rf.super_customer_id_order = s.super_customer_id_order

LEFT JOIN v_churn_ml_value_features v
ON rf.super_customer_id_order = v.super_customer_id_order
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D.2 Design of the Reusable Future Churn Target View
Purpose

This section defines the future churn-state target used for supervised multiclass prediction.
The target is constructed from prediction-window behavior and compares each customer’s
future return behavior with their expected return baseline.

Supports: Chapter 8
Framework Relevance

The target layer assigns the future customer state after the feature base has already been
constructed. Prediction-window behavior is used only for label creation, not for model
features.

Customers without a usable expected return baseline are assigned to UNDEFINED and
excluded from supervised training.

Source Foundation

The target layer builds on:
v_churn_ml_feature_base,
v_churn_ml_prediction_lines,
v_churn_ml_prediction_orders,
v_churn_ml_future_gap.
Included Logic

The implementation identifies the first future order after the cutoff date, calculates the future
gap, compares that gap with the customer’s expected return window, and assigns the future
churn state.

SQL Implementation - Prediction-Window Orders

CREATE OR REPLACE TEMP VIEW v_churn_ml_prediction_orders AS
SELECT
super_customer_id_order,
MIN(order_date) AS next_order_date
FROM v_churn_ml_prediction_lines
GROUP BY
super_customer_id_order

SQL Implementation - Future Gap Calculation

CREATE OR REPLACE TEMP VIEW v_churn_ml_future_gap AS

WITH params AS (
SELECT *
FROM v_churn_ml_params

)

SELECT
f.super_customer_id_order,
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-- Last observed order before the cutoff date
f.last_order_date_observation,

-- Current inactivity at cutoff
f.days_since_last_order,

-- Personalized expected return baseline
f.expected_return_days,

-- First observed order during prediction window
p.next_order_date,

-- Total future behavioral delay
CASE
WHEN p.next_order_date IS NOT NULL THEN
DATEDIFF(
p.next_order_date,
f.last_order_date_observation

ELSE
DATEDIFF(
params.prediction_end_date,
f.last_order_date_observation
)
END AS future_gap_days

FROM v_churn_ml_feature_base f
CROSS JOIN params

LEFT JOIN v_churn_ml_prediction_orders p
ON f.super_customer_id_order = p.super_customer_id_order

SQL Implementation - Future Churn State Target

CREATE OR REPLACE TEMP VIEW v_churn_ml_target AS

SELECT

*

-- Future deviation ratio
ROUND(
CASE
WHEN expected_return_days IS NOT NULL
AND expected_return_days >0
THEN future_gap_days / expected_return_days
ELSE NULL
END,
4
) AS future_deviation_ratio,

-- Future churn state
CASE
WHEN expected_return_days IS NULL
OR expected_return_days = 0
THEN 'UNDEFINED'

WHEN future_gap_days / expected_return_days <= 1.0
THEN 'ACTIVE'

WHEN future_gap_days / expected_return_days <= 1.5
THEN 'AT RISK'

ELSE 'CHURNED'
END AS future_churn_state

FROM v_churn_ml_future_gap

116



D.3 Design of the Reusable Spark ML Modeling Pipeline
Purpose

This section documents the distributed Spark ML pipeline used to train and compare
multiclass churn-state prediction models. The pipeline prepares the labeled customer-level
modeling dataset, applies preprocessing, performs stratified train/test splitting, and trains
Logistic Regression, Random Forest, and XGBoost models.

Supports: Chapter 8
Framework Relevance

This layer trains and compares three multiclass models using the same leakage-safe
behavioral feature base and target definition. The goal is not exhaustive model optimization,
but a controlled comparison between an interpretable baseline, a non-linear ensemble
model, and a boosted tree model.

The implementation uses Spark-based distributed processing, which is appropriate for
customer-level modeling across millions of records.

Source Foundation

The modeling pipeline builds on:
v_churn_ml_feature_base,
v_churn_ml_target,

and the labeled customer population where future_churn_state is ACTIVE, AT RISK, or
CHURNED.

Included Logic

The pipeline constructs the modeling dataset, excludes UNDEFINED targets, defines
categorical and numerical features, applies missing-value handling and encoding, creates a
stratified train/test split, and trains Logistic Regression, Random Forest, and XGBoost models.

Python Implementation - Final Spark ML Modeling Dataset

from pyspark.sql import functions as F

modeling_df = spark.sql("""
SELECT

f.*,

t.future_churn_state
FROM v_churn_ml_feature_base f
JOIN v_churn_ml_target t

ON f.super_customer_id_order = t.super_customer_id_order
WHERE t.future_churn_state IN (‘ACTIVE', 'AT RISK', 'CHURNED')
")

print("Modeling rows:", modeling_df.count())
modeling_df.groupBy("future_churn_state").count().orderBy("future_churn_state").show()
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Python Implementation - Feature Columns and Target

target_col = "future_churn_state"
id_col = "super_customer_id_order"

categorical_cols = [
"inactivity_bucket",
"frequency_bucket",
"consistency_bucket",
"customer_segment",
"rx_subtype"

>

umeric_cols = [
"total_orders_observation",
"days_since_last_order",
"orders_last_3m",
"orders_last_6m",
"orders_last_12m",
"gap_count",
"median_gap_days",
"avg_gap_days",
"expected_return_days",
"gap_cv",
"is_rx_plus_otc_customer",
"is_otc_only_customer",
"is_free_only_customer",
"total_transaction_value",
"avg_order_value",
"std_order_value"

modeling_df = modeling_df.fillna("UNDEFINED", subset=categorical_cols)

selected_cols = [id_col, target_col] + categorical_cols + numeric_cols
modeling_df = modeling_df.select(selected_cols)

Python Implementation - Stratified Train/Test Split

seed =42
test_fraction = 0.20

fractions = {
"ACTIVE": test_fraction,
"AT RISK": test_fraction,
"CHURNED": test_fraction
}

test_df = modeling_df.stat.sampleBy(
col=target_col,
fractions=fractions,
seed=seed

train_df = modeling_df.join(
test_df.select(id_col),
on=id_col,
how="left_anti"

print("Train rows:", train_df.count())
print("Test rows:", test_df.count())

print("Train distribution:")
train_df.groupBy(target_col).count().orderBy(target_col).show()

print("Test distribution:")
test_df.groupBy(target_col).count().orderBy(target_col).show()

Python Implementation - Model-Aware Spark ML Preprocessing

from pyspark.ml.feature import (
StringIndexer,
OneHotEncoder,
VectorAssembler,
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StandardScaler,
Imputer

label_indexer = StringIndexer(
inputCol=target_col,
outputCol="label",
handlelnvalid="keep"

categorical_indexers = [
StringIndexer(
inputCol=c,
outputCol=f"{c}_idx",
handlelnvalid="keep"
)
for cin categorical_cols

1

encoder = OneHotEncoder(
inputCols=[f"{c}_idx" for c in categorical_cols],
outputCols=[f"{c}_ohe" for c in categorical_cols]

imputer = Imputer(
inputCols=numeric_cols,
outputCols=[f"{c}_imputed" for ¢ in numeric_cols],
strategy="median"

assembler_inputs = (
[f"{c}_ohe" for c in categorical_cols] +
[f"{c}_imputed" for ¢ in numeric_cols]

tree_assembler = VectorAssembler(
inputCols=assembler_inputs,
outputCol="features_tree",
handlelnvalid="keep"

Ir_assembler = VectorAssembler(
inputCols=assembler_inputs,
outputCol="features_unscaled",
handlelnvalid="keep"

Ir_scaler = StandardScaler(
inputCol="features_unscaled",
outputCol="features_Ir",
withStd=True,
withMean=False

print("Model-aware preprocessing objects created successfully.")

Python Implementation - Logistic Regression Model

from pyspark.ml import Pipeline

from pyspark.ml.classification import LogisticRegression

Ir = LogisticRegression(
featuresCol="features_|r",
labelCol="label",
predictionCol="prediction",
probabilityCol="probability",
maxlter=20,
regParam=0.01,
elasticNetParam=0.0,
family="multinomial"

Ir_pipeline = Pipeline(stages=[
label_indexer,
*categorical_indexers,
encoder,
imputer,

Ir_assembler,
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Ir_scaler,
Ir

)
Ir_model = Ir_pipeline.fit(train_df)
Ir_predictions = Ir_model.transform(test_df)

Ir_predictions.select(
id_col,
target_col,
"label",
"prediction",
"probability"

).show(5, truncate=False)

Python Implementation - Random Forest Model

from pyspark.ml import Pipeline

from pyspark.ml.classification import RandomForestClassifier

rf = RandomForestClassifier(
featuresCol="features_tree",
labelCol="label",
predictionCol="prediction",
probabilityCol="probability",
numTrees=50,
maxDepth=8,
mininstancesPerNode=100,
seed=42

rf_pipeline = Pipeline(stages=[
label_indexer,
*categorical_indexers,
encoder,
imputer,
tree_assembler,
rf

i}

rf_model = rf_pipeline.fit(train_df)
rf_predictions = rf_model.transform(test_df)

rf_predictions.select(
id_col,
target_col,
"label",
"prediction",
"probability"

).show(5, truncate=False)

Python Implementation - XGBoost Model

from pyspark.ml import Pipeline
from xgboost.spark import SparkXGBClassifier

xgb = SparkXGBClassifier(
features_col="features_tree",
label_col="label",
prediction_col="prediction",
probability_col="probability",
max_depth=6,
eta=0.1,
num_round=50,
subsample=0.8,
colsample_bytree=0.8,
seed=42

xgb_pipeline = Pipeline(stages=[
label_indexer,
*categorical_indexers,
encoder,
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imputer,
tree_assembler,
xgb

i}

xgb_model = xgb_pipeline.fit(train_df)
xgb_predictions = xgb_model.transform(test_df)

xgb_predictions.select(
id_col,
target_col,
"label",
"prediction",
"probability"

).show(5, truncate=False)
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D.4 Design of the Reusable Prediction Evaluation and Persistence Layer
Purpose

This section documents the reusable evaluation and persistence layer used to compare model
performance and preserve prediction artifacts and to ensure that evaluation outputs remain
reproducible, reloadable, and available for later visualizations and operational decision-
system logic.

Supports: Chapters 8- 9
Framework Relevance

This layer evaluates model performance and persists outputs so that results can be reused
after notebook or cluster restart. It supports reproducibility and makes the prediction
artifacts available for later analysis.

The evaluation includes confusion matrices, per-class precision, recall and F1-score,
aggregate model comparison, and AT RISK-focused metrics.

Source Foundation

This layer builds on the prediction outputs generated by:
e Logistic Regression,
¢ Random Forest,
e XGBoost.

Included Logic

The implementation extracts readable labels, builds confusion matrices, calculates precision,
recall, and Fl-score, creates aggregate comparison metrics, isolates AT RISK performance,
and persists the reusable prediction and evaluation outputs.

Python Implementation - Label Mapping and Readable Predictions

from pyspark.sql import functions as F

def get_label_mapping(pipeline_model):
label_indexer_model = pipeline_model.stages[0]
labels = label_indexer_model.labels
return {float(i): label for i, label in enumerate(labels)}

def add_readable_labels(predictions_df, label_mapping):
actual_expr = None
predicted_expr = None

for index, label in label_mapping.items():
if actual_expr is None:
actual_expr = F.when(F.col("label") == index, F.lit(label))
predicted_expr = F.when(F.col("prediction") == index, F.lit(label))
else:
actual_expr = actual_expr.when(F.col("label") == index, F.lit(label))
predicted_expr = predicted_expr.when(F.col("prediction") == index, F.lit(label))

return (
predictions_df
.withColumn("actual_state", actual_expr.otherwise(F.lit("UNKNOWN")))
.withColumn("predicted_state", predicted_expr.otherwise(F.lit("UNKNOWN")))
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# Extract label mapping separately from each fitted pipeline
Ir_label_mapping = get_label_mapping(Ir_model)
rf_label_mapping = get_label_mapping(rf_model)
xgb_label_mapping = get_label_mapping(xgb_model)

print("Logistic Regression label mapping:")
for k, vin Ir_label_mapping.items():
print(f"{k} -> {v}")

print("Random Forest label mapping:")
fork, vin rf_label_mapping.items():
print(f"{k} -> {v}")

print("XGBoost label mapping:")
for k, v in xgb_label_mapping.items():
print(f"{k} -> {v}")

# Add readable labels using each model's own fitted label mapping
Ir_eval = add_readable_labels(Ir_predictions, Ir_label_mapping)
rf_eval = add_readable_labels(rf_predictions, rf_label_mapping)
xgb_eval = add_readable_labels(xgb_predictions, xgb_label_mapping)

print("Label mapping:")
for k, v in xgb_label_mapping.items():
print(f"{k} -> {v}")

Python Implementation - Confusion Matrices

def create_confusion_matrix(eval_df, model_name):
return (
eval_df
.groupBy("actual_state", "predicted_state")
.count()
.withColumn("model", F.lit(model_name))

.select("model", "actual_state", "predicted_state", "count")

"o

.orderBy("actual_state", "predicted_state")

Ir_cm = create_confusion_matrix(Ir_eval, "Logistic Regression")
rf_cm = create_confusion_matrix(rf_eval, "Random Forest")
xgb_cm = create_confusion_matrix(xgb_eval, "XGBoost")

print("Logistic Regression Confusion Matrix")
Ir_cm.show(50, truncate=False)

print("Random Forest Confusion Matrix")
rf_cm.show(50, truncate=False)

print("XGBoost Confusion Matrix")
xgb_cm.show(50, truncate=False)

Python Implementation - Per-Class Metrics

from pyspark.sql import functions as F

all_em = (
Ir_cm
.unionByName(rf_cm)
.unionByName(xgb_cm)
.cache()

all_cm.count()
states_df = spark.createDataFrame(

[("ACTIVE",), ("AT RISK",), ("CHURNED",)],
["state"]

models_df = spark.createDataFrame(
[("Logistic Regression",), ("Random Forest",), ("XGBoost",)],
["model"]
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model_state_grid = models_df.crossJoin(states_df)

tp=(
all_cm
filter(F.col("actual_state") == F.col("predicted_state"))
.groupBy("model", F.col("actual_state").alias("state"))
.agg(F.sum("count").alias("tp"))

)

fo=(
all_cm
filter(F.col("actual_state") != F.col("predicted_state"))
.groupBy("model", F.col("predicted_state").alias("state"))
.agg(F.sum("count").alias("fp"))

)

fn=(
all_cm
filter(F.col("actual_state") != F.col("predicted_state"))
.groupBy("model", F.col("actual_state").alias("state"))
.agg(F.sum("count").alias("fn"))

)

support = (
all_cm
.groupBy("model", F.col("actual_state").alias("state"))
.agg(F.sum("count").alias("support"))

)

class_metrics_df = (
model_state_grid
.join(tp, ["model", "state"], "left")
.join(fp, ["model", "state"], "left")
.join(fn, ["model", "state"], "left")
.join(support, ["model", "state"], "left")
fillna(0, subset=["tp", "fp", "fn", "support"])
.withColumn(
"precision",
F.when((F.col("tp") + F.col("fp")) > 0,
F.col("tp") / (F.col("tp") + F.col("fp")))
.otherwise(F.lit(0.0))
)
.withColumn(
"recall",
F.when((F.col("tp") + F.col("fn")) > 0,
F.col("tp") / (F.col("tp") + F.col("fn")))
.otherwise(F.lit(0.0))
)
.withColumn(
"f1_score",
F.when((F.col("precision") + F.col("recall")) > 0,
2 * F.col("precision") * F.col("recall") /
(F.col("precision") + F.col("recall")))
.otherwise(F.lit(0.0))
)
.select(
F.col("model").alias("Model"),
F.col("state").alias("Class"),
F.col("support").cast("long").alias("Support"),
F.round("precision", 4).alias("Precision"),
F.round("recall", 4).alias("Recall"),
F.round("f1_score", 4).alias("F1 Score")
)
.orderBy("Model", "Class")
)

class_metrics_df.show(50, truncate=False)

Python Implementation - Aggregate Model Comparison and AT RISK Focus

accuracy_df = (
all_cm
.groupBy("model")
.agg(
F.sum("count").alias("total_predictions"),
F.sum(

F.when(F.col("actual_state") == F.col("predicted_state"), F.col("count"))
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.otherwise(F.lit(0))
).alias("correct_predictions")

)

.withColumn("Accuracy", F.round(F.col("correct_predictions") / F.col("total_predictions"), 4))

.select(F.col("model").alias("Model"), "Accuracy")

aggregate_metrics_df = (
class_metrics_df
.groupBy("Model")
-agg(
F.sum("Support").alias("Total Support"),

F.round(F.sum(F.col("Precision") * F.col("Support")) / F.sum("Support"), 4).alias("Weighted Precision"),
F.round(F.sum(F.col("Recall") * F.col("Support")) / F.sum("Support"), 4).alias("Weighted Recall"),
F.round(F.sum(F.col("F1 Score") * F.col("Support")) / F.sum("Support"), 4).alias("Weighted F1"),

F.round(F.avg("F1 Score"), 4).alias("Macro F1")

model_comparison_df = (
aggregate_metrics_df
.join(accuracy_df, on="Model", how="left")
.select(
"Model",
"Accuracy",
"Weighted Precision",
"Weighted Recall",
"Weighted F1",
"Macro F1",
"Total Support"
)
.orderBy(F.desc("Macro F1"))

model_comparison_df.show(truncate=False)

at_risk_metrics_df = (
class_metrics_df
filter(F.col("Class") == "AT RISK")
.select("Model", "Class", "Support", "Precision", "Recall", "F1 Score")
.orderBy(F.desc("F1 Score"))
)

at_risk_metrics_df.show(truncate=False)

Python Implementation - Persist Prediction Outputs

from pyspark.sql import functions as F
from pyspark.ml.functions import vector_to_array

output_schema = "rdc_udp_globalsales_globalsales_dev.default"
run_id = "churn_sparkml_v1"
output_path = "dbfs:/FileStore/eb_thesis/churn_all_model_predictions_delta"

def get_label_mapping(pipeline_model):
label_indexer_model = pipeline_model.stages[0]
labels = label_indexer_model.labels
return {float(i): label for i, label in enumerate(labels)}

def prepare_prediction_output(predictions_df, model_name, label_mapping):
df = predictions_df.withColumn(
"probability_array",
vector_to_array(F.col("probability"))

actual_expr = None
predicted_expr = None

for idx, label in label_mapping.items():
if actual_expr is None:
actual_expr = F.when(F.col("label") == idx, F.lit(label))
predicted_expr = F.when(F.col("prediction") == idx, F.lit(label))
else:
actual_expr = actual_expr.when(F.col("label") == idx, F.lit(label))
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predicted_expr = predicted_expr.when(F.col("prediction") == idx, F.lit(label))

df = (
df
.withColumn("actual_state", actual_expr.otherwise(F.lit("UNKNOWN")))
.withColumn("predicted_state", predicted_expr.otherwise(F.lit("UNKNOWN")))
.withColumn("model", F.lit(model_name))
.withColumn("run_id", F.lit(run_id))

for idx, label in label_mapping.items():
clean_label = label.lower().replace(" ", "_")
df = df.withColumn(
f"prob_{clean_label}",
F.col("probability_array")[int(idx)]

return df

prediction_columns = [
"run_id",
"model",
"super_customer_id_order",
"future_churn_state",
"actual_state",
"predicted_state",
"prob_active",
"prob_at_risk",
"prob_churned",
"customer_segment",
"rx_subtype",
"inactivity_bucket",
"frequency_bucket",
"consistency_bucket",
"total_orders_observation",
"days_since_last_order",
"expected_return_days",
"gap_cv",
"total_transaction_value",
"avg_order_value",
"is_rx_plus_otc_customer",
"is_otc_only_customer",
"is_free_only_customer"

Ir_label_mapping = get_label_mapping(Ir_model)
rf_label_mapping = get_label_mapping(rf_model)
xgb_label_mapping = get_label_mapping(xgb_model)

Ir_output = prepare_prediction_output(
Ir_predictions,
"Logistic Regression",
Ir_label_mapping
).select(*prediction_columns)

rf_output = prepare_prediction_output(
rf_predictions,
"Random Forest",
rf_label_mapping
).select(*prediction_columns)

xgb_output = prepare_prediction_output(
xgb_predictions,
"XGBoost",
xgb_label_mapping
).select(*prediction_columns)

all_model_predictions = (
Ir_output
.unionByName(rf_output)
.unionByName(xgb_output)

all_model_predictions.write.mode("overwrite").format("delta").save(output_path)

print(f"Saved all model prediction outputs to: {output_path}")

126



print("Rows saved:", spark.read.format("delta").load(output_path).count())

Python Implementation - Persist Evaluation Outputs

from pyspark.sql import functions as F

all_em = (
Ir_cm
.unionByName(rf_cm)
.unionByName(xgb_cm)

.withColumn("run_id", F.lit(run_id))

class_metrics_output = (
class_metrics_df

.withColumn("run_id", F.lit(run_id))

model_comparison_output = (
model_comparison_df

.withColumn("run_id", F.lit(run_id))

at_risk_metrics_output = (
at_risk_metrics_df

.withColumn("run_id", F.lit(run_id))

base_path = "dbfs:/FileStore/eb_thesis"

cm_path = f"{base_path}/churn_confusion_matrices_delta"
class_metrics_path = f"{base_path}/churn_class_metrics_delta"
model_comparison_path = f"{base_path}/churn_model_comparison_delta"
at_risk_path = f"{base_path}/churn_at_risk_metrics_delta"

def sanitize_columns(df):
cleaned_cols =[]
for ciin df.columns:
clean_c=(
c.lower()
replace(" ", " ")
replace("-"," ")
replace(".", ")
replace("/", " ")
cleaned_cols.append(clean_c)

return df.toDF(*cleaned_cols)

all_cm = sanitize_columns(all_cm)

class_metrics_output = sanitize_columns(class_metrics_output)

model_comparison_output = sanitize_columns(model_comparison_output)

at_risk_metrics_output = sanitize_columns(at_risk_metrics_output)

all_cm.write.mode("overwrite").format("delta").save(cm_path)

class_metrics_output.write \
.mode("overwrite") \
format("delta") \
.save(class_metrics_path)

model_comparison_output.write \
.mode("overwrite") \
format("delta") \
.save(model_comparison_path)

at_risk_metrics_output.write \
.mode("overwrite") \
format("delta") \
.save(at_risk_path)
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print("Saved evaluation outputs successfully.")

print("Confusion matrices rows:",
spark.read.format("delta").load(cm_path).count())

print("Class metrics rows:",
spark.read.format("delta").load(class_metrics_path).count())

print("Model comparison rows:",
spark.read.format("delta").load(model_comparison_path).count())

print("AT RISK metrics rows:",
spark.read.format("delta").load(at_risk_path).count())

Python Implementation - Model Interpretability

from pyspark.ml import PipelineModel
from pyspark.sql import functions as F

pre_xghb_model = PipelineModel(stages=xgb_model.stages[:-1])
xgb_prepared_df = pre_xgb_model.transform(train_df)

def extract_feature_names_from_metadata(df, features_col="features_tree"):
metadata = df.schemal[features_col].metadata
attrs = metadata.get("mli_attr", {}).get("attrs", {})

feature_attrs =[]
for attr_type in ["numeric", "binary", "nominal"]:
feature_attrs.extend(attrs.get(attr_type, []))

feature_attrs = sorted(feature_attrs, key=lambda x: x["idx"])
return [attr["name"] for attr in feature_attrs]

feature_names = extract_feature_names_from_metadata(
xgb_prepared_df,
"features_tree"

xgb_stage = xgb_model.stages[-1]
booster = xgb_stage.get_booster()

importance_dict = booster.get_score(
importance_type="gain"

importance_rows = [
(
feature_names[int(k.replace("f", ""))] if k.startswith("f") and int(k.replace("f", "")) < len(feature_names) else k,
float(v)
)

for k, v in importance_dict.items()

importance_named_df = (
spark.createDataFrame(importance_rows, ["feature_name!
.orderBy(F.desc("importance"))

importance"])

display(importance_named_df)
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Validation and Governance Notes

The predictive modeling implementation follows a leakage-safe temporal structure.
Observation-window data is used only for feature construction, while prediction-window
data is used only for target assignment. Customers with insufficient behavioral history are
assigned to UNDEFINED during target construction and excluded from supervised model
training.

The final workflow combines SQL-based behavioral feature engineering with distributed
Spark ML model training and Delta-based artifact persistence. This design supports
reproducibility, scalability, and enterprise applicability, while keeping the predictive modeling
layer aligned with the behavioral churn interpretation framework developed throughout the
thesis.

Technical Stack and Libraries Used

The predictive modeling implementation was developed using Python within the Databricks
environment and relied on distributed Spark-based processing for large-scale behavioral
feature engineering and multiclass churn-state prediction. The following libraries and
frameworks were used throughout the implementation.

Lib
Lo Main Components Purpose
Framework
Distributed DataFrame
PySpark SQL functions as F transformations and
aggregations

Pipeline, StringIndexer, OneHotEncoder, Feature preprocessing and ML
Spark ML o .
VectorAssembler, Imputer, StandardScaler pipeline construction
Spark ML _—_ . o . - .
P I LogisticRegression, RandomForestClassifier =~ Multiclass predictive modeling
Classification
Distri —
XGBoost Spark SparkXGBClassifier istributed gradl'ent boosted
ensemble modeling
PySpark ML Probability vector conversion
. vector_to_array e .
Functions and prediction interpretation

. Persistence of predictions and

Delta Lake .write.format("delta") . ‘p
evaluation artifacts

Distributed artifact storage

DBFS dbfs:/FileStore/... within Databricks
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