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Contemporary information systems generate large volumes of data whose struc-

tures, semantics, and temporal characteristics are heterogeneous and often only

implicitly defined. Event logs capture detailed evidence of operational and business-

process execution, but their diversity of formats, vocabularies, nested structures,

and execution contexts hinders consistent interpretation, validation, and integra-

tion. In parallel, multidimensional analytical environments provide mature support

for descriptive analysis, yet their conceptual models typically treat time as a single,

uniform role and therefore do not make explicit the distinct temporal assumptions

required when preparing data for prediction-oriented tasks.

This thesis investigates how conceptual modelling can be extended to make struc-

tural, semantic, and temporal assumptions explicit in these two complementary

settings. Following a design-science perspective, the work defines, formalises, imple-

ments, and evaluates conceptual artefacts through case-based and implementation-

oriented evidence.

The first contribution is a UML-based conceptual modelling approach for het-

erogeneous system event logs. It introduces log-specific modelling constructs, sup-
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ports nested objects and semantic dependencies, aligns terminology with the Elastic

Common Schema while enabling domain-specific extensions, and specifies mappings

between UML models and JSON log structures. A supporting modelling tool demon-

strates bidirectional transformations (forward generation and reverse engineering)

together with schema-oriented validation.

The second contribution is a prediction-oriented framework for multidimensional

analysis that distinguishes three temporal roles: an Observation Window for feature

construction, a Waiting Window for outcome latency, and a Prediction Window

for target definition. The framework is formalised via Prediction-Oriented OLAP

operators and a Prediction-Oriented Dimensional Fact Model that adds explicit

temporal bindings and predictive dependencies.

Python- and SQL-based implementations demonstrate how these temporal se-

mantics can be operationalised in the construction of Analytical Base Tables. The

evaluation provides evidence of implementability, reproducibility, and enforcement

of the specified temporal constraints in the examined configurations, while not aim-

ing to compare predictive algorithms or claim superior predictive accuracy.
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Chapter 1

Thesis Overview

The increasing scale, heterogeneity, and temporal complexity of contemporary data

have significantly challenged traditional approaches to data modelling and analysis.

Modern information systems generate and consume data in diverse forms, rang-

ing from semi-structured system event logs to highly structured multidimensional

datasets used for analytical reporting. While data processing technologies and ana-

lytical tools have rapidly evolved, the conceptual foundations used to model, struc-

ture, and reason about such data have not progressed at the same pace.

Conceptual modelling plays a fundamental role in bridging this gap. By provid-

ing abstract, technology-independent representations of data structures, semantics,

and relationships, conceptual models support shared understanding among stake-

holders, guide system design, and enable systematic analysis. In data analytics,

conceptual modelling is particularly valuable for making implicit assumptions ex-

plicit, clarifying semantics, and structuring data in ways that align with analytical

objectives rather than purely operational constraints.

However, applying conceptual modelling effectively in modern data-intensive

contexts remains challenging. Many established modelling approaches were origi-

nally developed for relatively stable, well-structured datasets and do not adequately
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CHAPTER 1

address characteristics such as schema variability, semantic heterogeneity, and com-

plex temporal dependencies. These limitations become especially evident in two

increasingly important analytical scenarios: the management and analysis of sys-

tem event logs, and prediction-oriented analysis over multidimensional data.

This thesis addresses these challenges by investigating how conceptual modelling

can be extended and adapted to support advanced data analytics in the presence of

heterogeneity and temporal complexity. The work is structured around two comple-

mentary contributions. The first focuses on the conceptual modelling of log data,

proposing a formal framework for representing the structure and semantics of system

event logs. The second introduces a prediction-oriented conceptual framework for

multidimensional data analysis, explicitly incorporating multiple temporal roles to

support predictive reasoning. Together, these contributions demonstrate how con-

ceptual modelling can act as an enabling foundation for advanced analytics, even in

environments where traditional modelling assumptions no longer hold.

1.1 Context

A central challenge in data analysis is the ability to structure and relate data in

a way that supports meaningful interpretation and reasoning. In the context of

multidimensional data analysis, this challenge manifests in the representation of re-

lationships between dimensions and facts, as well as in the integration of multiple

fact schemas describing related aspects of a domain. Analysts frequently encounter

situations in which insights require combining information from different multidi-

mensional cubes, each designed independently and often under different assump-

tions.

Traditional multidimensional modelling approaches rely on the notion of shared

or conforming dimensions as a prerequisite for integration. According to widely
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adopted design principles, meaningful navigation across multiple cubes is possible

only when dimensions originate from the same instance or share identical schemas

and semantics. While this assumption simplifies aggregation and ensures summa-

rizability, it proves overly restrictive in real-world analytical environments, where

data sources are heterogeneous, evolve independently, and reflect different temporal

perspectives.

When multidimensional cubes do not share common dimensions, analysts face

the non-conformity problem. Although such cubes may describe different facets of

the same underlying reality, their lack of shared dimensions prevents straightforward

integration and limits analytical possibilities. Attempts to overcome this limitation

through heterogeneous or loosely coupled schemas often introduce aggregation in-

consistencies and obscure semantic relationships rather than resolving them.

Temporal aspects further exacerbate these challenges. In traditional multidi-

mensional models, time is typically represented as a single dimension with a uniform

semantic role. This representation is adequate for descriptive and historical analy-

sis but insufficient for prediction-oriented tasks, where different temporal horizons

play distinct roles. For example, historical data used to derive explanatory features,

latency periods during which outcomes cannot yet be observed, and future intervals

in which predictions are evaluated all have different semantic meanings that are not

captured by conventional models.

Similar conceptual limitations arise in the analysis of system event logs. Log

data is inherently temporal, frequently semi-structured, and generated by heteroge-

neous systems with varying conventions and semantics. While logs provide detailed

traces of system behaviour, their lack of explicit conceptual structure and shared

semantics makes systematic analysis, integration, and interpretation difficult. Ex-

isting approaches often focus on parsing and storage, leaving higher-level conceptual

understanding implicit or entirely absent.
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These observations motivate the need for conceptual modelling frameworks that

explicitly address heterogeneity, temporal semantics, and analytical intent. Rather

than forcing diverse data into rigid, uniform structures, such frameworks should

make relationships, roles, and assumptions explicit. This thesis adopts this perspec-

tive, positioning conceptual modelling as a foundational mechanism for enabling

advanced analytics across both log-centric and multidimensional data environments.

1.2 Structure of the Thesis

This thesis is organized as a progressive investigation of conceptual modelling as a

foundation for advanced data analysis under conditions of structural heterogeneity

and temporal complexity.

Chapter 2 addresses the conceptual modelling of system event logs. It examines

the structural and semantic heterogeneity of log data, reviews related work in log

management and conceptual modelling, and introduces a UML-based modelling ap-

proach aligned with the Elastic Common Schema while supporting domain-specific

extensions. The chapter formalizes the proposed modelling constructs, illustrates

them through case studies, and presents tool support for bidirectional transforma-

tions between UML models and JSON-based log representations.

Chapter 3 develops the Prediction-Oriented Framework for multidimensional

data analysis. It reviews multidimensional and temporal data modelling together

with process mining and predictive process monitoring, motivates the need for ex-

plicit temporal roles, and formalizes the Observation, Waiting, and Prediction Win-

dows. The chapter introduces the Prediction-Oriented Dimensional Fact Model

and Prediction-Oriented OLAP operators, and provides implementation and valida-

tion evidence through Python- and SQL-based realizations. Detailed source-code-

oriented material is separated from the main scientific narrative and reported in

10
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Appendix B.

Chapter 4 presents the conclusions of the thesis as a whole. It synthesizes the

two research contributions, discusses the evidence supporting them, clarifies their

scientific and practical implications, positions the work with respect to process min-

ing and predictive process monitoring, and identifies the principal limitations and

directions for future research.

Appendix A documents the software artefacts and repositories associated with

the thesis. Appendix B provides the detailed Python and SQL implementation ma-

terial, extended testing procedures, source-code listings, and supporting screenshots

required for reproducibility.

Taken together, the chapters develop a unified research argument: explicit con-

ceptual modelling of structure, semantics, and temporal roles provides a disciplined

basis for advanced analytics over heterogeneous log data and multidimensional in-

formation.

11



Chapter 2

Conceptual Modelling of Log Data

2.1 Introduction

System event logs constitute a critical, often primary, source of information for

monitoring, managing, diagnosing, and securing contemporary information sys-

tems [4, 7, 8]. They provide detailed, time-stamped records of activities and events,

offering invaluable insights into system behaviour, performance bottlenecks, and

potential security incidents [16, 20, 28]. However, the increasing scale and complex-

ity of modern systems, coupled with diverse development practices and reliance on

legacy components, frequently lead to log data that is voluminous, heterogeneous,

unstructured or semi-structured, and semantically inconsistent [6, 11–13, 15]. This

inherent complexity presents significant challenges for effective log parsing, analysis,

and comprehension, hindering timely troubleshooting, accurate root cause analysis,

and proactive system management [16, 18, 19].

The lack of standardized structure and semantics in many log sources means

that raw log messages often exist as free-form text, making automated process-

ing difficult and error-prone [6, 11]. Furthermore, inconsistencies in severity level

reporting and ambiguous terminology can pollute analysis results and mislead oper-
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CHAPTER 2

ators [15]. While various logging formats (e.g., Syslog, CEF, Windows Event Logs)

and schema initiatives (e.g., Elastic Common Schema - ECS) exist [11,20,34], a uni-

fying, high-level abstraction for designing, understanding, and communicating the

structure and semantics of log data across different formats and domains remains

underdeveloped [11, 18, 19].

This chapter addresses this gap by proposing a novel conceptual modelling ap-

proach specifically tailored for system event logs. Our primary contribution is a

framework that integrates the strengths of visual modelling via the Unified Modelling

Language (UML) with the structured data representation capabilities of JSON,

grounded in the standardized field definitions provided by the Elastic Common

Schema (ECS), while explicitly accommodating user-defined extensions. Key novel-

ties of this work include:

• A UML Profile for Log Data

We define specific extensions to UML Class Diagrams, including tailored stereo-

types, a distinct visual structure for log field sets (differentiating core, ex-

tended, and custom fields), and dedicated notations for representing log-

specific concepts like nesting levels, field value enumerations, value aggrega-

tion, and semantic dependencies between fields.

• ECS Integration and Extension

The approach leverages ECS as a foundational semantic layer, promoting stan-

dardization, while providing a formal mechanism to incorporate necessary

domain-specific or custom fields, thus balancing standardization with flexi-

bility.

• Bidirectional UML-JSON Mapping

13
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We establish a clear mapping between the visual UML representation and a

structured JSON format, enabling model representation in either paradigm.

• Tool Support

We introduce a prototype extension for the StarUML modelling tool, which

automates the generation of the JSON representation from the UML model

and vice-versa, based on our defined mapping rules, thereby facilitating prac-

tical adoption and integration into development workflows.

The conceptual approach is designed to enhance the clarity and interoperability

of log data structures for a wide range of stakeholders, including developers, system

operators, analysts, and security personnel, regardless of their direct involvement

in the initial system design. It supports both top-down creation of new logging

strategies and bottom-up analysis, abstraction, and documentation of existing log

formats. By offering a clear and structured abstraction of log data, the proposed

framework improves overall data quality, facilitates seamless integration with promi-

nent log analysis platforms such as the Elastic Stack (Elasticsearch, Kibana and

Logstash: ELK) [24] and Splunk [26], and strengthens Extract, Transform, Load

(ETL) pipelines. Ultimately, this contributes to the development of more resilient,

maintainable, and scalable centralized log management systems.

This chapter is structured as follows. Section 2.2 discusses the foundational

concepts and reviews related work in log management and conceptual modelling.

Section 2.3 elaborates on the challenges motivating this research, highlighting issues

with existing log practices. Section 2.4 details the proposed conceptual modelling

framework, including its metamodel, notation, and key features; Subsection 2.4.3

illustrates the application of the approach using case studies, demonstrating both

top-down and bottom-up usage. Section 2.5 describes the supporting software tool

developed, discusses different perspectives applicable within the modelling approach

14
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and provides with a practical example in Subsection 2.5.2. Finally, Section 2.6

summarizes the contributions and potential impact of this work.
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2.2 Background and Related Work

2.2.1 Background

The conceptual modelling approach proposed in this research leverages the Unified

Modelling Language, specifically its class diagrams, as a foundational element. UML

class diagrams offer a standardized, visual formalism for representing the structure

and relationships within object-oriented systems. This established methodology pro-

vides a clear and communicable way to articulate the conceptual structure of log

files, thereby facilitating shared understanding, analysis, and collaborative refine-

ment among stakeholders during the log modelling process.

Recognizing the increasing prevalence and utility of structured logging formats,

particularly JSON (JavaScript Object Notation), we have extended and adapted

the standard UML class diagram notation. This adaptation is designed specifically

to capture the hierarchical, nested structures inherent in JSON-formatted log files.

By tailoring UML’s established notation, developers and analysts can more effec-

tively represent and document the key data elements, their types, and the complex

relationships within these nested log structures.

However, a significant challenge persists in practice. Log data is often generated

as unstructured or semi-structured text, lacking adherence to consistent standards.

This frequently stems from the complexities of industrial development environments

and the reliance on legacy systems that may not incorporate modern logging prac-

tices. Such inconsistency severely hampers the ability to efficiently extract meaning-

ful insights from log files. Without a defined structure, discerning the relationships

between data elements becomes arduous, impeding effective analysis, troubleshoot-

ing, and automated processing. Consequently, the interpretation of these logs can

become highly challenging for developers, data analysts, or monitoring systems not

intimately familiar with their implicit structure and semantics.

16
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A formal conceptual data model for logs addresses these issues by providing

mechanisms for both top-down design and bottom-up abstraction. In a top-down

approach, the conceptual model serves as a blueprint for designing standardized

and well-structured logging systems from the outset. Conversely, in a bottom-up

approach, the model provides a high-level, graphical representation (an abstraction)

of existing, potentially complex or unstructured, log files. This work explores these

dual applications, discussing the inherent challenges and proposed solutions within

our modelling framework, illustrated through case studies in banking (top-down)

and networking (bottom-up) domains.

Conceptual modelling is therefore positioned as a cornerstone for standardizing

log files, which in turn unlocks more powerful analytical capabilities. Implementing

such models facilitates a range of data operations, including robust data extrac-

tion, transformation, and loading (ETL) pipelines, as well as sophisticated data

visualization and analysis. Standardized logs, defined through a conceptual model,

enable organizations to reliably compare and aggregate data from diverse sources.

This leads to more informed decision-making based on comprehensive insights. Fur-

thermore, conceptual modelling paves the way for integrating log data with other

organizational data sources, such as customer records or transaction histories, cre-

ating richer datasets for holistic analysis.

This research represents an initial, yet foundational, step towards developing

robust, potentially centralized, log file management systems built on sound mod-

elling principles. We adopt the Elastic Common Schema (ECS) as a pragmatic

starting point, leveraging its established field sets for common log data elements.

Our proposed solution integrates UML diagrams and JSON schema definitions, in-

corporating both standard ECS fields and allowing for user-defined extensions. To

support this, we present an extension for the StarUML modelling tool, which facil-

itates the creation of log models in either UML or JSON format and automatically
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generates the corresponding representation in the other format, enforcing consis-

tency according to our proposed approach.

Modern information systems generate vast quantities of event data, typically

captured in logs. These event logs chronicle system activities and state changes,

offering invaluable data for understanding system behaviour, detecting anomalies,

and identifying performance patterns. However, the sheer volume and often intricate

structure of these logs present significant analytical challenges. The complexity of

contemporary systems and their associated processes [12, 13, 15] exacerbates this

issue, increasing the potential for errors, data loss, or security vulnerabilities like

sensitive data leakage [15, 19] to be hidden within the noise.

For decades, log management has been a critical discipline for monitoring system

health, diagnosing issues, and mitigating risks [4, 11,13]. Effective system oversight

relies heavily on proactive log monitoring and analysis. Nevertheless, selecting and

implementing appropriate log management strategies remains challenging [16, 18].

Key difficulties include choosing solutions capable of handling heterogeneous log for-

mats from diverse sources, ensuring scalability to manage high-volume data streams

in near real-time, and structuring the log data itself to enable meaningful analysis

– a core problem addressed by our focus on conceptual modelling.

2.2.2 Related Work

Conceptual data modelling is widely recognized in information systems engineering

for providing high-level, abstract representations of application domains, including

event data [3,5,9]. Such models foster a deeper understanding of the domain reality,

enhance communication between technical and non-technical stakeholders, and im-

prove the likelihood of accurately meeting user requirements [11]. A key advantage

of conceptual modelling is its independence from specific underlying technologies
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(e.g., databases, file formats), allowing the same conceptual understanding to be

implemented using various logical models.

Despite these benefits, a critical gap exists in the log management domain: the

lack of a widely adopted, standardized conceptual model specifically designed for log

files. While numerous logical formats and schemas exist (e.g., syslog, JSON-based

formats, ECS), a unifying conceptual framework is missing.

JSON has emerged as a de facto standard for structured logging due to its char-

acteristics: it is lightweight, human-readable, easily machine-parsable by virtually

all programming languages, and inherently supports nested structures. Its flexibility

makes it highly suitable for enriching log events with additional context and meta-

data, aligning well with the requirements of detailed log management, monitoring,

and serving as a potential target representation derived from a conceptual model.

The UML provides mechanisms for extension and adaptation, allowing its core

concepts to be tailored for specific domains or purposes [29, 32, 36]. A notable

example is SysML, which extended UML constructs like the class to create SysML

blocks for systems engineering [32]. This inherent extensibility is the mechanism we

leverage to adapt UML class diagrams for log file modelling.

Furthermore, in this research, UML itself serves a dual purpose. Beyond mod-

elling log files (the primary goal), we also utilize UML (specifically, its metamod-

elling capabilities) to formally define our proposed log modelling approach. That is,

we are defining a new type of structural diagram, derived from the class diagram,

thereby establishing clear semantics and syntax at the meta-level for the modelling

language itself.

This aligns with the metamodelling hierarchy defined by the Meta-Object Facility

(MOF), which structures modelling languages [36]. This hierarchy typically includes:

• M3 (Meta-metamodel):
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MOF itself, defining the language for specifying metamodels;

• M2 (Metamodel):

Languages like UML, defining constructs for specifying models;

• M1 (Model):

User-defined models (like our specific log file model for a banking application),

describing a particular semantic domain;

• M0 (Instances Data):

Concrete instances or log entries conforming to an M1 model.

In describing our modelling concept (the rules and structure of our log modelling

diagrams), we operate primarily at the M2 level (defining an extension to UML)

and the M1 level (providing the metamodel for log structures). When applying

the approach to specific domains (like banking or networking), the resulting models

reside at the M1 level, while the actual log files generated or analysed are instances at

the M0 level. Leveraging UML’s extension mechanisms inherently involves working

across these levels of abstraction [29, 37].

Therefore, this work builds upon established principles of conceptual modelling,

leverages the practicality of JSON and the standardization potential of ECS, and

utilizes the formal power and extensibility of UML and its metamodelling founda-

tions to address the identified gap - the need for a robust conceptual modelling

framework specifically tailored for log files.

The representation of log structure developed in this chapter is related to, but

distinct from, process mining. Process-mining methods generally assume that event

data can be associated with cases, activities, timestamps, and relevant attributes.

The present contribution addresses an upstream modelling problem: how hetero-

geneous log structures, field semantics, identifiers, and dependencies can be repre-
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sented explicitly before process-aware analytical methods are applied. The relation-

ship to process mining and predictive process monitoring is examined in detail in

Section 3.2.4.
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2.3 Motivation and Problem Statement

2.3.1 Motivating Example from Real-World Log Data

Log management has long been indispensable for maintaining system health, di-

agnosing faults, and ensuring operational integrity in distributed software systems

[7, 8]. Proactive monitoring and analysis of log data are fundamental to effective

system oversight. However, the escalating complexity and heterogeneity character-

istic of modern systems introduce significant challenges in structuring, parsing, and

reasoning over the vast quantities of generated log data [11, 18].

Selecting and implementing an appropriate log management strategy remains a

non-trivial task [27,31]. The sheer volume, high velocity, and diverse variety of logs-

particularly within highly regulated and critical domains such as finance, healthcare,

and telecommunications-mandate the adoption of scalable and semantically-aware

solutions. A critical limitation in current approaches lies in the absence of formal,

conceptual modelling frameworks specifically tailored for log data. This chapter

articulates these concerns by presenting concrete real-world log examples and iden-

tifying the key conceptual modelling challenges that arise from the inherent charac-

teristics and inconsistencies of contemporary log data.

Example 2.3.1: Heterogeneous Logs in a Payment Workflow

We begin by analysing a series of log entries from a hypothetical, yet realistic,

financial application executed on April 25, 2025. The system processes card

payments and invokes multiple loosely coupled services, including gateway, fraud

detection, currency conversion, and orchestration components.

Listing 1 reports the complete trace for a single transaction (txn_id =

9283746) as recorded by different services in the execution pipeline.
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Listing 1: Heterogeneous log trace for transaction 9283746

2025-04-25 14:03:10,145|INFO|gateway|GatewayService.java|112|

Received payment initiation: {txn_id: 9283746, amount: 200.00, currency:

"USD"}↪→

2025-04-25 14:03:11,022|ERROR|fraud-check|FraudService.java|340|

Transaction flagged: Rule 'high_frequency' triggered for user ID 49321

2025-04-25 14:03:12,000|DEBUG|conversion|FxConverter.java|205|

Rate lookup failed for USD->EUR on 2025-04-25T14:03Z

2025-04-25 14:03:12,187|INFO|orchestrator|Orchestrator.java|909|

Failure checkpoint reached; rerouting to fallback processor

2025-04-25 14:03:12,330|WARNING|gateway|GatewayService.java|119|

Final response delayed; retry queue size exceeded threshold

2025-04-25 14:03:13,514|INFO|***|UnknownModule|???|

TXN_STATUS_UPDATE: txn=9283746 status="HOLD" reason="FAILSAFE_TRIGGER"

This trace exposes several systemic issues that are common in distributed, log-

centric architectures:

• Structural inconsistency: Although all entries include timestamps and

source metadata, the internal structure of log messages varies widely. Some

entries embed JSON-like payloads, others rely on free text, and certain

fields (e.g., module name or source file) are missing or obfuscated.

• Semantic ambiguity of severity levels: An ERROR in the fraud service

is followed by an INFO log indicating a failure checkpoint, and later by
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a WARNING unrelated to the original cause. This weakens the meaning of

severity levels and complicates filtering, alerting, and root-cause analysis.

• Fragmented execution context: While all log lines refer to the same

transaction identifier, no explicit notion of process state or execution step

is shared across services. As a result, it is unclear which phase of the

payment workflow has failed or been suspended.

• Undefined status transitions: The final entry reports a HOLD status,

but provides no formal definition of this state, its position in the trans-

action lifecycle, or its implications for downstream systems and customer-

facing behaviour.

From a business perspective, a payment transaction is not a single operation

but an orchestration of interdependent activities, including validation, fraud

assessment, currency conversion, routing, and audit logging. Such workflows are

typically modelled using process-aware formalisms (e.g., BPMN). However, when

emitted logs are not explicitly linked to these conceptual process models, they

remain isolated technical artifacts that cannot be reliably interpreted, validated,

or analysed at the process level.

This example illustrates that, in the absence of shared semantics and explicit

execution context, log data alone is insufficient to support robust observability,

compliance analysis, or predictive reasoning in complex financial systems.

Example 2.3.2: Asynchronous Reconciliation and Notification Events

To extend the discussion on temporal misalignment and semantic ambiguity, we

consider a log trace illustrating asynchronous processing across loosely coupled

system components. The transaction is processed on April 30, 2025 and involves
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delayed reconciliation and messaging operations. Listing 2 reports the sequence

of log events generated by different services within a payment processing system.

All entries refer to the same transaction identifier TXN1058329, yet they are

produced by independent components with distinct execution timelines.

Listing 2: Asynchronous log trace for transaction TXN1058329

2025-04-30 18:45:03,110 | INFO | payment-core |

PaymentProcessor.java:512 |↪→

Payment submitted: txn_id=TXN1058329, method=CARD, amount=49.99 USD

2025-04-30 18:45:03,711 | INFO | audit-service | AuditTrail.java:199 |

Created audit log entry for transaction: TXN1058329

2025-04-30 18:45:08,472 | DEBUG | message-broker | KafkaProducer.java:77 |

Published event to topic 'payment.status':

{"txn_id":"TXN1058329", "status":"POSTED"}

2025-04-30 18:46:21,650 | INFO | reconciliation | ReconWorker.java:288 |

No matching ledger entry found for txn_id=TXN1058329; will retry in batch job

2025-04-30 18:47:00,142 | WARNING | notification | SmsSender.java:89 |

Delay detected in message queue for txn_id=TXN1058329 (age: 112s)

2025-04-30 18:48:02,301 | INFO | reconciliation | ReconWorker.java:312 |

Transaction TXN1058329 reconciled in ledger batch run #49328

This example highlights several structural issues commonly observed in dis-

tributed, event-driven architectures:

• Temporal decoupling Reconciliation, notification, and event publication

occur asynchronously. Events referring to the same transaction are sepa-
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rated by minutes, complicating correlation and real-time interpretation.

• Lack of a status ontology Status labels such as POSTED and RECONCILED

appear in different logs, yet no explicit semantic relationships, lifecycle

ordering, or state transitions are defined between them.

• Traceability gaps Although the transaction identifier is consistently prop-

agated, the logs are not linked to an explicit process model or execution

trace. As a result, it is unclear whether the observed sequence represents

normal progression, delay, or exception handling.

• Operational uncertainty Warning messages about delayed notifications are

not formally linked to service-level objectives, retry policies, or escalation

rules, limiting their usefulness for automated monitoring and control.

Overall, the example illustrates how the absence of a shared conceptual and

temporal model hinders observability, auditing, and analytical reasoning. These

limitations motivate the need for explicit temporal semantics and window-based

structuring, as later formalized in the Prediction-Oriented Dimensional Fact

Model.

Example 2.3.3: Structured JSON Logs and Process Semantics

To provide a final, complementary illustration, we examine a structured log

trace for a transaction processed on May 2, 2025. This example shows that

even syntactically well-formed logs (e.g., JSON) may still exhibit significant

conceptual and semantic ambiguity.

Listing 3 reports a representative sequence of log events produced by multiple

services involved in the processing of transaction TXN982301. Although each

entry is machine-readable and richly annotated, the trace does not explicitly
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encode the underlying business process semantics.

Listing 3: Structured JSON log trace for transaction TXN982301

{

"timestamp": "2025-05-02T14:22:07.456Z",

"level": "INFO",

"service": "api-gateway",

"component": "PaymentInitiator",

"txn_id": "TXN982301",

"user_id": "USR34912",

"message": "Payment request received",

"payload": {

"amount": 120.50,

"currency": "USD",

"payment_method": "CARD",

"channel": "mobile_app"

}

}

{

"timestamp": "2025-05-02T14:22:07.892Z",

"level": "INFO",

"service": "fraud-engine",

"component": "FraudScorer",

"txn_id": "TXN982301",

"risk_score": 0.82,

"decision": "REVIEW",

"rule_triggered": "geo_velocity_high",

"message": "Transaction flagged for manual review"

}

{

"timestamp": "2025-05-02T14:22:08.147Z",

"level": "INFO",
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"service": "fx-service",

"component": "ExchangeRateResolver",

"txn_id": "TXN982301",

"from_currency": "USD",

"to_currency": "EUR",

"rate": 0.9112,

"message": "FX rate applied"

}

{

"timestamp": "2025-05-02T14:22:09.103Z",

"level": "INFO",

"service": "payment-orchestrator",

"component": "RoutingEngine",

"txn_id": "TXN982301",

"route": "provider_b",

"message": "Payment routed to processor"

}

{

"timestamp": "2025-05-02T14:22:10.405Z",

"level": "INFO",

"service": "payment-processor",

"component": "ProviderBAdapter",

"txn_id": "TXN982301",

"provider_response": {

"status": "AUTHORIZED",

"auth_code": "94H28D",

"processor_txn_id": "PB-TXN-7710"

},

"message": "Authorization successful"

}

{

"timestamp": "2025-05-02T14:22:15.003Z",
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"level": "INFO",

"service": "settlement-engine",

"component": "BatchScheduler",

"txn_id": "TXN982301",

"batch_id": "SETTLE-APR-002",

"message": "Transaction included in settlement batch"

}

{

"timestamp": "2025-05-02T14:22:18.712Z",

"level": "INFO",

"service": "notification-service",

"component": "SmsSender",

"txn_id": "TXN982301",

"recipient": "+15556667777",

"template": "payment_success",

"message": "User notified of successful payment"

}

Despite its structured format, the trace raises fundamental modelling questions

that cannot be resolved from the logs alone:

• What constitutes a complete transaction from a business or accounting

perspective?

• How are events emitted by different services semantically related to a single

business process instance?

• Which stages in the transaction lifecycle are mandatory, conditional, or

optional?

• How are failures, retries, compensations, or alternative paths represented

or inferred?
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In the absence of an explicit process model or shared semantic framework, the

reconstruction, validation, and analysis of business behaviour from log data

alone becomes inherently ambiguous. This example illustrates that syntactic

structure is insufficient to guarantee semantic clarity, reinforcing the need for

explicit temporal and conceptual modelling, as later addressed by the Prediction-

Oriented Dimensional Fact Model.

2.3.2 Problem Statement

A transactional event, such as a payment, is not an atomic action but the result of

multiple interdependent processes across various system components. These include

steps like request receipt, fraud scoring, currency conversion, routing, and settle-

ment or notification. However, without a formal process model (e.g., BPMN), the

relationships and flow between these activities are implicit, making them difficult to

track and understand. This issue is exacerbated when logs are analysed retroactively

by teams unfamiliar with the system’s internal design.

Several key challenges arise from this lack of process modelling and inconsistency

in log data:

1. Inconsistent Naming of Entities: Variations in entity naming (e.g., txn_id vs.

transaction_id) across services complicate data integration and analysis.

2. Lack of Canonical Event Typing: Informal, free-text event descriptions (e.g.,

“Authorization successful”) hinder reusable event definitions and make it hard

to compare event sequences.

3. Implicit Process Semantics: Log entries lack explicit references to the un-

derlying process, making it difficult to map them to structured models like

BPMN.
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Challenge Description Mitigation Strategy

Inconsistent
Naming

Variations in entity nam-
ing across services

Lexical normalization, field map-
ping dictionaries, standardized
naming conventions.

Lack of Canonical
Event Typing

Free-text event descrip-
tions complicate compar-
isons and reuse

Define formal event taxonomies and
map log messages to typed events.

Implicit Process
Semantics

Logs lack explicit refer-
ences to the process model

Map log events to steps within
structured process models; intro-
duce process instance IDs.

Missing Contex-
tual Information

Logs may lack crucial con-
textual data for under-
standing events

Enforce enriched logging standards
with mandatory context fields.

Misuse of Sever-
ity/Status Indica-
tors

Inconsistent use of severity
levels obstructs monitoring

Adopt formal vocabularies for
domain-level statuses; enforce con-
sistent severity usage.

Missing Process
Identity

Lack of broader context
identifiers limits tracking
across business processes

Introduce explicit case or process
identifiers at the point of log gen-
eration.

Table 2.1: Summary of Conceptual Modelling Challenges and Mitigation Strategies

4. Missing Contextual Information: Some logs omit crucial context (e.g., service

failures without currency details), affecting traceability and event understand-

ing.

5. Misuse of Severity/Status Indicators: Inconsistent use of severity levels (e.g.,

logging critical errors as INFO) obstructs accurate monitoring and classifica-

tion.

6. Missing Process Identity: The absence of a broader context identifier (e.g.,

case_id) limits the ability to track related activities within a larger business

process.

These challenges significantly impede reliable process analysis, trace reconstruc-

tion, and system observability. To overcome these limitations, logs should be closely
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tied to standardized conceptual models, such as structured data models (e.g., JSON

schema), UML diagrams, and formal process definitions like BPMN. This integra-

tion ensures that logs are semantically rich, enabling effective monitoring, auditing,

and compliance, and allowing accurate traceability of business processes.
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2.4 The Proposed Modelling Approach

The UML provides a wide spectrum of modelling possibilities [29]. As our objective

is to support developers and super users in understanding and leveraging log data,

our approach emphasizes the more formal end of UML [30].

To support this, we utilize standard UML extension mechanisms:

• Stereotypes to introduce new modelling elements tailored to logs;

• Tagged values to add specific metadata or attributes;

• Constraints to define precise semantics and validation rules.

We rely primarily on the stereotype extension by deriving new block types

(classes) from standard UML elements. These stereotypes are applied to classify

and annotate classes for log-specific semantics. We also define enumeration types,

specialized attributes, and enriched associations to align the UML schema with

JSON-structured log data.

2.4.1 Metamodel for Log Files Modelling

The UML metamodel (M2) is designed using UML 2.5 class diagram elements. Fig-

ure 2.1 illustrates the metamodel that supports conceptual modelling of structured

logs. It defines how log entities, attributes, and their relationships can be formally

described.

To accommodate typical JSON logs, the metamodel:

• Supports nested structures using associations and multiplicities;

• Encodes log fields as class Attributes;

• Differentiates log components using Stereotypes;
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Figure 2.1: The simplified metamodel based on the UML class diagram

• Enables extensibility with tagged values and enumerations;

• Simplifies operations and interfaces in favor of data-centric modelling.

Key Elements of the Metamodel:

Element Description
Class Represents log entities (e.g., LogEntry, UserSession); may

be abstract.
Attribute Defines individual fields within a log entry (e.g., timestamp,

severity).
Stereotype Extends UML classes with domain-specific semantics (e.g.,

<<Event>>, <<Error>>).
Association Represents structural relationships (e.g., one session may

have many log entries).
Multiplicity Defines cardinality, useful for arrays or optional elements in

JSON.
Operation Included for completeness but generally unused in log-

centric models.

Table 2.2: Key elements of the metamodel and their roles in log file modelling

34



CHAPTER 2

To demonstrate the application of our metamodel, Table 2.3 presents a simplified

JSON log entry and its corresponding UML-based conceptual model.

Sample JSON Log Entry Mapped UML Instance (Conceptual)

{
"timestamp": "2023-06-01T12:00:00Z

",
"level": "ERROR",
"message": "Payment failed",
"transactionId": "TX12345",
"user": {

"id": "U001",
"role": "customer"

}
}

Class <<LogEntry >>
- timestamp: string
- level: SeverityEnum
- message: string
- transactionId: string
Assoc: LogEntry -> User [1]

Class <<User>>
- id: string
- role: string

Table 2.3: Mapping a JSON log structure to UML model instances

This illustrates how nested JSON elements and semantics are represented using

UML classes, associations, and stereotypes-providing a clear foundation for auto-

mated analysis, validation, and model-driven engineering.

2.4.2 Conceptual Model and Key Features Definition

The proposed UML-based modelling approach leverages class diagrams extended

with suitable stereotypes [29]. Class diagrams are particularly well-suited for repre-

senting the hierarchical and nested structures typically found in log records. Logs are

primarily composed of attributes and field sets, where each field set groups related

attributes under a common functional theme.

In our conceptual model, field set names and their associated attributes are

derived from the Elastic Common Schema (ECS) specification. A representative

structure of a log record is illustrated in Fig. 2.2.

To capture nesting relationships among field sets, we utilize composition associa-

tions within UML. Field sets are modelled as class-like elements and may themselves

contain other nested field sets, enabling recursive reuse. Each field set is visually
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structured into three compartments to distinguish between core, extended, and cus-

tom fields. For nested field sets within the same scope, we adopt an ad-hoc graphical

notation to clearly indicate their local hierarchy.

In addition to structural nesting, our conceptual model incorporates several other

important features:

• Attribute Typing: Explicit support for defining attribute data types, in-

cluding primitives, enumerations, and arrays.

• Attribute Associations: Logical relationships between attributes (e.g., value

dependencies or constraints).

• Enumeration Types: To constrain attributes to controlled vocabularies.

• ECS Metadata: Used for event categorization and semantic enrichment.

• Custom Extensions: Support for application- or domain-specific field defi-

nitions.

The model is based on UML class diagram constructs but includes extensions

and enhancements specifically tailored for log data representation. These extensions

support a wide range of practical use cases, especially in complex industrial scenarios.

While ECS provides a structured vocabulary for fields and categorizes them into

core and extended levels, it leaves the definition of custom fields to the discretion

of the user or system integrator [34]. Our approach formally incorporates custom

fields and even custom field sets as first-class citizens in the model. These are defined

freely by developers or domain experts to accommodate specific event logging needs

outside ECS’s standard scope.

This flexibility is intentional: it ensures that the model remains adaptable and

extensible, particularly in scenarios where ECS coverage is insufficient. However, it is
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worth noting that introducing custom fields entails a slight risk of name collision with

future versions of ECS-especially if logs are consumed by tools with rigid schemas.

Nonetheless, this risk can be mitigated through careful naming conventions and by

employing schema validation strategies.

When integrated into a custom or schema-flexible log management infrastruc-

ture, the proposed conceptual model enables structured reasoning, validation, and

higher-level abstractions for log analysis. This results in improved traceability, mon-

itoring, and compliance, offering significant advantages over ad hoc or unstructured

logging practices.

Figure 2.2: Representation of a log record as an extended UML diagram: structure of
field sets boxes and their nesting

Defining Class and Class Stereotype

To represent the field sets, we extend a class diagram box, by representing them

as a four-box structure. Features of the redefined class are the attributes only,

distinguished through the field sets An extended class for the log files modelling

can also remind a data type is a classifier, as attributes are identified by their

values/datatype (Fig. 2.2).
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Figure 2.3: Redefined notations, used in the proposed extended UML model

• The first sub-box is the name of the field set and as the stereotype, we indicate

belonging to either the standard ECS group of field sets, the so-called meta-

level field sets (such as categorization fields) or the extended schema defined

by the user.

• The second, third and fourth sub-boxes contain the core, extended and custom

fields and their data types, respectively. For assuredly defined fields we use

”+”, for the ones currently considered as beta we use ”-” (UML reference -

visibility).

In our model, we define the following stereotypes:

• LR - is a class that defines the core of the log record and contains all the other

nested classes (field sets). It could be followed by the name of the class (for

the representation or due to the JSON structure).

• ecs - is a class that specifies the field set, when all the fields are adopted from

ECS.

• custom - is a class that has custom fields or the whole field set is custom.

• ecscf - is a class that includes categorization fields with «enumeration».

Special Use Cases of Field Sets

For more convenience and simplification we propose to use the star symbol ”*”

for the core and extended fields to show that all fields predefined to the particular

set are used.
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The box with the field set which is not used could be omitted. Omitting is

possible only if it is explicit what types of field sets are shown on the diagram,

whether they are base, extended or custom.

Nesting

Nesting in the model is defined on different levels because it follows to meet the

particular needs of the representation. In the proposed approach, we distinguish two

kinds of nesting. While the first one is explicitly specified through different field sets

of ECS, the second one is a weaker nesting not corresponding to explicitly nested

field sets.

As for Nested Field Sets Under Root Level, such field sets are not expected to be

used directly at the root of the log record structure and are required to be exclusively

nested. For the graphical representation of dependencies was chosen ”line and black

diamond” association (UML composition) to describe a relationship between a root

and nested parts.

As for Internal Nesting, the graphical representation ”line and black dot”, end

ownership association, is used to depict the internal nesting between field set parts.

By default, the dot notation is used to represent the structure complexity and de-

pendencies between different fields.

Ownership of the association ends with a small filled circle, where the line meets

the associated classifier. It could be interpreted as showing that the model exclu-

sively includes the field sets represented by the classifier touched by the dot. These

field sets cannot be nested in the others.

The box structure of log records and the nesting association are shown in Fig. 2.2.

Fields in the Root of Log Files

Some fields could define a unique group set, however, not intended to be nested

but written directly at the root of the log record. Such an example is a base field set

(Fig. 2.4). As we will see in the following case studies of bank and network domains
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(Fig. 2.7 and Fig. 2.9 relatively).

Figure 2.4: The illustration of the base field set in the root of a log record

These fields are common across all types of events, ”timestamp” is the required

field for all events as well as ”ecs.version” (Fig. 2.7).

Predefined Field Values

An example of a field with predefined values is the categorization field set. For

the graphical representation was chosen enumeration advanced model element (in

UML class diagrams) to represent already developed under the current model or

user-defined (custom) data types.

This classification can vary, depending on the type of the particular enumeration:

constraint or advisory. This means that values can be strictly chosen from the

predefined set or there is a recommended set yet it is allowed to use values free of

choice concerning set up data type.

We do recommend to use as names for enumeration capital first letters of the field

sets names for the fixed values (example: ”CF1”, ”CF2” as will be shown following

in Fig. 2.7 and Fig. 2.9) and for the recommended ones ”R”. Several enumerations

related to the sane field set must be listed according to recommendations above plus

a number in ascending order. Values that are not in the list of allowed values should

not be used.

Dependency for Representing Collected Values

In particular cases, redundancy of the schema is allowed, i.e collecting several

field values of the same data type in one collecting field. For instance, the ”related.ip”
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Figure 2.5: Enumeration for predefined field values

field captures all the present in the event IPs in a single array (Fig. 2.9).

For the graphical representation, the arrow line notation (UML dependency)

was chosen. Together with the notation, the name of the collected values must be

specified.

Dependency is a directed relationship, that shows that some UML element or

a set of elements depends on other model elements. In our model, the notation

represents the collecting of data from different sources (same data type) in one

array. It is a so-called ”supplier-client relationship”; a supplier provides, and a

client is dependent on its elements. Modification of the value in a certain field

changes the values in the collected value field.

The field of the collected values facilitates the search when processing on a chosen

platform, for example, ELK. Since these values can appear in many fields, a simple

search can be performed, regardless of which field they appear in, with a single

query [34].

Association Between Fields

When an event contains details about the sending and receiving hosts, the base-

line for capturing these values will be the source and destination fields.

Some events may also indicate each host’s role in the exchange: client or server.

When this information is available, the client and server fields should be used in

addition to the source and destination fields. The fields and values mapped under

source/destination should be copied under client/server [25].

The proposed representation for the case of an association, when one field of the
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particular set must be populated exclusively in one of two other fields, is shown in

Fig. 2.9.

Figure 2.6: Association between fields of the client field set

XOR Constraint

XOR constraint applies to associations or even two values. The constraint is

shown as a dashed line between the elements labelled by the constraint field, where

field set names or values could be specified (Fig. 2.8).

Categorization Fields

Four categorization fields are defined for this purpose, each of which falls under

the ”event.*” field set. Values that are not in the list of allowed values should

not be used. When a specific event does not fit into any of the defined allowed

categorization values, the field should be left empty. The structure and features of

the representation are explicitly shown in Fig. 2.7.

At a high level, the schema provides fields to classify events in two different

ways: ”where it is from” (e.g., ”event.module”, ”event.dataset”, ”agent.type”, ”ob-

server.type”, etc.), and ”what it is.” The categorization fields hold the ”what it is”

information, independent of the source of the events.

Dependency for Duplicated Values

Most commonly the proposed notation is used for the network events to capture

the details of one device communicating with another. The initiator is referred to
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Figure 2.7: The model of log files of the bank batch application: graphical representation
through the proposed modelling approach

as the source and the recipient as the destination. Depending on the data source,

a networking event can contain details of addresses, protocols, headers, and device

roles.

There are guidelines and recommendations to describe different field sets avail-

able for network-related events in ECS and provide direction on the ECS best prac-

tices for mapping to them. When an event contains details about the sending and

receiving hosts, the baseline for capturing these values will be the source and desti-

nation fields.

Some events may also indicate each host’s role in the exchange: client or server.

When this information is available, the client and server fields should be used in

addition to the source and destination fields. The fields and values mapped under

source/destination should be copied under client/server. Network event mapping

graphical representation example showed in Fig. 2.9 a dashed arrow notation indi-

cating the name of the duplicated field.
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Figure 2.8: The constraint XOR between two field sets

2.4.3 Implementation on Industrial Case Studies

In considering real-world applications for the proposed conceptual modelling ap-

proach, we followed a top-down strategy, to design log record structures at a con-

ceptual level, also to support the implementation of possibly required adjustments

or changes, and possibly allow different formats such as JSON, XML, and so on.

Fig. 2.7 shows a UML-based diagram for the batch log of the custom application

in the banking domain created with the implementation of the proposed conceptual

model.

We then considered a bottom-up approach, on existing log files, to provide a high-

level description of the log file structure, and also to support a clear understanding

of the different fields when designing suitable analysis on such data.

Fig. 2.9 shows the conceptual schema from the network logs. In this case, it

is standardized, and there are no problems with format and parsing or subsequent

analysis, despite that logs are obtained from very different sources (firewalls, servers,

databases, networks, applications, and so on). A clear comprehension of its struc-

ture, in any case, would help in building and sharing related data analyses.
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Figure 2.9: Log files of the network event domain: graphical representation through the
proposed modelling approach

Perspectives of the Diagram

The choice of perspective depends on the stage of the modelling process and the

type of representation. We propose interpretation from two perspectives:

- conceptual, that represents the concepts in the domain (values but not their

type), as in the Fig. 2.2 and Fig. 2.7;

- specification, that focuses on the data type.

While modelling a template for the log files with custom values the specifica-

tion perspective is required. Yet when the types of values are explicitly predefined

(through ECS, for example), they could be committed to the schema. Modelling

could start with the conceptual perspective and then evolve into the specification.
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2.5 Tool Support for Conceptual Modelling of Log

Data

The conceptual modelling approach developed in this chapter is accompanied by

a dedicated StarUML extension that operationalises the principal constructs of the

proposed modelling language. The extension provides executable support for the cre-

ation, transformation, inspection, and validation of conceptual models of structured

and semi-structured log data. Its purpose is twofold. First, it enables the proposed

notation and UML–JSON mappings to be applied in practical modelling workflows.

Second, it provides implementation evidence that the metamodel, stereotypes, struc-

tural constraints, and transformation rules defined in the preceding sections can be

realised within an existing modelling environment.

The software artefact should therefore be understood as an implementation of

the conceptual contribution, rather than as a separate modelling contribution. The

semantics enforced by the extension are derived from the metamodel and mapping

rules defined in this chapter; they are not introduced independently at the soft-

ware level. The source code, installation information, development provenance, and

repository address are documented in Appendix A.

2.5.1 Design and Functional Scope of the Modelling Tool

StarUML was selected as the host environment because it provides an extensible ar-

chitecture for UML-based modelling, programmatic access to model elements, and

native support for class diagrams. These properties make it possible to introduce

log-specific modelling operations without developing a standalone diagramming en-

vironment. The extension integrates its commands into the StarUML interface and

operates directly on the classes, attributes, stereotypes, associations, multiplicities,
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and constraints used to represent the conceptual structure of log records.

The extension supports the two modelling directions considered throughout this

chapter. In a top-down workflow, a modeller creates a UML representation of the

intended log structure and uses the extension to generate a corresponding JSON

template. This workflow supports the specification of logging structures before their

implementation. In a bottom-up workflow, existing JSON or JSONL log data are

analysed and transformed into a UML class diagram that provides a higher-level

representation of fields, nested structures, and recurring components. The resulting

model can subsequently be inspected, refined, and validated.

The implementation also supports validation against the Elastic Common Schema

(ECS). This functionality checks whether model elements are consistent with the

field names, data types, and nesting structures represented in the locally available

ECS definitions. Since ECS evolves over time, the extension includes a synchro-

nisation mechanism for retrieving updated field-set definitions and incorporating

them into the validation resources used by the tool. Diagram export through Plan-

tUML provides an additional representation suitable for documentation and for the

production of scalable figures.

These operations provide practical support for the central methodological claim

of this chapter: an explicit conceptual representation can mediate between technology-

independent log semantics and concrete structured-log representations. The exten-

sion demonstrates the technical feasibility of this mediation and enables the examples

presented in this chapter to be reproduced and inspected. It should nevertheless be

regarded as a research prototype rather than as a complete production-grade log-

governance platform.

Figure 2.10 shows the integration of the extension within the StarUML interface.

The menu exposes the principal transformation, validation, schema-update, and

export operations without requiring users to manipulate the internal representation
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Figure 2.10: StarUML menu commands provided by the conceptual log-modelling
extension

of the model directly. The individual capabilities are described below.

extension Capabilities

1. Automatic JSON Template Generation from UML Diagrams

The extension can traverse a UML class diagram-starting from a designated

root element-and automatically generate a JSON schema template. This is

achieved through a Breadth-First Search (BFS)-based graph traversal. During

traversal, the structural representation of the model is incrementally converted

into a JSON object, which is subsequently saved to the file system.

2. Diagram Generation from JSON and JSONL Log Files

Conversely, the extension can construct UML class diagrams by parsing vari-

ous types of JSON input:

• Flat JSON files: containing a single JSON object.

• JSON arrays: where the extension merges duplicated structures and

optimises the diagram layout by detecting reusable components.
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• JSONL (JSON Lines) files: each line contains a discrete JSON ob-

ject. The extension supports parsing JSON objects spread across multiple

lines, with line grouping customisable via extension settings.

A recursive, child-first search algorithm is used to identify fields and nesting

relationships while parsing the input data.

3. Schema Validation Against the ECS Specification

To ensure model compliance with ECS, the extension enables structural vali-

dation of diagrams. This includes checking that field names, data types, and

field nesting adhere to the ECS field sets and conventions. A validation oper-

ation can only proceed when a root element is selected in the model.

4. ECS Field Set Synchronisation from the Official GitHub Repository

Given that the ECS evolves regularly, the extension allows the user to update

its internal schema repository directly from the official ECS GitHub repository.

ECS definitions are fetched as YAML files and internally converted into JSON

for integration within the extension. This guarantees up-to-date validation

against the ECS definitions retrieved by the extension.

5. Diagram Export via PlantUML

For documentation and external visualisation purposes, the extension can ex-

port diagrams using PlantUML. Output formats include PNG and SVG. While

PNG exports may be limited by resolution constraints, SVG exports provide

scalable, high-resolution representations ideal for integration into academic

publications. This feature also circumvents some limitations of the native

StarUML rendering engine, particularly with respect to rendering operations

without parentheses.
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Figure 2.11: extension settings interface, including configuration for parsing JSONL files

Figure 2.11 shows the extension settings window. Here, users can configure

parsing options, such as the expected number of lines per JSON object in JSONL

files, enabling compatibility with diverse log generation tools.

Once a JSON log file is imported, the extension constructs a graph-based in-

termediate representation. This graph is then optimised by removing redundancies

and merging structurally similar field sets before being rendered as a UML class

diagram, as illustrated in Figure 2.12.

The graph is internally constructed using StarUML APIs and serves as the foun-

dation for subsequent JSON template generation, validation, and visualisation. Suc-

cessful execution is confirmed via toast notifications, as shown in Figure 2.13.
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Figure 2.12: StarUML extension interface after importing a JSON log file and generating
the corresponding UML model

Figure 2.13: Successful generation of a JSON template from a UML diagram

2.5.2 Examples of Log File Modelling Scenarios

The extension includes a validation module to ensure conformance with ECS speci-

fications. Figure 2.14 illustrates a common user error, where validation is attempted

without selecting a root element. In such cases, an informative message is presented

to the user.

When correctly configured, the extension can successfully validate the model

structure, as shown in Figure 2.15. This process ensures that each field and nested

51



CHAPTER 2

structure aligns with the official ECS specification.

Conversely, Figure 2.16 shows an example where validation fails due to structural

or schema-related issues in the diagram.

Additional Features

• PlantUML Export in SVG and PNG Formats: The extension supports

export to both formats. SVG is recommended for larger diagrams due to

resolution constraints in PNG exports.

• Real-Time ECS Field Updates: ECS metadata is retrieved dynamically,

allowing for immediate access to the latest field definitions and improved model

validation.

• Empty Diagram Handling: The extension includes error handling for Plan-

tUML export when the diagram is empty, notifying the user accordingly.

This modelling tool, by combining visual abstraction, structured schema gener-

ation, and integration with ECS, forms a key enabler for advanced, model-driven

log analysis. It supports both forward (diagram-to-JSON) and reverse (JSON-to-

diagram) engineering, validation workflows, and export capabilities-all of which con-

tribute to establishing a rigorous conceptual framework for log data representation

in complex software systems.
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Figure 2.14: Validation requires selection of a root element in the UML model

Figure 2.15: Validation completed successfully against the ECS specification
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Figure 2.16: Validation failed due to schema inconsistencies or missing root element

2.6 Conclusion

In this chapter, we introduced a novel, model-driven approach for the conceptual

modelling of log files, with the objective of improving the design, validation, and

interpretability of log data across a wide range of software systems. The proposed

methodology directly addresses the absence of modelling support in current log

management practices, where the design and structure of logs are often ad hoc and

error-prone.

Through the developed extension for StarUML, we have demonstrated how this

modelling approach can be operationalised into a practical and extensible tool. The

extension enables both forward and reverse engineering of log structures-facilitating

the generation of JSON templates from UML diagrams and the automatic recon-

struction of UML models from structured JSON or JSONL log files. This bidirec-

tional capability ensures not only the correctness of the log design but also stream-
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lines log schema maintenance and documentation.

One of the key insights uncovered is the critical role of early-stage modelling. Our

findings underscore that errors or omissions during the modelling phase are among

the most difficult to detect and correct later in the system lifecycle. The conceptual

modelling approach mitigates this risk by introducing formality and transparency

early in the design process, thus enabling rigorous validation of log structures against

evolving standards such as the Elastic Common Schema (ECS).

Furthermore, we showed that the proposed approach improves both human and

machine interpretability of logs. By abstracting log structures into UML-based rep-

resentations, we provide a language-agnostic and domain-independent method that

is accessible to stakeholders with diverse technical backgrounds-including software

developers, data analysts, system architects, and non-technical domain experts. This

interdisciplinary accessibility enhances communication and collaboration through-

out the software engineering and operational lifecycle.

The tool’s effectiveness and adaptability were validated through illustrative ex-

amples across distinct domains, including financial systems and networking envi-

ronments. These case studies confirmed the versatility of the approach in modelling

heterogeneous log formats and revealed its potential as a foundational step toward

more robust log analysis pipelines, automated monitoring, and compliance auditing.

In summary, the contributions of this chapter include:

• The formulation of a conceptual modelling methodology for log data.

• The implementation of a StarUML extension to support automated log model

generation and validation.

• Support for ECS compliance verification and continuous schema updates.

• Practical demonstrations showcasing domain-agnostic applicability and bidi-
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rectional transformation between JSON and UML representations.

This work lays the groundwork for further exploration of automated reasoning

over log models, integration with logging frameworks and observability platforms,

and the formalisation of log data lifecycle management in complex software ecosys-

tems.
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A Prediction-Oriented Framework

for Multidimensional Data

Analysis

3.1 Introduction

Organizations today possess vast quantities of data from diverse sources, includ-

ing transactions, log files, and financial records [11, 57, 128]. Data warehousing

(DW) and multidimensional data models have become crucial for transforming this

data into insights for decision-making [38, 39, 89]. These models excel at represent-

ing business data for historical analysis and reporting through On-Line Analytical

Processing (OLAP). However, there’s a growing need to leverage these rich multidi-

mensional datasets not just for understanding past events, but also for supporting

the prediction of future outcomes. Standard multidimensional modelling and

OLAP operations, while powerful for descriptive analytics, often fall short in ex-

plicitly structuring data and guiding analysis for predictive tasks, particularly those

involving complex temporal dependencies. Key challenges include systematically
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organizing data across different time horizons relevant to prediction (e.g., observa-

tion periods for feature generation, waiting periods for event maturation, and future

periods for prediction targets) and adapting analytical operations to support this

predictive lifecycle.

Despite growing interest in machine learning (ML), it is not always feasible for

organizations to implement full-scale ML pipelines. Practical constraints such as

lack of technical expertise, limited data resources, strict regulatory environments,

or internal bureaucracy can hinder ML adoption [45,51]. Even when predictive needs

are recognised, companies may not have the infrastructure, tools or time required

to implement machine learning models [49, 50]. As a result, organizations often

resort to enhanced descriptive and diagnostic analytics, relying on techniques that

are easier to implement and explain, and that align with existing workflows. For

our advanced prediction-oriented analytics, we build upon the foundational concept

of the Analytical Base Table (ABT), inherited from traditional machine learning

workflows, which provides a unified, flat table structure integrating features and

labels [42].

In fact, recent studies show that the majority of companies remain at the ad-

vanced analytics stage, without fully transitioning to predictive or prescriptive ana-

lytics using machine learning [47,48,51]. In many business contexts, such as finance,

customer management, operations, or fraud detection - there is still a need to de-

tect patterns and anticipate outcomes. This is commonly approached using standard

tools like SQL, Python scripts, Excel-based dashboards, or enterprise platforms such

as Power BI, SAP, and Oracle Analytics. While dimensional data modelling and

traditional data analytics provide a solid foundation for exploration and summa-

rization, they often lack built-in capabilities for managing temporal constraints or

structuring prediction problems. This creates a gap between what the data infras-

tructure supports and what predictive analysis requires - a gap this research aims
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to address.

To address these limitations, this chapter introduces the Prediction-Oriented

Framework using Three Temporal Windows (PO Framework). This novel

conceptual modelling framework is specifically designed to enhance multidimensional

data analysis for uncovering predictive dependencies. At its core, the PO Frame-

work employs an approach centered around three distinct yet interconnected time

windows: an Observation Window (OW) for capturing historical data and en-

abling predictive features, a Waiting Window (WW) to account for delays before

an outcome can be determined, and a Prediction Window (PW) to define the

period for which predictions are made and outcomes are observed.

The use of temporal windows to structure prediction problems has been explored

in prior research [118,119,121,161]. Building upon such concepts, the distinct nov-

elty of the PO Framework lies in its comprehensive integration of this specific

three-window (OW, WW, PW) structure into a formal conceptual model for multi-

dimensional data. This includes:

• Extending the traditional Dimensional Fact Model (DFM) to explicitly incor-

porate these temporal phases.

• Defining how data should be structured and linked across these windows,

supporting attributes that evolve over different, ordered time points (drawing

on a multi-temporal relational model).

• Providing a basis for introducing OLAP-style operations to support prediction-

oriented queries and feature extraction.

• Facilitating the design and construction of prediction-oriented data marts op-

timized for identifying predictive relationships, accommodating approximation

and error measures rather than purely deterministic links.
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The PO Framework is designed to be both theoretically sound and practically ap-

plicable. Its ability to model and extract predictive insights is supported by a formal

metamodel and demonstrated through a Python-based implementation. This imple-

mentation includes an open-source web application and shows integration with com-

mercial analytical tools like Power BI, validated using real-world datasets [87, 88].

This allows for the efficient identification of both linear and non-linear relation-

ships within multidimensional data cubes prepared according to the framework’s

principles [85].

This chapter progressively develops the Prediction-Oriented Framework from its

theoretical foundations to its implementation and evaluation. Section 3.2 reviews

multidimensional modelling, temporal data warehousing, prediction-oriented analyt-

ics, process mining, and predictive process monitoring, and positions the proposed

framework relative to these research areas. Section 3.3 introduces the credit-risk

motivating scenario. Section 3.4 develops the multidimensional modelling founda-

tions and the fact-constellation constructs. Section 3.5 formalizes the Observation,

Waiting, and Prediction Windows together with the Prediction-Oriented OLAP op-

erators. Section 3.6 defines the Prediction-Oriented Dimensional Fact Model. Sec-

tion 3.7 presents the mapping from the conceptual model to Python- and SQL-

based realizations and reports the principal validation evidence. Detailed source-

code listings, execution procedures, and extended testing material are provided in

Appendix B. Section 3.8 summarizes the contribution of the chapter.

Section 3.5 formalizes the temporal dimension of the framework by defining the

three temporal windows - Observation, Waiting, and Prediction, and by introducing

Prediction-Oriented OLAP operators and window configurations. Building on these

elements, Section 3.6 consolidates the proposed concepts into the formal Prediction-

Oriented Dimensional Fact Model, providing both graphical and metamodel-level

definitions and explicitly modelling predictive dependencies. Finally, Section 3.7
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demonstrates how the framework can be operationalized through concrete imple-

mentations, illustrating both Python-based and database-centric (SQL) approaches

and validating the proposed methodology through realistic case studies.
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3.2 Background and Related Work

A Data Warehouse (DW) serves as a vast repository of historical and integrated

data, designed to support informed decision-making by providing analysts with

mechanisms for effective information extraction [38, 89]. DWs typically organize

data within a multidimensional environment. In this paradigm, events of interest

are represented as facts, which are characterized by a set of quantifiable measures

(e.g., sales amount, units sold) [90]. These facts are contextualized by various di-

mensions (e.g., time, product, location), which define the perspectives for searching,

examining, aggregating, and sorting data, essentially specifying the granularity of

the fact measurements [91]. Dimensions are often structured with hierarchies com-

posed of different levels (e.g., a time dimension might have a hierarchy Day →

Month → Quarter → Year), enabling data analysis at various levels of detail and

aggregation [61]. The choice of the lowest level of detail for measures, often termed

the grain, is a critical design decision as it dictates the types of analyses that can

be performed.

The multidimensional data model, with its core components like data cubes (a

conceptual and often physical representation of facts and measures organized by di-

mensions), is integral to On-Line Analytical Processing (OLAP). OLAP systems are

designed to provide rapid responses to complex analytical queries posed iteratively

during interactive sessions [110,142]. The inherent structure of the multidimensional

model is optimized to handle such complex queries efficiently in near real-time.

3.2.1 Foundational Concepts in Multidimensional Data Mod-

elling

Multidimensional Data Modelling (MDM) provides a powerful paradigm for repre-

senting and analysing complex datasets characterized by multiple dimensions and

62



CHAPTER 3

attributes [99]. As organizations accumulate vast amounts of data, MDM techniques

become essential for extracting meaningful insights that traditional data processing

methods might struggle to deliver in a timely or effective manner, especially given

the inherent complexity and high dimensionality of real-world data [85, 100, 104].

Effective MDM hinges on robust conceptual design. A well-defined conceptual

model is a fundamental prerequisite for constructing a documented and effective

data warehouse or data mart that accurately reflects user requirements and leverages

the distinctive features of a multidimensional perspective [9, 10, 38, 39, 41, 54, 55, 74,

81]. Developing appropriate functional dependencies, which define the hierarchical

relationships within dimensions, is particularly reliant on a sound conceptual model

[10,39,63]. While traditional MDM is well-suited for descriptive analytics, this thesis

will later explore extensions to better support prediction-oriented tasks, particularly

those involving complex temporal structures [102, 118, 119, 121].

A crucial extension to MDM involves the explicit management of temporal as-

pects of data. In temporal multidimensional modelling, two key temporal notions

are commonly distinguished: valid time, representing the period during which a

fact is true in the real world, and transaction time, representing the period dur-

ing which that fact is stored within the database system [141]. These concepts are

foundational for supporting historical and predictive analyses, as they enable precise

tracking of state changes over time and are often reflected in both conceptual and

physical design stages of data modelling.

Conceptual modelling in Multidimensional Modelling (MDM) allows design-

ers to describe the data warehousing architecture at a high level of abstraction

[10,29,39,40]. Historically, MDM solutions have followed two main trajectories. On

the one hand, some approaches emphasize a rigorous formal foundation for data

cubes, hierarchies, and admissible OLAP operations, often prioritizing expressive

power and theoretical soundness over graphical usability. On the other hand, alter-
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native approaches focus on conceptual clarity through rich graphical representations,

explicitly designed to support communication between designers and stakeholders

during requirement elicitation, validation, and schema evolution [3, 62, 79].

These graphical models play a crucial role in making multidimensional structures,

aggregation semantics, and navigation paths intelligible to both technical and non-

technical users. The choice of conceptual formalism, whether Entity–Relationship-

based, object-oriented, or based on dedicated multidimensional visual notations,

has a direct impact on the model’s readability, expressiveness, and suitability for

supporting well-defined OLAP operations within a given analytical context.

Several notable conceptual models have shaped the MDM landscape. Below are

brief descriptions of some influential approaches that illustrate the diversity and

evolution of MDM thinking.

The Husemann Multidimensional Model (HMM)

The Husemann Multidimensional Model (HMM) centres on a multidimensional

space comprising dimensions, hierarchies, and measures [81]. Its methodology spans

requirement determination, design of schema elements (dimensions, measures, hier-

archies), fact table creation, data population, and user interface implementation. A

key feature of HMM is its emphasis on a clear and understandable schema struc-

ture, often realized using star or snowflake schemes [94]. The star schema features

a central fact table linked to dimension tables, while the snowflake schema offers

a more normalized structure for dimension hierarchies. HMM also advocates for a

metadata repository to manage schema information, thereby supporting data inte-

gration, quality, and lineage. It has found application in diverse domains such as

finance, retail (as exemplified in Figure 3.1), and healthcare.
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Figure 3.1: Example of Husemann Model: Sales Fact [81]

The Lujan-Mora Multidimensional Model (LMMM)

The Lujan-Mora Multidimensional Model (LMMM) offers a comprehensive frame-

work for designing data warehouses and multidimensional databases, structured

around dimensions, measures, and cubes [55]. A distinctive aspect of LMMM is its

use of three abstraction levels, employing UML package grouping mechanisms to

manage complexity in large DW systems, though these can be merged for simpler

designs [55,56]. LMMM places strong emphasis on hierarchies for capturing relation-

ships between dimension levels and attributes (e.g., product category → subcategory

→ product) as could be seen in Figure 3.2 . It also incorporates aggregate functions

(sum, count, average, etc.) as integral for data summarization and analysis.

The Dimensional Fact Model (DFM) of Golfarelli and Rizzi

The Dimensional Fact Model (DFM), proposed by Golfarelli and Rizzi, is a widely

recognized conceptual model based on the hypercube concept [39,40,63]. It empha-

sizes usability and flexibility, enabling end-users to intuitively analyse data via the

hypercube structure and allowing designers to adapt the data warehouse to evolving

business requirements.

A Fact Schema (FS), the core construct of the DFM, represents a multidimen-

sional fragment of reality centred on a specific fact - an event, process, or state that

can be measured and analysed. It consists of a central fact characterized by quanti-
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Figure 3.2: An example of modelling in the LMMM
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tative measures (e.g., sales amount, account balance) and a set of dimensions that

provide the contextual axes for analysis (e.g., time, customer, product). The FS is

typically represented as a quasi-tree, with the fact node at the root and dimensions

branching out hierarchically through attributes and levels of granularity.

The DFM methodology typically involves identifying business needs, designing

schema components (dimensions, measures, hierarchies), creating fact tables, and

implementing the user interface. It has proven applicable in various domains, in-

cluding retail, finance, and healthcare, as illustrated by the Sales FS in Figure 3.3.

Due to its clarity, robust foundation, and extensibility, the DFM was selected as

the primary reference model for the research presented in this thesis and will be

discussed in detail in the following sections.

Figure 3.3: The Golfarelli and Rizzi DFM Example for Sales [39]

Contributions by Vaisman and Zimányi

Vaisman and Zimányi have made significant contributions to dimensional modelling

and data warehousing [41]. Their work notably addresses the complexities of tem-
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poral dimensions, including techniques for managing slowly changing dimensions

(SCDs) [38] and temporal hierarchies, which are crucial for historical trend analysis.

They have also extended dimensional models to incorporate spatial data, complete

with spatial hierarchies and measures for geographic analysis. Their research ad-

vocates for systematic data warehouse design methodologies aligned with business

processes and emphasizes advanced OLAP techniques and comprehensive metadata

management to ensure data quality, integrity, and effective governance. These con-

tributions are foundational for robust BI systems, complex event processing, and

data integration from heterogeneous sources.

Manipulations and Properties of Multidimensional Data

Multidimensional data, often conceptualized as OLAP cubes, underpins powerful

analytical processing. Users explore these datasets through a set of standard OLAP

operations that facilitate interactive data exploration, reporting, and insight gener-

ation [110].

Fundamental OLAP Operations. Core OLAP operations allow analysts to

navigate and restructure the data cube dynamically. Other common operations, of-

ten supported by query languages like SQL, include filtering, grouping, and ranking

data within the multidimensional context (see Table 3.1 for a summary). These op-

erations are performed on OLAP cubes where each cell typically contains a measure

aggregated according to the selected dimension values.

Dimension Conformity and Compatibility. For effective data integration

and analysis across different fact tables or data marts, the concept of dimension

conformity is critical. Conformed dimensions share consistent structure and se-

mantics (e.g., a ’Date’ dimension used across Sales and Inventory facts should be

identical or compatible) [61, 117]. This allows for coherent aggregation and com-

parison. While strict conformity (identical structures) is ideal, attribute-level
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Operation Description

Slicing Reduces dimensionality by selecting a fixed value for one or more
dimensions.

Dicing Produces a sub-cube by applying filters or selecting ranges across
multiple dimensions.

Roll-up Aggregates data along a dimension hierarchy to a more summarized
level.

Drill-down Navigates from summarized data to more detailed data within a di-
mension hierarchy.

Pivoting Reorients the data cube’s dimensional axes for alternative analytical
perspectives.

Grouping Aggregates data based on specified dimension attributes (e.g., via
SQL GROUP BY).

Filtering Applies conditions to restrict the data retrieved (e.g., via SQL WHERE
or slicers).

Ranking Assigns ranks to measure values within specified partitions (e.g., us-
ing SQL window functions).

Table 3.1: Common OLAP and Data Manipulation Operations

conformity (semantically equivalent attributes with compatible domains) offers a

more flexible approach when integrating disparate systems.

Drilling across involves analysing data from multiple fact tables by leverag-

ing these shared or compatible dimensions. Traditional drill-across assumes strict

conformity, but modern approaches also consider semantic mapping and dynamic

linking to handle partial conformity or heterogeneous sources [111,128]. This thesis

framework considers a relaxed notion of dimension compatibility, focusing on

analytical utility and supporting dynamic data linking across fact tables, even with

structural or granularity differences. Such dynamic OLAP linking capabilities

are crucial for generating custom views from multiple sources (e.g., Customer Rela-

tionship Management (CRM), finance) in diverse analytical scenarios [64, 82–84].

Shrunken Dimensions and Aggregation Shrunken dimensions are de-

rived subsets of a more detailed base dimension, reduced in terms of rows (e.g.,
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”Active Customers” from ”All Customers”), columns, or both [38]. They are of-

ten employed in designing aggregate fact tables (summary tables) or when business

processes are naturally captured at coarser granularities (e.g., monthly forecasts vs.

daily transactions). Understanding shrunken dimensions is important for managing

data aggregation and ensuring analytical consistency.

3.2.2 Data Modelling of Temporal Data for Analytics

Effective data modelling for temporal data is crucial for extracting meaningful in-

sights from dynamic systems, particularly in analytical and predictive contexts.

This process, much like general data modelling, follows distinct stages and leverages

specific techniques to handle the time dimension.

The data modelling process is inherently iterative and typically unfolds across

multiple distinct stages, transitioning from abstract business understanding to con-

crete technical implementation. These stages are critical for ensuring that the final

data model accurately reflects organizational requirements while supporting efficient

data processing and analysis, including temporal aspects [31].

• Conceptual Data Modelling: This foundational phase centres on capturing

and representing the high-level requirements of the system or analytical task.

It involves identifying the primary entities or concepts, their attributes, and

the relationships between them, including any temporal characteristics. At

this stage, the model remains technology-agnostic and focused on business

semantics [96].

• Logical Data Modelling: Building on the conceptual model, this phase

translates the identified entities and relationships into formal structures suit-

able for implementation within a specific data modelling paradigm (e.g., re-

lational or multidimensional). For temporal data, this might involve defining
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how time is represented (e.g., time points, intervals) and how temporal rela-

tionships are structured, for instance, in normalized tables or star/snowflake

schemes with dedicated time dimensions [38].

• Physical Data Modelling: The final stage adapts the logical model for

deployment within a specific Database Management System (DBMS). This

includes specifying data types for temporal attributes, indexing strategies for

efficient time-based queries (e.g., on valid time or transaction time), storage

formats, partitioning schemes (often by time), and optimizations for perfor-

mance and scalability of temporal queries [89].

Together, these stages ensure that the data model is robust and traceable to

business needs. It is also capable of supporting both traditional analytical tasks and

more advanced prediction-oriented scenarios, as discussed in [138] and developed in

this thesis.

Temporal Data Windows in Analytics

Understanding and analysing dynamic systems, especially for future-oriented decision-

making, requires a structured approach to temporal data. Central to this is the use

of temporal windows, which define discrete intervals for the collection, aggrega-

tion, and interpretation of time-based data. Such methods are foundational across

disciplines like time series analysis, temporal data mining, and predictive analyt-

ics [134, 135].

Several standard strategies exist for temporal segmentation. These include slid-

ing windows, which move incrementally across time, often with overlaps between

consecutive windows, and fixed (or tumbling) windows, which create distinct, non-

overlapping partitions of time [136]. The configuration of these windows-such as
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their size (duration), step (for sliding windows), and anchor points-directly influences

the discovery and interpretation of temporal patterns and extracted features [162].

In prediction-oriented analytics, temporal windows typically serve dual roles:

they define the scope of historical data used as input for modelling (observation pe-

riod) and delineate the future horizon for which predictions are targeted (prediction

period). Many existing frameworks and studies adopt variations of observation and

prediction windows, often separated by a temporal gap to prevent information loss

or to account for inherent delays [137].

Building upon these established concepts, the framework developed in this thesis

refines and formalizes a structured three-time-window approach, specifically

optimized for analytical modelling and insight generation using multidimensional

data and OLAP operations, rather than being solely tailored for machine learning

model training. This proposed triadic structure consists of:

• Observation Window (OW): The historical interval from which data is

gathered to identify patterns, signals, and anomalies that are potentially pre-

dictive of future events or outcomes [160].

• Waiting Window (WW): A deliberately incorporated temporal gap be-

tween the OW and the Prediction Window. This models operational or nat-

ural delays inherent between observed behaviours (or data capture) and their

eventual consequences or the availability of outcome data. The WW is crucial

for avoiding look-ahead bias and reflecting real-world lags due to processing

times, response delays, or system latencies [137, 160].

• Prediction Window (PW): The future period targeted for analysis, fore-

casting, or the observation of outcomes. Insights and features derived from

the OW, and contextualized by the WW, are intended to inform or predict

events occurring within this window.
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In practice, the OW, WW, and PW windows are applied within OLAP en-

vironments using standard operations like slice, dice, drill-down, and roll-up, all

constrained by temporal dimensions. This allows analysts to trace the evolution

of metrics, identify leading indicators, and examine temporal dependencies within

structured data cubes, often using SQL queries or Python-driven workflows, thus

providing a transparent basis for predictive reasoning [73, 134]. Window intervals

can be fixed or adaptive, depending on the domain context and data character-

istics; for instance, shorter OWs might suit high-frequency event detection, while

longer OWs can reveal seasonal or structural trends [159]. Such windowing struc-

tures have seen application in diverse fields like healthcare for analysing patient

trajectories [75,144] and software engineering for improving effort prediction models

through careful training data selection [76, 160].

Our framework also incorporates concepts from Moving-Window Temporal Ag-

gregation (MWTA), adapted for an OLAP context. Techniques like sliding win-

dows and various forms of moving averages (e.g., Exponential Moving Averages

(EMA) [157, 158]) can be applied via SQL (e.g., using OVER clauses) or Python

transformations to support trend detection and signal reinforcement within the OW,

anticipating outcomes in the PW after accounting for the WW.

In essence, the three windows approach offers a principled and explainable method-

ology for modelling and reasoning about temporal dynamics in prediction-oriented

analysis. By aligning this model with OLAP operations and multidimensional data

structures, our approach seeks to balance analytical rigor, temporal sensitivity, and

the generation of actionable insights.

Temporal OLAP Operations

Temporal OLAP extends traditional multidimensional analysis by incorporating the

explicit management of temporal dimensions and the evolution of both facts and di-
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mensions over time. Temporal OLAP extends traditional multidimensional analysis

by incorporating the explicit management of temporal dimensions and the evolution

of both facts and dimensions over time [102].

Unlike standard OLAP, which treats time merely as another dimension, temporal

OLAP (TOLAP) provides operators and models capable of querying and aggregating

data across different temporal granularities, validities, and versions [3, 41, 105, 106].

Temporal data warehousing frameworks therefore support two fundamental tem-

poral notions: valid time (the period during which a fact holds true in the real world)

and transaction time (the period during which the fact is stored in the database).

Managing both temporal axes allows a warehouse to maintain a complete histori-

cal record of data and schema evolution, enabling consistent temporal analysis and

auditability [106, 120, 141]. A related challenge is handling slowly changing dimen-

sions (SCDs), where dimension members evolve, merge, or split over time [108,141].

Building on these principles, several temporal OLAP frameworks have been pro-

posed to enrich multidimensional models with explicit time semantics. Koncilia and

Eder’s COMET model extends the traditional star schema to support bi-temporal

data, enabling users to track and query changes in both dimensions and facts with

respect to valid time and transaction time [105, 106].

Similarly, Vaisman and Zimányi, and later Ahmed et al., introduced tempo-

ral multidimensional models that define a comprehensive set of time-aware OLAP

operations, such as temporal roll-up, drill-down, slice, and dice, operating over time-

variant facts and dimensions [41, 104, 121]. Combi et al. further proposed the T+

MultiDim model, which distinguishes between instant-based and interval-based tem-

poral semantics, allowing a more precise representation of events, states, and their

evolution within multidimensional analytical settings [3, 114].

Key temporal OLAP operations include:
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• Temporal Roll-up and Drill-down: Aggregate or disaggregate measures

across temporal hierarchies (e.g., day → month → quarter → year), while

correctly accounting for the temporal validity of facts and dimensions.

• Temporal Slice and Dice: Select subsets of data valid at a specific instant or

during an interval (e.g., all sales valid during Q1 2023 or transactions recorded

between two timestamps).

• Temporal Join and Drill-across: Combine facts or dimensions that be-

long to different temporal contexts (e.g., join observation-period data with

prediction-period data to study temporal dependencies).

• Temporal Comparison: Compare the state of a cube at two different in-

stants (e.g., before and after a policy change) to detect temporal evolution or

change patterns.

• Temporal Aggregation: Apply moving or cumulative functions (e.g., cu-

mulative sum or moving average) over valid-time intervals or transaction-time

periods to derive temporal trends [73, 134, 139].

Modern implementations of temporal OLAP exploit SQL extensions, such as

temporal predicates (AS OF, PERIOD), and analytical window functions for efficient

computation of time-dependent aggregates. These capabilities, supported by in-

memory and cloud-based architectures, enable interactive exploration and predictive

analysis across evolving temporal datasets, ensuring both performance and temporal

consistency [107].

3.2.3 prediction-oriented and Temporal Analytics

This section reviews relevant research in multidimensional modelling, OLAP, and

specifically, approaches addressing temporal aspects and prediction-oriented analysis
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within these contexts. We examine challenges in traditional MDM that motivate the

need for advanced frameworks, discuss existing work on temporal data warehousing

and analytics, explore techniques for prediction-oriented multidimensional analysis,

and survey relevant visualization methods.

Challenges in Multidimensional Data Integration and Flexibility

Effective advanced analytics often requires integrating data from diverse sources and

navigating complex data structures. Traditional MDM approaches, while powerful,

present several challenges in this regard.

A common restriction in multidimensional data models is the assumption of ho-

mogeneous and balanced dimension hierarchies, which can be too rigid for many

real-world applications. Abelló et al. [52] proposed a framework for classifying and

modelling complex multidimensional data, focusing on conceptually reshaping het-

erogeneous dimensions into homogeneous ”sub-dimensions” and enforcing summa-

rizability across all dimension hierarchies.

The drill-across operation, vital for integrating data from multiple fact tables

(or cubes), is traditionally defined as linking tables at the same granularity and

sharing conformed dimensions [38,84]. If dimensions are not shared or differ in grain,

standard drill-across is inapplicable. Abelló [54] extended this definition to allow

navigation between cubes even with non-shared dimensions, offering more flexible

analysis . However, such flexibility necessitates careful attention to data aggregation

to ensure correctness. Lehner et al. [126] and Lenz et al. [96] emphasized the critical

importance of maintaining summarizability, the correct computation of aggregate

values from finer to coarser levels of detail, when merging data, to prevent erroneous

results. While many-to-one associations typically satisfy summarizability, many-to-

many (M:M) relationships can violate it, potentially leading to data replication if

not handled appropriately.
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Samos et al. [113] further explored semantic relationships between facts, not-

ing that their proposed drill-across operator allows users to navigate between cubes

based on connections between facts themselves, even if dimensions are not directly

related. They highlight that M:M relationships between facts must be resolved to a

one-to-one correspondence at the aggregation level before drill-across to avoid data

replication and double-counting. modelling M:M relationships between facts and

dimensions has been addressed through various techniques. For instance, Kimball’s

method uses a bridge table for accurate weighted summaries and reduced redun-

dancy [38], while Inmon’s approach involves separate bridge tables for flexibility,

potentially at the cost of increased complexity [89]. Other techniques involve modi-

fying table structures, adjusting fact table granularity, or denormalizing dimension

tables with positional or non-positional flag attributes.

Integrating data with non-conformed dimension attributes presents another

hurdle. Riazati et al. [128] broadened the drill-across definition to accommodate

analysis across multiple cubes with such attributes, provided there’s a semantic

correspondence (e.g., two different attributes both representing a ’location’ concept).

Their work includes methods to assess information loss when joining attributes with

dissimilar values, thereby enhancing analytical depth with complex data models.

For handling multi-source data analyses where schema conformity is lacking,

Giovinazzo et al. [117] proposed ”Unified Cubes,” a graphical notation extending

star schemes for ”constellations” (sets of star schemes sharing dimensions), though

relationships between distinct sub-schemes were not deeply explored. Vaisman and

Zimányi [41] outlined two data source integration approaches: loosely coupled (iden-

tifying common information and joining sources on-the-fly) and tightly coupled (cre-

ating a materialized, merged view against which queries are performed).

To handle the sheer scale and dimensionality of modern datasets, Akid et al. [122]

proposed NoSQL databases for their scalability and flexibility, addressing the ”curse
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of dimensionality.” Complementing these storage solutions, business intelligence

tools and advanced visualization techniques are crucial for comprehending multi-

dimensional datasets [124].

Temporal Data Warehousing and Analytics: Existing Approaches

Incorporating the temporal dimension effectively is critical for both descriptive and

predictive analytics. While foundational MDM models provide basic time dimen-

sions, specialized temporal data warehousing techniques address more complex tem-

poral requirements.

Key aspects include modelling strategies for capturing valid time (when a fact

is true in the real world) and transaction time (when a fact is recorded/altered in

the database), leading to bi-temporal data models, and managing slowly changing

dimensions (SCDs) to track historical attribute changes [140, 141].

Ahmed et al. [121] proposed real-time temporal data warehousing cubing, fo-

cusing on incorporating temporal features directly into OLAP for more accurate

predictions. This highlights a move towards making temporal data more readily

usable for predictive tasks within the DWH environment.

A crucial aspect of temporal warehouse design is the management of Slowly

Changing Dimensions (SCDs), which track the evolution of attribute values over

time. Among the classic approaches (Types 0-6), the Type 2 method, which cre-

ates new dimension records for each change along with time validity metadata, is

most suitable for advanced analytics scenarios where historical accuracy is required.

This is particularly important for predictive analysis: to train reliable models, it is

essential to know the exact state of each descriptive dimension at the time a fact

event occurred. Without proper SCD management, analytic processes risk attribut-

ing events to incorrect dimensional states, leading to temporal leakage and biased

model performance. As such, robust SCD strategies form a foundational prerequisite
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for temporally consistent, prediction-oriented multidimensional analysis.

Frameworks and Techniques for prediction-oriented Multidimensional Anal-

ysis

While traditional OLAP excels at retrospective analysis, there is a growing body of

work aiming to bridge OLAP with predictive capabilities, making multidimensional

data more directly amenable to forecasting and other predictive tasks.

The general literature acknowledges limitations in current MDM for predictive

tasks. For instance, Boukraa et al. [123] note that while multidimensional models

effectively capture analytical perspectives, their direct use for predictive modelling

often requires extensions. Viswanathan and Schneider [125] addressed challenges in

spatial data modelling within MDM, emphasizing needs like new spatial aggregation

operations, which parallel the need for new prediction-oriented operations. Peder-

sen [90] also highlighted unfulfilled MDM requirements such as better support for

M:M relationships, built-in mechanisms for time and change, uncertainty handling,

and varied data granularity, all of which can impact the quality of data fed into

predictive models.

Visualization of Complex Multidimensional Data

Visual exploration is a key component of multidimensional data analysis, aiding

in pattern discovery and hypothesis generation, which can precede or complement

predictive modelling. Pioneering works in multidimensional data visualization in-

clude Vinnik’s tree-shaped method and Stolte and Tang’s Polaris [131], a tool that

divides data into groups for visualization in separate panes, facilitating the analysis

of multiple cubes. Eick’s ADVIZOR [130] employs linked views on a single screen,

with each view representing different measurements. Visual Pivot by Conkin, Prab-

hakar, and North [133] addresses polyarchies (multiple, intersecting hierarchies),
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enabling information tracking across these structures. A fundamental CoDecide

by Gebhardt [132] is designed for cooperative analysis of data cubes from various

perspectives. While these techniques offer rich interactive exploration, pivot tables

remain widely used due to their familiar tabular format, readability, and ease of

manipulation, with nested pivot tables leveraging conformed attributes for compre-

hensive analysis across multiple sources.

Further research addresses modern approaches to multidimensional data visu-

alization and OLAP. For instance, Nguyen et al. [173] utilized bar charts and di-

agrammatic reasoning for visualizing complex multidimensional port event data.

Bondarev [165] discussed visual analysis for cluster structures in multidimensional

datasets. Di et al. [169] highlighted limitations of existing techniques for visualizing

multidimensional data in OLAP contexts, pointing to the need for more efficient

schemes. Korobko [172] presented an approach to exploratory OLAP addressing

multidimensional model visualization and formal conceptual analysis. The practi-

cal significance of effective visualization for business intelligence is underscored by

Abelló and Romero [164], who discussed how enterprises use OLAP to derive knowl-

edge from multidimensional data. Shu [171] explored hierarchical visualization using

star diagrams, while Dzemyda et al. [170] presented a web application for large-scale

multidimensional data visualization with data mining services. These studies col-

lectively emphasize the ongoing importance and evolution of advanced visualization

methods for interpreting complex multidimensional datasets.

3.2.4 Process Mining and Predictive Monitoring of Business

Processes

Process mining and the framework developed in this thesis operate at different, al-

though potentially complementary, levels of abstraction. Process mining is process-

80



CHAPTER 3

aware: its principal analytical objects are cases, event traces, activities, and process

models. Its central questions concern how a process is executed, whether observed

behaviour conforms to an expected model, and how the process may be improved.

Predictive process monitoring extends this perspective by using complete historical

traces and prefixes of running cases to predict future activities, outcomes, remaining

time, or other process-performance indicators [146–149].

The Prediction-Oriented Framework is instead data-model-aware. Its principal

analytical objects are fact schemes, dimensions, temporal bindings, analytical an-

chors, and multidimensional snapshots. Its purpose is not to discover a process

model or directly learn a predictor from an execution prefix. It specifies which data

are admissible as historical observations, which interval represents latency or out-

come maturation, which data define future targets, and how heterogeneous facts can

be integrated without violating temporal precedence.

The distinction also clarifies the role of the log modelling contribution in Chap-

ter 2. The proposed UML-based model can document the structure and semantics

of event data before a process-mining pipeline is executed. In particular, explicit

event identifiers, process-context identifiers, timestamps, controlled vocabularies,

field dependencies, and nesting structures can support more consistent event corre-

lation and data preparation. The model does not itself perform process discovery

or conformance checking.

Accordingly, the contributions of this thesis should be viewed as complementary

to, rather than replacements for, process mining and predictive process monitoring.

The log model supplies an upstream semantic representation for heterogeneous event

data, whereas the PO Framework supplies a multidimensional and temporally ex-

plicit data-preparation layer. Downstream process-aware or machine-learning-based

methods may consume data structured through these layers, but the evaluation of

such an integrated pipeline remains a direction for future research.
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3.3 Motivation and Problem Statement

This section introduces a framework for prediction-oriented analysis over multidi-

mensional data structures. Building upon the OLAP operations and data integra-

tion strategies discussed previously, we shift the focus toward enhancing analytical

workflows that support forecasting, risk assessment, and decision-making. Standard

analytical methods often treat time as a linear, monolithic dimension, which limits

their predictive power. We argue that for effective prediction-oriented analytics, the

timeline must be partitioned into distinct, purposeful segments. To illustrate this

necessity, we begin by presenting a motivating use case from the financial sector

where this limitation often becomes a critical bottleneck.

3.3.1 Use Case: prediction-oriented Credit Risk Analysis

Financial institutions rely heavily on analytical systems to manage credit risk. These

systems ingest historical data from various sources - transactional records, loan his-

tories, customer profiles, and external economic indicators - to produce risk reports

and scorecards [166–168]. However, a crucial challenge lies in structuring this tem-

poral data to accurately ”predict” future events, rather than merely describing past

trends.

Consider a risk analyst at a mid-sized bank. Their primary task is not just to

identify high-risk customers, but to build a stable, reliable predictive model that

can be deployed in a real-world operational cycle. Specifically, the bank wants to

identify customers who are likely to default on their obligations within a

future 90-day period.

To build this analytical model, the analyst must navigate a complex temporal

landscape.

1. Feature Engineering Period: The analyst needs to look at a customer’s past be-
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haviour to create predictive features. For example, they might look at the last

180 days of credit card transactions and loan repayments to calculate metrics

like average\_credit\_utilization, number\_of\_missed\_payments, or

consistency_of_income-to-debt_ratio. This is the historical observation

period.

2. Outcome Period: The objective of the model is to predict default within the

future 90-day period. This is the window where the event we are trying to

predict (default) either occurs or does not occur.

3. The Latency Gap: A critical real-world constraint is that data is never truly

real-time. There is a delay, or latency, between when an event occurs and

when it is reliably recorded in the analytical system. A payment might be

missed on the 15th, but it may only be officially flagged as delinquent a week

later. A customer might functionally default, but the account’s final status is

only confirmed and logged at the end of the monthly accounting cycle. This

creates a ”blind spot” or a quarantine period. It is unsafe to use data from

this period for prediction, as the outcome might already be unfolding but is

not yet visible in the data, a phenomenon known as target leakage in machine

learning [115]. This leakage risk is not confined to machine learning pipelines;

even in standard OLAP queries, including data from the latency gap can

inadvertently incorporate future information into historical aggregates, leading

to overly optimistic or misleading analytical conclusions. Let’s assume this is

a 30-day period.

This structured approach forces the analyst to confront questions that are im-

possible to answer with standard OLAP tools:

• How does a pattern of behaviour within a defined historical period correlate

with the probability of default in a specific future outcome period?

83



CHAPTER 3

• How can we systematically create training datasets that respect the data latency

gap, ensuring that our models are not contaminated by information that would

not be available at the time of prediction?

• How do we align slow-moving economic indicators (e.g., quarterly unemploy-

ment rates) with fast-moving customer transactions within this partitioned

timeline?

This problem structure reveals the core limitations of traditional tools. While

a conventional OLAP query focuses on aggregating past data, it cannot enforce

the crucial separation between the historical, latency, and outcome periods. It

cannot systematically test hypotheses across these distinct timeframes (e.g., ”does a

shorter historical period reduce observational accuracy?”) or manage the alignment

of features from disparate sources according to this structure.

This scenario, while rooted in finance, epitomizes challenges in other domains:

• Healthcare: Observing and analysing hospital readmission involves analysing

patient history before a discharge-to-readmission gap to forecast risk in a sub-

sequent 30-day period.

• Manufacturing: Predicting equipment failure requires using sensor data his-

tory before a maintenance and reporting lag to predict failure probability in

the next operational cycle.

• Retail: Predicting customer churn often involves modelling purchase history

before a cooling-off period to estimate the likelihood of churn in the next

quarter.

In each case, the ability to formally define, separate, and analyse across these

temporal periods is a core for building robust and reliable decision-support models.
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3.3.2 Limitations of Traditional Multidimensional Models

Let us now define a simplified schema and provide sample data to ground the dis-

cussion. The schema includes two primary fact tables capturing behavioural trans-

actions - Credit Card Fact and Loan Fact - as well as supporting dimensions like

Customer and Economic_Indicators. These tables are connected via shared di-

mensions such as CustomerID, Date and Region fields, enabling multi-source feature

construction.

Customer
ID

Name Birth Date Region Risk
Category

C123 John Doe 1985-05-20 North Medium

C456 Jane Smith 1992-11-10 South Low

C789 Alice Brown 1978-02-15 North High

Table 3.2: Customer Dimension

Trx ID C. ID Date (TS) Total
Balance

Limit Pay
Due

Pay
Made

Trx
Amount

1 C123 2023-11-15
10:00:00 4500 5000 400 400 200

2 C123 2023-12-15
14:00:00 4800 5000 500 300 250

3 C456 2023-12-20
09:00:00 1200 10000 200 200 180

4 C123 2024-01-15
11:00:00 4950 5000 600 0 300

Table 3.3: Credit Card Fact Table
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Date Customer
ID

Loan
Amount

Installment
Due

Installment
Paid

Status

2023-10-01 C789 25000 500 500 On-Time

2023-11-01 C789 25000 500 0 Delayed

2024-03-10 C789 25000 500 0 Default

Table 3.4: Loan Fact Table

Date Region Inflation Rate Unemployment
Rate

2023-10-01 North 0.035 0.052

2023-10-01 South 0.031 0.041

2024-01-01 North 0.038 0.055

2024-01-01 South 0.033 0.043

Table 3.5: Economic Indicators Dimension

analysing the Temporal Challenge

To structure the analysis, we first define a specific anchor point, t0, which rep-

resents the ”present” moment from which historical and future data are managed.

Let’s set t0 = '2024-01-01'. Based on the intervals from our use case, the three

distinct time periods are:

• The Historical Period (for Feature Engineering):

[t0 − 180 days, t0] → ['2023-07-05', '2024-01-01']

• The Latency Gap (for Data Delays):

[t0, t0 + 30 days] → ['2024-01-01', '2024-01-31']

• The Outcome Period (for Target labelling):

[t0 + 30 days, t0 + 120 days] → ['2024-01-31', '2024-05-01']
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With this structure, the sample data illustrate the core challenge:

• For Customer C789, the model must use the ’Delayed’ payment status from

their history (2023-11-01) as a feature to link to the ”future” ’Default’ status

that occurs in the outcome period on 2024-03-10 (as shown in Table 3.4, the

delayed instalment on 2023-11-01 precedes the default event on 2024-03-10).

• For Customer C123, the missed payment on 2023-12-15 is a valid feature

from the historical period. However, the missed payment on 2024-01-15 falls

within the latency gap and must be excluded from feature engineering to

prevent target leakage.

• The Economic Indicators for Q4 2023 (dated '2023-10-01') provide the

macroeconomic context for the historical period, while the Q1 2024 data align

with the subsequent latency and outcome periods.

Example 3.3.1: OLAP Query for Missed Payments

A standard analytical approach might involve aggregating data to identify trends,

as shown in the following OLAP query in Listing 4 , which computes missed pay-

ments by region and month.

SELECT
c.Region,
DATE_TRUNC('month', f.Date) AS Month,
SUM(CASE WHEN f.PaymentDue > f.PaymentMade THEN 1 ELSE 0 END) AS

MissedPayments↪→

FROM CreditCard_Fact f
JOIN Customer c ON f.CustomerID = c.CustomerID
GROUP BY c.Region, DATE_TRUNC('month', f.Date)
ORDER BY c.Region, Month;

Listing 4: Monthly Aggregation of Missed Payments by Region

The query output (Figure 3.4) summarizes the monthly evolution of missed
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payments across customer regions. In the North region, missed payments first

appear in October 2023 and persist through subsequent months: one missed

payment in both October and November 2023, two in December 2023, and one

in January 2024. In contrast, the South region exhibits consistently stable be-

haviour, with no missed payments recorded across the entire observation period.

These results provide a simple descriptive profile of repayment behaviour, re-

flecting both temporal and regional variation in credit risk exposure.

Figure 3.4: Query Output: Missed Payments by Region and Month

While informative, this query illustrates a fundamental limitation of tradi-

tional OLAP analysis: time is treated as a flat, undifferentiated dimension. The

aggregation captures historical variation but lacks an explicit notion of analyt-

ical roles such as a feature period or a target period. Consequently, although

the results reveal an increasing trend in missed payments in the North region,

the query cannot distinguish whether these events belong to the past (used to

explain future behaviour) or to the future (used as prediction targets).

As a result, standard OLAP queries frequently conflate temporally distinct

data types-features, delayed observations, and outcomes-because the temporal

separation between them is not explicitly modelled. Instead, this separation is
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expressed only transiently within the WHERE clause of an individual query, making

analytical procedures error-prone, inconsistent across analyses, and difficult to

reproduce or govern.

To clarify this limitation, the following example introduces a query that ex-

plicitly distinguishes between a historical period (used for explanatory feature

computation) and an outcome period (used for target evaluation). By mak-

ing temporal roles explicit within the analytical process, this approach yields a

structure that is transparent, auditable, and aligned with the principles later

formalized in the three-window Prediction-Oriented Framework.

As a result, queries often conflate temporally distinct data types-such as features,

delayed observations, and labels-because the system lacks built-in semantics for

enforcing strict temporal partitioning. The critical rules that separate time periods

are not embedded in the data model; instead, they are expressed implicitly and

transiently within the WHERE clause of individual queries. This approach makes

temporal separation error-prone, inconsistent across analyses, and difficult to govern

or validate systematically.

To clarify this point, the following query presents an example that explicitly

distinguishes between a historical period and an outcome period. The structure

separates explanatory variables and target data within a single analytical query

by means of explicit temporal constraints, rather than relying on a single, implicit

WHERE clause.
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-- Example: Distinguishing Historical vs. Outcome Periods in SQL
WITH
-- 1. Historical period: past data used to compute explanatory features
historical_features AS (

SELECT
f.CustomerID,
SUM(CASE WHEN f.PaymentDue > f.PaymentMade THEN 1 ELSE 0 END) AS

missed_payments_hist,↪→

AVG(f.TotalBalance / NULLIF(f.CreditLimit, 0)) AS avg_utilization_hist
FROM CreditCard_Fact f
WHERE f.Date BETWEEN DATE '2023-07-05' AND DATE '2024-01-01' -- historical

period↪→

GROUP BY f.CustomerID
),
-- 2. Outcome period: future data used to define target variable
future_outcomes AS (

SELECT
CustomerID,
MAX(CASE WHEN Status = 'Default' THEN 1 ELSE 0 END) AS

has_defaulted_future↪→

FROM Loan_Fact
WHERE Date BETWEEN DATE '2024-01-31' AND DATE '2024-05-01' -- outcome

period↪→

GROUP BY CustomerID
)
-- 3. Combine both to analyse dependencies across time
SELECT

h.CustomerID,
h.missed_payments_hist,
h.avg_utilization_hist,
f.has_defaulted_future

FROM historical_features h
LEFT JOIN future_outcomes f ON h.CustomerID = f.CustomerID
ORDER BY h.CustomerID;

Listing 5: Distinguishing Historical vs. Outcome Periods in SQL

Unlike standard OLAP queries that mix past and future events within a single

date filter, the query in Listing 5 explicitly partitions time into two semantically dis-

tinct ranges: a historical period for feature computation and an outcome period

for target evaluation. Each subquery defines its temporal boundaries independently,

making the logic transparent, auditable, and reproducible. This explicit separation

of temporal roles operationalizes the principle of temporal precedence, antici-
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pating the need for formalized frameworks that will be introduced in the following

sections.

The resulting output, shown in Figure 3.5, clearly demonstrates the analytical

benefit of separating time into distinct functional windows. Customer C789, who

accumulated two missed payments and maintained a moderate average credit utiliza-

tion (≈ 0.50), later defaults in the outcome period (has_defaulted_future = 1).

Customer C123, with a similarly high utilization rate (≈ 0.78) and two missed pay-

ments, does not default, suggesting short-term payment difficulty without long-term

insolvency. In contrast, customer C456, characterized by low utilization (≈ 0.11)

and no missed payments, shows no default activity, representing a stable financial

behaviour profile.

Figure 3.5: Query Output: Historical Features and Future Outcomes by Customer

This concise example demonstrates how a minimal two-window query design can

preserve temporal precedence while yielding interpretable, entity-level patterns that

connect historical behaviour to future outcomes. However, traditional multidimen-

sional systems lack mechanisms to enforce such distinctions automatically. This

deficiency becomes particularly critical in prediction-oriented analytical settings,

where maintaining strict temporal partitioning is essential to ensure analytical va-

lidity and to prevent missing data.

Three main challenges emerge:

1. Lack of Temporal Partitioning: Standard OLAP tools do not guaran-

tee that feature variables are confined to a historical window or that target
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variables are restricted to a future outcome window. This omission risks con-

tamination from overlapping time periods, undermining analytical soundness.

2. Loss of Temporal Resolution: Aggregation by coarse temporal units (e.g.,

month or quarter) obscures the ordering of events and erases fine-grained be-

havioural patterns that may be critical for predictive modelling or anomaly

detection.

3. No Entity-Centric Alignment: OLAP systems typically lack constructs

for aligning temporal analysis around entity-specific anchors (e.g., customer-

level timelines). Without this alignment, comparisons across time windows

cannot consistently reflect individualized behavioural dynamics.

Furthermore, OLAP environments often operate across siloed data cubes, each

optimized for a specific business process. These cubes are typically:

• Developed independently, without harmonized dimensions or synchronized

schemes [38, 101];

• Characterized by heterogeneous temporal and semantic granularities [39,103];

• Incompatible for cross-domain or drill-across operations when datasets (e.g.,

credit and macroeconomic indicators) differ in aggregation level or update

frequency.

Table 3.6 summarizes these structural and semantic limitations in the context of

predictive credit risk modelling.

Example 3.3.2: OLAP Query for a Unified Financial Summary

To further illustrate the problem, consider a more advanced OLAP task in which

an analyst attempts to create a unified financial summary for each customer.

Listing 6 illustrates a classic drill-across query that aggregates heterogeneous

92



CHAPTER 3

Limitation Manifestation in Queries and Analysis
Rigid Temporal
Structure

No built-in support for distinguishing observation, latency, and pre-
diction windows; increases the risk of data leakage and invalid
feature-target relationships.

Siloed Data Cubes Fragmented data representation limits the integration of multi-
domain features (e.g., linking credit utilization with economic indi-
cators).

No Predictive
modelling Support

Traditional OLAP systems cannot define labels, generate training in-
stances, or enforce temporal validation splits required for supervised
learning.

Inflexible Dimension
Conformity

Coarse-grained dimensions (e.g., region-level economic data) are dif-
ficult to align with fine-grained, entity-level behavioural timelines.

Table 3.6: Limitations of Traditional OLAP for prediction-oriented Credit Risk Analysis

financial CreditCard_Fact and Loan_Fact tables to a common monthly grain

before joining them.

Listing 6: Unified Monthly Shortfall Aggregation Across Credit and Loan Products

-- Attempting to create a unified monthly summary for each customer

WITH

-- 1. Aggregate credit card data to a monthly level

credit_summary AS (

SELECT

CustomerID,

DATE_TRUNC('month', Date) AS activity_month,

SUM(PaymentDue - PaymentMade) AS credit_shortfall

FROM CreditCard_Fact

GROUP BY CustomerID, activity_month

),

-- 2. Aggregate loan data to a monthly level

loan_summary AS (

SELECT

CustomerID,

DATE_TRUNC('month', Date) AS activity_month,

SUM(InstallmentDue - InstallmentPaid) AS loan_shortfall
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FROM Loan_Fact

GROUP BY CustomerID, activity_month

)

-- 3. Join the monthly summaries to get a unified view

SELECT

c.CustomerID,

c.Name,

COALESCE(cs.activity_month, ls.activity_month) AS month,

COALESCE(cs.credit_shortfall, 0) AS credit_shortfall,

COALESCE(ls.loan_shortfall, 0) AS loan_shortfall,

(COALESCE(cs.credit_shortfall, 0)

+ COALESCE(ls.loan_shortfall, 0)) AS total_monthly_shortfall

FROM Customer c

LEFT JOIN credit_summary cs

ON c.CustomerID = cs.CustomerID

LEFT JOIN loan_summary ls

ON c.CustomerID = ls.CustomerID

AND cs.activity_month = ls.activity_month

ORDER BY c.CustomerID, month;

Figure 3.6 presents the result of the drill-across query described above. Each

row represents a customer’s unified financial shortfall at the monthly level, in-

tegrating both credit card and loan data into a single summary.

As shown in the query output, customer C123 (John Doe) begins to accumu-

late shortfalls starting in October 2023, with a combined amount of 100 that

rises to 200 in December 2023 and 600 in January 2024. This pattern reflects a

steady deterioration of payment behaviour over time, visible only through tem-

poral aggregation. Customer C456 (Jane Smith) exhibits no financial shortfalls

across all observed months, while C789 (Alice Brown) displays both credit and

loan shortfalls concentrated around November and December 2023, with a joint
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deficit of 1000 in November and 600 in December, indicating multi-source risk

exposure.

Figure 3.6: Query Output: Unified Monthly Financial Shortfall by Customer

This example highlights a fundamental limitation of traditional OLAP-style

processing: the absence of explicit temporal structuring and predictive framing.

OLAP queries are designed to summarize data at predefined temporal gran-

ularities (e.g., month or quarter), prioritizing aggregation efficiency over the

preservation of event sequencing. As a result, all events occurring within the

same aggregation bucket are treated as temporally equivalent, regardless of their

actual order or relative timing.

In the present case, monthly aggregation conceals the precise sequence of cus-

tomer actions, obscuring behaviourally meaningful patterns such as whether a

missed credit card payment occurred before or after a loan instalment within

the same month. From a predictive standpoint, this distinction is critical, as

the ordering of events often conveys important information about the evolution

of financial risk. By collapsing heterogeneous events into a single time slice, the

query discards ordering information and prevents the analyst from identifying
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temporally ordered dependencies between observed behaviours and subsequent

outcomes.

This phenomenon corresponds to the problem of asymmetric temporal granu-

larity in analytical systems, where coarse aggregation imposes a fixed temporal

resolution that masks important event ordering and causal structure. Early work

in temporal data warehousing documents how changes in temporal dimensions

and granularity semantics affect the interpretability of analytical queries [105].

More broadly, the data warehousing and temporal analytics literature shows

that such mismatches lead to information loss and biased interpretations when

the temporal resolution of explanatory variables does not align with the dynam-

ics of the target behaviour [118, 156].

Furthermore, the query lacks an explicit temporal anchor (t0) and does not dis-

tinguish between historical, latency, and outcome windows. In the absence of

clearly defined temporal boundaries, there is no formal guarantee that explana-

tory features are derived exclusively from past data relative to the prediction

point. This omission exposes the analysis to temporal entanglement, whereby

future or contemporaneous information may inadvertently influence historical

aggregates, resulting in target leakage. Such leakage undermines both the va-

lidity of predictive models and the interpretability of analytical conclusions.

Thus, while the drill-across query provides a valid descriptive summary for re-

porting, it remains structurally unsuitable for predictive modelling. Its design

merges events across incompatible time horizons and discards sequential depen-

dencies that are critical to forecasting default or delinquency risk. The example

reinforces the need for a prediction-oriented modelling approach capable of pre-

serving event-level granularity, enforcing window-based temporal approaches,

and integrating heterogeneous facts within a semantically consistent structure.
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In summary, although both CreditCard_Fact and Loan_Fact describe related

customer-level financial behaviours, they differ in structure, granularity, and seman-

tic scope, connected only through the shared CustomerID. Meanwhile, macroeco-

nomic signals from the Economic_Indicators table operate at a regional level and

are temporally misaligned with transaction-level events.

This temporal and semantic fragmentation underscores the necessity of a unified,

Prediction-Oriented Framework. The following sections introduce such a structure

through: (i) rigorous temporal partitioning within a three-window design, (ii) entity-

centric alignment via DFM constellation models, and (iii) prediction-oriented feature

semantics grounded in explicit observational boundaries.
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3.4 Fundamental Concepts for Developing a Frame-

work for Multidimensional Analysis

This section establishes the formal underpinnings of the PO Framework. Building

on the conceptual design and the motivating example of financial credit risk, we

now define the specific data structures required to support our proposed analytical

workflows. The primary goal is to formalize a model that can handle the integra-

tion of data from multiple interconnected domains, a common requirement in any

sophisticated, forward-looking decision-making process.

3.4.1 The Enhanced Fact Model

At the heart of our framework is the Prediction-Oriented Dimensional Fact Model

(PO DFM). This model extends established data warehousing principles to address

the unique challenges of prediction-oriented data analysis. In domains like credit

risk, analysts must routinely integrate data from multiple, partially overlapping

FSs (e.g., combining credit card transactions with loan repayment histories). These

schemes often share common dimensions like ’Customer’ or ’Date’, enabling powerful

cross-domain analysis.

The design of a PO DFM is guided by the intended analytical workloads, particu-

larly the queries needed for feature engineering and outcome labelling as dictated by

our PO structure. Our model therefore formalizes the structures and operators-such

as the crucial drill-across operator for navigating between linked data cubes-that are

essential for these tasks. It provides a robust, formal foundation for integrating the

temporal windowing logic directly into a multidimensional data model.
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3.4.1.1 Standard Dimensional Fact Model Definitions

We ground our work in the widely recognized Dimensional Fact Model (DFM) pro-

posed by Golfarelli and Rizzi [39, 40]. DFM provides a formal yet intuitive way to

model a real-world domain of interest (e.g., a bank’s credit operations) as a collec-

tion of interconnected Fact Schemes (FSs). Each FS represents a specific subject,

such as ’Credit Card Transactions’ or ’Loan Performance’, and is built on three core

concepts:

• Facts: Events or snapshots of interest, representing a point in a multidimen-

sional space (e.g., a single loan application, a monthly account statement).

• Dimensions: The axes of analysis that provide context to a fact (e.g., ’Who’,

’What’, ’When’, ’Where’). Dimensions are typically organized into hierarchies,

which allow data to be aggregated at various levels of granularity (e.g., a ’Date’

dimension with a ’Day’ → ’Month’ → ’Year’ hierarchy).

• Measures: Numeric or categorical values that quantify a fact (e.g., ’Trans-

actionAmount’, ’DelinquencyStatus’).

For clarity, we assume dimension names are unique within any given schema.

The following formal definitions are adapted from the DFM literature.

Definition 3.4.1 (Fact Schema). A Fact Schema (FS) is a sextuple defined as:

f = (M,A,N,R,O, S), where:

• M is a set of measures (e.g., TransactionAmount, IsDelinquentFlag).

• A is a set of dimension attributes, each with a discrete domain (e.g.,

TransactionDate, AccountType, CustomerAgeGroup).
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• N is a set of non-dimension attributes that provide supplementary, de-

scriptive context (e.g., CustomerFullName, LoanPurposeDescription).

• R is a set of relationships that structure all attributes into a rooted quasi-tree,

defining the dimensional and hierarchical pathways. A conceptual dummy

attribute a0 serves as the root, representing the fact itself. The edges (a0, ai)

define the primary dimensions of the fact.

• O ⊆ R is a set of optional relationships, indicating that some attributes

may contain null values (e.g., a transaction may not have a ’PromotionCode’).

• S is a set of aggregation statements of the form (mj, dk,Ωl), specifying

that a measure mj is aggregable along a dimension dk using an operator Ωl

(e.g., (TotalLoanAmount, BranchRegion, SUM)) [40].

The set of dimensions for a FS f , denoted Dim(f), consists of all attributes that

are direct children of the conceptual root a0. Each dimension can contain one or

more hierarchies, which are defined by the paths in the attribute quasi-tree.

For a more high-level, practical representation, a FS can also be expressed con-

cisely.

Definition 3.4.2 (Concise FS [39]). A FS (FS) f can be represented as a pair

f = (H,M), where:

• H is a finite set of dimension hierarchies (e.g., H = {hDate, hCustomer}).

• M is a finite set of measures (e.g., M = {OutstandingBalance,

NumberOfDefaults}).

If H contains n hierarchies, the FS is said to be n-dimensional. We denote the set

of all attributes in f as Attr(f) and the set of all measures as Meas(f).
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A dimensional schema (DS) is a collection of one or more FSs that are intercon-

nected through shared dimensions and model a broader business domain. This foun-

dational DFM provides the necessary vocabulary to formally define our prediction-

oriented enhancements. The subsequent sections will build upon these definitions

to introduce the novel concepts of our framework, including the formalization of

inter-schema relationships and the integration of our PO temporal constructs. The

corresponding graphical representation of the DFM for our credit risk scenario,

showing the interconnected FSs for transactions and loans, will be detailed below.

3.4.1.2 Proposed Symbolic Notation for Prediction-Oriented Dimensional

Fact Model Representation

To improve clarity and intuitiveness in representing Fact Schemes (FSs) within the

Prediction-Oriented Dimensional Fact Model (PO DFM), we propose a compact

symbolic notation. The notation is designed to explicitly distinguish dimension

attributes from non-dimensional (descriptive) attributes and to make hierarchical

structures within dimensions immediately visible.

The classical DFM literature [39, 40, 62] does not prescribe a standardized sym-

bolic notation that simultaneously exposes keys, hierarchies, descriptive attributes,

and contextual dependencies within a single textual schema representation. The

notation proposed here fills this gap by providing a uniform, readable representa-

tion that remains fully compatible with the original DFM semantics. The following

notation conventions are adopted:

• Any set of primary components, such as measures, fact table contents, or

collections of dimensions, is enclosed in curly brackets {· · · }.

• A dimension definition, including its key, dimensional attributes, and hierar-

chies, is enclosed in square brackets [· · · ].
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• Hierarchical structures or distinct branches within a dimension are enclosed in

angle brackets ⟨· · · ⟩. Each bracketed group represents a hierarchy or hierarchy

branch originating from a common root attribute.

• Non-dimensional (descriptive) attributes are enclosed in vertical bars | · · · | and

appear after the dimensional attributes or hierarchies to which they relate.

Attributes participating in hierarchies are listed within angle brackets and do

not require additional annotation.

This notation enhances the readability of complex multidimensional schemas by

enabling immediate identification of attribute roles (key, hierarchical, descriptive,

contextual) while remaining formal and compact.

Example 3.4.1: Symbolic Representation of the Financial Credit Risk

Schema

We illustrate the proposed notation using the financial credit risk scenario intro-

duced earlier in the chapter. The schema comprises two fact schemes capturing

behavioural and repayment-related events, together with shared and contextual

dimensions. The concrete data instances are shown in Tables 3.2–3.5.

MFinancialRisk = {TransactionAmount:Currency, TotalBalance:Currency,

CreditLimit:Currency, InstallmentDue:Currency, InstallmentPaid:Currency};

FCreditCard = {TransactionID, CustomerID, Date, TransactionAmount,

TotalBalance, CreditLimit};

FLoan = {CustomerID, Date, LoanAmount, InstallmentDue, InstallmentPaid};
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HFinancialRisk =
{

[DateKey; ActualDate, ⟨Day → Month → Quarter → Year⟩],

[CustomerKey; CustomerID, ⟨Region → Country⟩, |Name|, |BirthDate:Date|,

|RiskCategory|], [EconomicIndicatorKey; (Region, Date) → ⟨IndicatorType⟩,

|InflationRate|, |UnemploymentRate|]
}
.

The Customer and Date dimensions are conformed across both fact schemes,

enabling drill-across analysis. The attribute BirthDate is modelled as a role-

playing temporal attribute of the Date dimension. The Economic_Indicators

dimension is contextual and is functionally dependent on (Region, Date), en-

riching both fact schemes without affecting summarizability.

In the proposed symbolic notation, each dimension is represented as a struc-

tured container of attributes. The semicolon separates the dimension key from

the remaining components. Attributes listed immediately after the key denote

base dimensional attributes. Hierarchies are enclosed in angle brackets ⟨·⟩ and

represent ordered roll-up paths within the dimension, from the lowest to the

highest aggregation level. Multiple hierarchies may be associated with the same

dimension by listing multiple angle-bracketed expressions. Non-dimensional de-

scriptive attributes are enclosed in vertical bars and do not participate in aggre-

gation hierarchies.

We emphasize that this symbolic extension is introduced solely to improve the

clarity and compactness of schema representations within this study. It does not

alter the formal semantics of the DFM or PO DFM, which remain defined by the

respective metamodels. The notation is fully compatible with the classical DFM

metamodel shown in Figure 3.7 and with the PO DFMmetamodel introduced earlier.

Given a fact scheme f , each n-tuple of values drawn from the domains of its n

dimensions defines a cell containing one primary fact instance. Formally, a primary

fact instance corresponding to (α1, . . . , αn) ∈ Dom(d1) × · · · ×Dom(dn) is denoted
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Figure 3.7: Metamodel of the Dimensional Fact Model

by pf(α1, . . . , αn), in accordance with the standard DFM definition.

Detailed instance-level tables for the dimensions and fact schemes illustrating

this schema are provided earlier in the chapter and are consistent with the two-

fact constellation (CreditCard_Fact and Loan_Fact) used throughout the financial

default-risk case study.

3.4.2 Modelling Inter-Schema Relationships: The Fact Con-

stellation

A central challenge in multidimensional analysis is the integration of data originating

from multiple, distinct FSs. While a single star schema offers a coherent view over

one data domain, meaningful analytical insight, particularly in prediction-oriented

tasks, often arises from the synthesis of complementary signals across domains. For

instance, assessing customer credit risk depends not only on credit card transaction

behaviour but also on loan repayment patterns and macroeconomic context. This

section introduces a formal approach to modelling such cross-domain relationships,
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leading to a unified structure capable of supporting rich, multivariate analysis across

diverse sources.

3.4.2.1 Linking Fact Schemes: From Strict Overlap to General Relation-

ships

The basis for integrating two FSs is compatibility, which exists if they share at

least one common dimension attribute, allowing them to be semantically related.

Definition 3.4.3 (Facts Compatibility [40]). Two FSs, f ′ and f”, are compatible

if their sets of dimension attributes have a non-empty intersection (A′ ∩ A” ̸= ∅)

and the domains of these common attributes also have a non-empty intersection.

The simplest and most rigid form of integration is a strict overlap, which is pos-

sible only when the two FSs are strictly compatible. Strict compatibility requires

that the shared dimensions not only exist but have perfectly identical hierarchical

structures. This can be formally verified by contracting the quasi-tree representa-

tion of each schema’s hierarchies onto the set of shared attributes and checking for

equality.

Definition 3.4.4 (Strict Facts Compatibility [40]). Two compatible FSs, f ′ and f”,

are said to be strictly compatible if their quasi-trees, when contracted on the set

of shared dimension attributes I = A′ ∩ A”, are identical:

cnt(qt(f ′), I) = cnt(qt(f”), I).

Here, the contraction of a quasi-tree qt(f) on I denotes the reduction of the fact

schema structure to the minimal subgraph that preserves only the dimensions and

attributes belonging to the shared set I, removing or collapsing all other branches.
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When FSs are strictly compatible, their strict overlap, denoted f ′ ⊗f”, creates

a new, unified FS by merging their measures and intersecting their dimensions and

attributes. While theoretically sound, the requirement for strict compatibility is

often too restrictive for real-world scenarios, where schemes developed independently

across departments and applications or for different purposes rarely have perfectly

aligned hierarchies.

In practice, analysts often need to integrate schemes that are only non-strictly

compatible: they may partially share dimensions or relate via looser correspon-

dences that are not directly expressed in the schema design. In some cases, these

relationships may involve more abstract mappings, such as temporal alignment or

geographic containment, though formalizing such functional dependencies across

schemes remains challenging. To address this, we introduce the Fact Constel-

lation, a flexible organizing principle for integrating related, but not fully con-

formable, FSs.

3.4.2.2 The Fact Constellation

A Fact Constellation provides a formal structure for modelling a collection of Fact

Schemes (FSs) and the explicit semantic links between them. These links may

represent strict overlaps, non-strict overlaps with conflict-resolution rules, or other

relationships that enable coherent cross-schema navigation.

Definition 3.4.5 (Fact Constellation). Let F = {f1, f2, . . . , fk} be a set of k ≥ 2

FSs. A Fact Constellation (FC) is a tuple:

FC = (NF C , FF C , DF C , LF C , ConsF C), where:

• NF C is a unique name identifying the constellation.
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• FF C is the set of FSs included in the constellation.

• DF C is the union of all dimensions appearing in any FS in FF C .

• LF C is a set of link definitions between FSs in FF C . A link may be defined as:

– a strict overlap, when the linked schemes are strictly compatible;

– a non-strict overlap, where the link includes rules for resolving hierarchi-

cal or attribute conflicts;

– a functional link, based on shared entity identifiers or conceptual rela-

tionships that enable navigation even with few shared dimensions (e.g.,

linking a Promotion fact to a Sales fact via a CampaignID).

• ConsF C is a set of global constraints and policies governing analysis across the

constellation. This is a key extension in our PO DFM and is intentionally

extensible, allowing additional constraint classes to be introduced as required

by specific analytical domains. In particular, ConsF C may formalize rules for:

– Domain Alignment: specifying the effective domain of shared attributes

across linked facts, e.g., DomF C(a) = Domf ′(a) ∩Domf ′′(a);

– Granularity Reconciliation: defining how to align measures and dimen-

sions with mismatched levels (e.g., rolling customer-level data to region-

level or quarter-level for integration);

– Aggregation Semantics: constraining valid aggregation paths when query-

ing across facts, particularly when navigating through non-strict or func-

tional links, in order to prevent semantic errors such as double counting

or temporal misalignment;

– Dependency Constraints: specifying functional dependencies between di-

mension attributes, expressed as X → Y , meaning that the values of
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attributes Y are functionally determined by the values of attributes X

within the constellation;

– Measure Additivity and Temporal Constraints: classifying measures ac-

cording to their additivity properties (additive, semi/non-additive) and

defining admissible temporal aggregation windows for predictive and an-

alytical queries;

– Participation Constraints: regulating aggregation over many-to-many re-

lationships through weighting or participation rules, ensuring correct con-

tribution of shared entities.

The Fact Constellation model enables integrated queries and analytical reasoning

across multiple domains without requiring all data to conform to a single dimensional

standard. It is particularly suited to analytical tasks such as credit risk modelling,

where transactional behaviour, credit exposure, and macroeconomic context must

be combined in a coherent and semantically controlled manner.

Example 3.4.2: Semantic Integration in a Financial Risk Fact Con-

stellation

To illustrate these concepts, consider the Financial Risk Fact Constellation

that integrates multiple fact schemes involved in credit risk analysis. Formally,

we define:

FCFinancialRisk = (NF C , FF C , DF C , LF C , ConsF C), where:

• NF C = "FinancialRisk" is the unique identifier of the constellation.

• FF C = {CreditCard_Fact, Loan_Fact} is the set of fact schemes.

• DF C = Dshared ∪Dcontextual is the union of all dimensions appearing in the
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two fact schemes, where:

Dshared = {Customer, Date}, Dcontextual = {Economic_Indicators}

• LF C contains the following link definitions:

– A strict overlap between CreditCard_Fact and Loan_Fact on the

conformed dimensions {Customer, Date}, enabling drill-across oper-

ations at a common Customer–Month grain.

– A functional link from both CreditCard_Fact and Loan_Fact to the

contextual dimension Economic_Indicators, defined via the deter-

minant (Region, Date). This link enables navigation even though

Economic_Indicators is not directly present in either fact scheme.

LF C =
{
l1 : CreditCard_Fact ↔ Loan_Fact (strict overlap on Customer, Date),

l2 : Loan_Fact ↔ Economic_Indicators (functional link via (Region, Date))
}

• ConsF C represents global constraints ensuring semantic alignment across

the constellation and governing cross-fact analysis.

The fact schemes in FF C operate at different levels of temporal and spatial

resolution. Both CreditCard_Fact and Loan_Fact are defined at the Customer-

Month grain, whereas the contextual dimension Economic_Indicators is avail-

able at the Region-Quarter level. Granularity reconciliation is therefore defined

by the alignment function:

Galign : (Customer, Date) → (Region, Quarter),

which specifies that measures from transactional and loan facts must be aggre-
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gated by region and quarter before integration with macroeconomic indicators.

For example, all customer-level transactions occurring in the North region

between January 2024 and March 2024 are aggregated into the corresponding

Q1 2024 period, ensuring compatibility with the temporal granularity of the

Economic_Indicators dimension.

Aggregation constraints in ConsF C define admissible summarization paths

and prevent semantic errors such as double counting or temporal misalign-

ment. As an example, consider the derived constellation-level analytical measure

TotalExposure, defined at query time as:

TotalExposure =
∑

(Customer,Date)

(
LoanAmountLoan_Fact + TotalBalanceCreditCard_Fact

)
,

subject to the constraint that both measures are first aggregated at the

common (Customer, Date) grain before any higher-level roll-up is applied.

Temporal aggregation constraints further enforce causal consistency in an-

alytical queries. In particular, outcome measures must not be aggregated with

contemporaneous or future explanatory variables:

LoanDefaultst+1 may only be analysed against textttCreditUtilizationt,

ensuring that predictors are derived exclusively from non-overlapping historical

observation windows.

The contextual dimension Economic_Indicators introduces macroeconomic

attributes such as InflationRate and UnemploymentRate, functionally deter-

mined by:

(Region, Date) → {InflationRate, UnemploymentRate}.

Through the functional links in LF C , these attributes can be associated with both
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fact schemes, enabling enriched analysis that situates customer- and loan-level

behavior within the prevailing economic context while preserving summarizabil-

ity constraints.

Through the explicit specification of (FF C , DF C , LF C , ConsF C), the Fact

Constellation enforces:

1. Semantic coherence through domain alignment;

2. Analytical comparability through granularity reconciliation;

3. Logical integrity through formally defined aggregation semantics.

As a result, FCFinancialRisk provides a unified and semantically consistent mul-

tidimensional framework that supports coherent cross-domain analysis across

transactional, credit, and macroeconomic data.

3.4.2.3 Managing Summarizability and Aggregation Scope

A core challenge when combining data from multiple FSs is maintaining summariz-

ability - the ability to aggregate data correctly and consistently to derive meaningful

insights. As established by foundational work [95], summarizability is guaranteed

along many-to-one hierarchical relationships but is easily compromised by many-to-

many relationships or improperly handled joins between facts.

In the financial domain, such relationships arise naturally. Consider the asso-

ciation between Customer and Loan entities: a single customer may hold multiple

loans, and a single loan may be co-signed by multiple customers. This relationship

is therefore many-to-many:

Customer ↔ Loan.

If an analyst attempts to aggregate OutstandingBalance or DefaultCount directly
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across both dimensions without disambiguating this relationship (e.g., by creating a

bridge table or defining a participation weight), the results will be distorted - double-

counting shared loans or overestimating exposure at the customer level. Similarly,

when joining Loan_Fact with CreditCard_Fact, the same customer may appear

multiple times in each fact due to distinct transactional histories, creating another

implicit many-to-many mapping through the shared CustomerID dimension. In

our PO DFM, ensuring valid aggregation across multiple FSs is a primary design

objective. The summarizability rules defined in ConsF C within a Fact Constellation

explicitly address this challenge by constraining how measures from different fact

schemes may be combined and which aggregation paths are admissible when a query

navigates across a link l ∈ LF C .

For each link l, the aggregation-related constraints specified in ConsF C can be

viewed as inducing an aggregation constraint set, denoted by AggCons(l). Formally:

AggCons(l) =
{

(m, f ′, f ′′, g)
∣∣∣∣m ∈ Mf ′ ,

g is an aggregation operator permitted by ConsF C

when combining measures from f ′ with f ′′
}
.

Here, m is a measure originating from fact scheme f ′, f ′′ denotes the target fact

scheme reached through link l, and g specifies the admissible aggregation operator

or grouping semantics.

Consider a risk analyst who wishes to compute a derived constellation-level mea-

sure representing customer exposure:

TotalExposure = Loan_Balance + CreditCard_Balance.

In the absence of explicit constraints, joining Loan_Fact and CreditCard_Fact
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at the transactional level would introduce duplication, as the same customer may

appear multiple times within each fact due to distinct transactional histories.

To prevent this, ConsF C specifies a required aggregation grain for the link be-

tween the two fact schemes. This constraint can be expressed as:

AggLevel(lLoan-Credit) = {CustomerID, Date},

indicating that both facts must be pre-aggregated at the Customer--Date level prior

to combination. As a result, each customer contributes at most one aggregated

record per time unit, preserving additivity and preventing inflated totals.

When integrating macroeconomic context from the Economic_Indicators di-

mension, summarizability is further protected through explicit granularity recon-

ciliation constraints defined in ConsF C . For the corresponding functional link, the

admissible aggregation level is given by:

AggLevel(lLoan-Econ) = {Region, Quarter}.

This constraint enforces that loan-level measures are first aggregated by region and

quarter before being associated with regional economic indicators. Any attempt to

combine measures at incompatible grains, for example, directly linking customer-

level loan balances with regional unemployment rates, violates the constraints en-

coded in ConsF C and is therefore disallowed.

Together, these summarizability and aggregation-scope constraints operational-

ize analytical correctness within the PO–DFM Framework. They ensure that de-

rived measures remain both semantically and numerically valid, even when queries

traverse heterogeneous fact schemes. By explicitly modelling aggregation admissi-

bility within the Fact Constellation, the framework provides a robust foundation for
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building integrated prediction-oriented data marts in which analytical precision is

preserved across transactional, credit, and macroeconomic domains.

3.4.3 Graphical and Formal Representation of the Dimen-

sional Fact Model for the Credit Risk Scenario

To illustrate the application of the classical Dimensional Fact Model (DFM) as

introduced by Golfarelli and Rizzi [39,40], we represent the financial credit risk ana-

lytical environment defined in Section 3.3. This environment contains two principal

Fact Schemes (FSs) - CreditCard_Fact and Loan_Fact - supported by shared

and contextual dimensions Customer and Date. Each FS is structured as a quasi-

tree rooted at the fact node, with connected dimension hierarchies and descriptive

attributes following the DFM formalism.

The text-based definitions below correspond to the conceptual structures de-

picted later in Figure 3.8, which follows the graphical conventions of the stan-

dard DFM. For concision, in the worked examples below we use the reduced tuple

f = (M,A,N,R) and omit O (optional relationships) and S (aggregation state-

ments); these can be reintroduced without loss of generality.

Fact Scheme: CreditCard_Fact.

fCC = (MCC , ACC , NCC , RCC), where:

• Name: fCC = CreditCard_Fact.

• Grain: The grain of the fact scheme is implicitly defined by the lowest-level

attributes of the dimensions directly connected to the fact in RCC . In this

case, each fact instance corresponds to one Customer–Transaction–Date.
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• Measures:

MCC = {TransactionAmount, PaymentMade, PaymentDue,

CreditLimit, TotalBalance}.

• Attributes:

– Contextual Dimension Attributes (via Functional Links): InflationRate,

UnemploymentRate. These are quantitative, non-additive attributes be-

longing to an external contextual dimension and are not measures of the

fact scheme; they are analytically associated with fact instances through

shared dimensional attributes.

• Non-dimensional Attributes: Risk, Name

NCC =


CustomerID → Risk

CustomerID → Name

• Hierarchies / Relationships:

RCC =



CustomerID → Region → Country

↘ BirthDate:Date → Month → Quarter → Year

TrxDate:Date → Month → Quarter → Year

The Economic_Indicators dimension is modelled as a separate contextual di-

mension, not as part of either fact scheme. It provides macroeconomic context

through attributes such as InflationRate and UnemploymentRate, which are shared

across facts via the common attribute pair (Region, Date).
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Formally, the attributes of the Economic_Indicators dimension are defined by

the following functional dependencies:

AEI =


(Region, Date) → InflationRate

(Region, Date) → UnemploymentRate

The attributes in AEI are accessible from CreditCard_Fact (and analogously from

Loan_Fact) through the shared dimensions Region and Date. Since these attributes

are invariant within each (Region, Date) pair and non-additive, they are modelled

as dimension attributes rather than fact measures.

In the graphical schema (Figure 3.8), Economic_Indicators appear as distinct

cross-dimensional nodes connected to both facts through the common attributes

Region and Date.

An interesting modelling consideration arises with the attribute BirthDate. Al-

though it is a temporal attribute, it belongs to the Customer dimension rather

than representing an event time. In the classical DFM formalism, every attribute

is strictly associated with a single dimension, which raises the question of how to

represent time-related attributes that describe entities rather than events.

Two modelling strategies are typically adopted in the literature:

• Option 1 – Descriptive Attribute: BirthDate is modelled as a descriptive

attribute of the Customer dimension:

Customer → BirthDate.

In this case, BirthDate is treated as static and primarily used for filtering or

procedural age computation.

• Option 2 – Role-Playing Temporal Attribute: BirthDate is modelled as a role-
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playing instance of the Date dimension:

Customer → BirthDate:Date.

This representation enables cohort analysis, age segmentation, and calendar-

aligned analytics within the multidimensional structure.

In this example, we adopt the second interpretation, modelling BirthDate as

a role-playing instance of the Date dimension. This distinction avoids ambiguity

between event time (TrxDate) and entity time (BirthDate), while preserving a sin-

gle, shared calendar hierarchy. Accordingly, in the graphical schema (Figure 3.8),

the relationship labelled BirthDate (role of Date) connects the Customer and Date

dimensions.

Fact Scheme: Loan_Fact.

fL = (ML, AL, NL, RL), where:

• Name: fL = Loan_Fact

• Grain: The grain of the fact scheme is implicitly defined by the lowest-level

attributes of the connected dimensions in RL. In this case, each fact instance

corresponds to one Customer–Loan–Date snapshot.

• Measures:

ML = {LoanAmount, InstallmentDue, InstallmentPaid}.
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• Hierarchies / Relationships:

RL =


CustomerID → Region → Country

InstDate:Date → Month → Quarter → Year

• Attributes:

– Contextual Dimension Attributes (Functional Links): InflationRate,

UnemploymentRate. These are quantitative, non-additive attributes be-

longing to the external contextual dimension Economic_Indicators.

They are not measures of the fact scheme and are accessed through shared

dimensional attributes.

• Descriptive Attributes: Status.

NL = Status

These measures capture both the static loan contract value (LoanAmount) and

the periodic repayment dynamics (InstallmentDue, InstallmentPaid). Their dif-

ference represents a customer’s shortfall or delay for a given month.

The Loan_Fact schema models the long-term credit dimension of the analytical

environment. Each fact instance represents a snapshot of a customer’s loan repay-

ment at a specific point in time. The attribute Status provides the categorical

evaluation of repayment behaviour - On-Time, Delayed, or Default.

Shared and Contextual Dimensions. Both CreditCard_Fact and Loan_Fact

share a set of conformed dimensions that ensure analytical coherence across the

constellation. The two key shared dimensions are:
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Figure 3.8: Standard DFM Constellation for the Financial Credit Risk and Loan Domain

• Customer Dimension: Common to both facts, it provides the identification

and segmentation context for each client. Its hierarchy is defined as:

CustomerID → Region → Country,

and it includes non-dimensional descriptive attributes Name, BirthDate (role-

playing BirthDate temporal attribute of Date), and Risk. This shared di-

mension enables consistent analysis of customer-level behaviour across trans-

actional and loan perspectives.

• Date Dimension: Provides the temporal axis common to all facts, defined
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by the hierarchy:

Date → Month → Quarter → Year.

It represents both the transaction execution date (TrxDate) and the loan instalment

observation date.

In addition, both facts reference a contextual dimension Economic_Indicators,

with attributes such as InflationRate and UnemploymentRate. This dimension is

linked to the constellation via the shared pair (Region, Date), formally defined by

the functional dependencies:

(Region, Date) → InflationRate, (Region, Date) → UnemploymentRate.

The inclusion of Economic_Indicators as a contextual dimension extends the

analytical space beyond customer behaviour, allowing the integration of external,

region-level economic context into both the transactional and credit domains of the

model. In the graphical schema (Figure 3.8), it appears as a distinct dimension node

connected to both facts through the shared attributes Region and Date.

Fact Constellation. The two Fact Schemes CreditCard_Fact and Loan_Fact

are integrated into a single Fact Constellation through shared conformed and con-

textual dimensions. Formally, we define:

FCFinancialRisk = (NF C , FF C , DF C , LF C , ConsF C), FF C = {fCC , fL}.

The shared dimensions (Customer, Date) ensure conformance of analysis across

both facts, allowing consistent aggregation and comparison of customer-level and

time-based data. The Economic_Indicators, linked via (Region, Date), provides
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macroeconomic variables, InflationRate and UnemploymentRate, enabling enrich-

ment of each fact with regional and temporal economic context.

This constellation supports drill-across operations between transactional and

loan data, enabling unified financial summaries and cross-domain indicators, for

example, correlating customer spending patterns with subsequent loan repayment

behaviour.

At this stage, all facts are treated as coexisting within the same analytical space,

and relationships between them are purely structural. Temporal sequencing and

predictive interpretation will be introduced later through the extended semantics of

the Prediction-Oriented DFM (PO DFM) in Section 3.5.

This conceptual structure thus represents the baseline multidimensional schema,

a standard DFM constellation according to Golfarelli and Rizzi, which serves as the

formal foundation for the temporal and prediction-oriented extensions implemented

in the PO framework.
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3.5 Formalizing the Temporal Framework

This section develops the theoretical foundations of the proposed temporal frame-

work for prediction-oriented data analysis. As argued in the motivating example,

the transition from descriptive Business Intelligence (BI) tMachine Learning (ML)

requires a deeper and more disciplined treatment of time. Traditional multidimen-

sional data warehouses treat time as a standard dimension, suitable for roll-ups,

drill-downs, and historical summaries, but they do not provide mechanisms to en-

force temporal precedence, manage data latency, or structure the relationship be-

tween explanatory features and future outcomes. These limitations make classical

DW/OLAP models insufficient for constructing prediction-ready analytical datasets.

To address this gap, we introduce a temporal framework based on three seman-

tically and functionally distinct windows. Unlike descriptive temporal models or

classical moving-window aggregation schemes, our framework incorporates tempo-

ral roles and data-availability constraints directly into the data model, enabling the

design of prediction-oriented data marts with explicit safeguards against information

loss. The result is a principled, domain-agnostic structure that preserves analytical

validity and supports predictive decision-making across a wide range of applications.

The proposed approach generalises and significantly extends the Moving-Window

Temporal Aggregation paradigm. MWTA, as cited in time-series literature [57], de-

fines a single backward-looking interval: ω(t) = [t − ∆, t], from which descriptive

statistics are derived. MWTA is effective for localized temporal summaries, but

it lacks (i) a mechanism to distinguish between features and outcomes, (ii) a rep-

resentation of latency or data-maturation delays, and (iii) support for temporal

directionality. Therefore, MWTA is descriptive, not predictive.

Our approach also relates to interval-based temporal multidimensional models as

T+MultiDim [3], which augment classical DFMs with validity intervals. However,
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the goal of T+MultiDim is to describe the evolution of facts and dimensions over

time, whereas our model treats temporal analytical roles, not temporal evolution.

The shift from “what was true when” to “what can be used to predict what” repre-

sents a conceptual and operational departure from prior temporal OLAP research. In

what follows, we use the term PO DFM to denote the structural, multidimensional

schema extended with temporal window semantics, and PO Framework to denote

the broader methodological procedure integrating modelling, window configuration,

and ABT construction.

The proposed temporal formalism organizes data around a central anchor point

and a structured set of windows, each representing a distinct analytical role. This

structure transforms the data warehouse from a passive repository of historical facts

into a temporally disciplined environment capable of supporting predictive modelling

and Prediction-Oriented OLAP (PO OLAP).

The framework addresses this gap by defining a coordinated set of three windows,

each with a specific and non-overlapping role in the prediction-oriented workflow:

feature generation, latency management, and outcome labelling. This structure

transforms the data warehouse from a passive repository of facts into an active,

organized environment for generating predictive insights.

3.5.1 Formal Definition of the Temporal Windows

We formalise a temporal window configuration as a tuple

Ω(t0) = {ωOW, ωWW, ωPW},

where each ωi is defined as a contiguous time interval on a one-dimensional tem-

poral axis. All temporal semantics are defined relative to a single anchor point t0,

representing the conceptual present of analysis. At time t0, all historical information
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is assumed to be known, while future information is unknown.

Each window is modelled as a half-open interval:

ωi = [si, ei), si < ei,

with si and ei denoting its start and end times, respectively. Unlike MWTA’s

single-window formulation, the tuple Ω(t0) explicitly distinguishes between three

semantically different temporal intervals:

• the Observation Window (ωOW), covering the historical period used for feature

extraction;

• the Waiting Window (ωWW), representing a latency interval during which infor-

mation may be unavailable or intentionally excluded;

• the Prediction Window (ωPW), defining the future interval over which outcomes

are observed.

To reason about temporal ordering, we introduce a notion of complete precedence

between intervals. Given two windows ωa = [sa, ea) and ωb = [sb, eb), we define:

ωa < ωb ⇐⇒ ea ≤ sb.

This relation ensures that the two intervals are disjoint and that ωa entirely precedes

ωb on the temporal axis.

Under this definition, the temporal window configuration is required to satisfy

the strict ordering constraint:

ωOW < ωWW < ωPW,
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which enforces a complete temporal separation between historical observations, la-

tency effects, and outcome realisation. As a consequence, no event contributing

to feature construction can overlap with either the waiting period or the outcome

window.

This ordering induces an explicit temporal directionality in analytical queries:

ωOW ⇒ ωPW,

ensuring that predictors are derived exclusively from past information and are never

contaminated by contemporaneous or future outcomes.

By explicitly modelling temporal windows as ordered intervals, the framework

transforms the data warehouse from a passive repository of historical facts into

a structured analytical environment that supports prediction-oriented feature con-

struction under strict temporal constraints.

The Role and Nuances of the Observation Window (OW). The Observa-

tion Window is the historical period ending immediately before the anchor point t0.

Its purpose is to serve as the source of all data used to engineer predictive features.

The richness of these features is paramount for model performance. Within the OW,

analysts can derive a wide array of metrics, such as:

• Simple aggregations (sums, averages, counts),

for example total_spending_last_6_months;

• Trends and momentum measures,

for example is_debt_increasing_or_decreasing;

• Recency and frequency metrics, capturing time since last activity or rate

of events,
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for example days_since_last_payment or monthly_transaction_frequency.

The choice of the Observation Window length, ∆tOW, is a critical modelling de-

cision. A longer OW captures more historical data and long-term trends but may

dilute the signal from more recent, impactful events. Conversely, a shorter OW

is more sensitive to recent behaviour but may fail to capture broader contextual

patterns.

Feature generation within the Observation Window is not limited to simple ag-

gregations computed over the entire period. More sophisticated techniques, drawn

from event stream processing, can be employed to capture complex temporal dy-

namics. These techniques partition the OW into smaller, well-defined sub-windows

to extract more granular features. The primary windowing strategies are as follows:

• Tumbling Windows: Fixed-size, non-overlapping, and sequential partitions

of the OW. For example, to model seasonality within a one-year OW, features

can be computed for each month using twelve consecutive tumbling windows

of one-month duration. This enables the model to distinguish between be-

havioural patterns observed in different periods of the year.

• Hopping Windows: Fixed-size, overlapping windows that advance by a fixed

hop interval. This strategy is well suited for computing rolling metrics. For

instance, within a 90-day OW, a 30_day_rolling_average_spend feature can

be updated every seven days, providing smoother and more responsive trend

indicators than tumbling windows. A sliding window represents the limiting

case of a hopping window with a minimal hop interval (e.g., one day or one

event).

• Session Windows: Variable-length windows that group events based on ac-

tivity patterns. A session window aggregates events for a given entity (e.g.,
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a customer) and closes after a predefined period of inactivity. This strat-

egy is particularly effective for modelling engagement behaviour. Within the

OW, it enables the extraction of features such as average_session_duration,

number_of_actions_per_session, or time_between_sessions, which can-

not be captured using fixed-length windows.

Together, these advanced windowing strategies transform the Observation Win-

dow from a simple container of historical data into a structured feature-generation

environment, supporting the construction of temporally disciplined and highly in-

formative predictive variables.

The Critical Role of the Waiting Window (WW). The Waiting Window is

the temporal buffer, that immediately follows the anchor point:

ωWW = [t0, t0 + ∆tWW),

representing a period in which outcomes may have occurred but cannot yet be known

or recorded due to latency, settling times, or reporting delays. From an analytical

standpoint, ωWW enforces strict temporal separation between features and outcomes.

The WW accounts for:

• Data Latency: Delays between a business event occurring and it being

recorded and available for analysis.

• Outcome Maturation: Time required for an outcome to be definitively

recorded (e.g., default classification).

• Temporal Separation: By excluding WW data from input aggregates, we

ensure a clear temporal separation between observed behaviour and subse-

quent outcomes, maintaining the correct chronological sequence in the data.
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Defining the Target in the Prediction Window (PW) The Prediction Win-

dow is the period following the WW. It is the timeframe within which the target

outcome (e.g., customer default) is monitored. The PW may be used for the defi-

nition of the ground truth for supervised learning models, which could be suitably

applied after or concurrently with the temporal Prediction-Oriented OLAP task. For

instance, a target variable hasDefaultedIn90Days is true if and only if a default is

recorded within the customer’s PW.

The Prediction Window is the outcome interval:

ωPW = [t0 + ∆tWW, t0 + ∆tWW + ∆tPW),

during which the target variable is observed. This window operationalizes the super-

vised learning ground truth or the validation period in Prediction-Oriented OLAP

tasks.

The length ωPW is driven by the business context - short for tactical decisions,

long for strategic forecasts.

Let ωOW, ωWW, and ωPW denote the intervals of the three windows, as depicted in

Figure 3.9:

• Observation Window (OW): [t0 − ∆tOW, t0];

• Waiting Window (WW): [t0, t0 + ∆tWW];

• Prediction Window (PW): [t0 + ∆tWW, t0 + ∆tWW + ∆tPW].

Together, these windows enforce a strict temporal separation between feature

extraction, latency effects, and outcome observation. This separation guarantees

that target variables are never influenced by contemporaneous or future information

relative to the observation period, ensuring temporal validity in predictive analysis.
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Time

Observation
Window (OW)

Waiting
Window (WW)

Prediction
Window (PW)

t0 − ∆OW t0 t0 + ∆WW t0 + ∆WW + ∆PW

Historical Features Target Outcome

Figure 3.9: Temporal Windowing Structure: Observation, Waiting, and Prediction

The operational manipulation of these temporal windows (slicing, shifting, or

combining them during analytical queries) is addressed separately through a set

of Prediction-Oriented OLAP operators, which are formally introduced in the next

subsection and instantiated in the implementation chapter.

3.5.2 Prediction-Oriented OLAP Operators

Prediction-Oriented OLAP (PO OLAP) extends classical OLAP by introducing ex-

plicit temporal semantics that govern how historical observations are related to

future outcomes. Within this framework, OLAP operators are defined over the

temporal window configuration Ω(t0) and are designed to support analytical tasks

that connect the Observation Window (OW) to the Prediction Window (PW) while

strictly respecting temporal constraints.

In particular, PO OLAP operators must ensure that: (i) feature extraction is

confined to ωOW, (ii) outcome variables are observed only in ωPW, and (iii) no operator

allows information leakage across window boundaries.

We group the supported operators into three conceptual classes: window-restriction

operators, window-transformation operators, and cross-window operators. Among

these, cross-window operators play a central role, as they explicitly link OW-derived

features with PW-defined targets.
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Window-Restriction Operators. These operators limit the temporal scope of

analysis to a specific window without altering its structure. A fundamental example

is:

SLICE(ωi),

which restricts fact data to the interval defined by window ωi ∈ Ω(t0). For instance,

SLICE(ωOW) selects only historical records eligible for feature computation, while

SLICE(ωPW) isolates outcome observations.

Window-Transformation Operators. Window-transformation operators mod-

ify the temporal positioning or extent of windows, enabling rolling and time-shifted

analyses. A representative operator is:

SHIFT(k),

which translates all window boundaries by a temporal offset k. This operator sup-

ports longitudinal evaluation scenarios, such as retraining a predictive model at

successive anchor times t0 +k, while preserving the relative ordering and separation

of OW, WW, and PW.

Another transformation operator is:

ROLLUP(∆),

which aggregates measures across multiple adjacent windows of duration ∆. This

operator enables temporal smoothing and multi-horizon analysis, for example ag-

gregating monthly OW features into quarterly summaries.
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Cross-Window Operators (Linking OW and PW). Cross-window operators

explicitly relate information extracted from the Observation Window to outcomes

observed in the Prediction Window. These operators are the defining mechanism

that connects historical features to future targets in PO OLAP.

The primary operator in this class is:

JOIN(ωOW, ωPW),

which associates feature vectors computed over ωOW with target variables defined

over ωPW, under the temporal implication:

ωOW ⇒ ωPW.

This operator does not perform a conventional relational join on overlapping records;

instead, it enforces a semantic association between past observations and future

outcomes for the same analytical entity (e.g., a customer).

Consider a credit risk analysis task in which customer spending behaviour is

summarised over the Observation Window using measures such as average trans-

action amount and credit utilisation. The operator JOIN(ωOW, ωPW) associates these

features with a binary outcome indicating whether the customer defaulted within

the subsequent Prediction Window. The resulting dataset can be used either for

supervised model training or for prediction-oriented analytical exploration.

By explicitly distinguishing cross-window operators from classical in-window ag-

gregations, PO OLAP ensures that analytical workflows respect temporal causality

and prevent leakage of future information into historical feature construction.

The operators defined in this section provide a conceptual and implementation-

neutral interface for prediction-oriented analysis. Their concrete realization in SQL-
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based data warehouses and Python-based analytical pipelines is discussed in the

implementation chapter, where we demonstrate how PO OLAP operators can be

instantiated over real datasets without violating the formal temporal constraints

defined in Section 3.5.1.

3.5.3 Window Configurations and Dynamics

The power of this framework lies in its flexibility. The window lengths (∆tOW, ∆tWW,

∆tPW) and the anchor point (t0) can be configured statically or dynamically, as

depicted below.

Window Lengths (Fixed vs. Variable)

• Fixed-Length Windows: Predefined intervals (e.g., 180, 30, 90 days). Ideal

for reproducible training data in regulatory or operational settings.

• Variable-Length Windows: Window lengths depend on entity-specific times-

tamps (e.g., customer tenure from signup_date to t0). Offers greater flexibil-

ity but requires careful modelling.

A special case is ∆tWW = 0, appropriate only when latency is negligible (e.g.,

high-frequency trading).

Window Position (Fixed vs. Sliding)

• Fixed Position: t0 is a single, constant point (e.g., ’2025-01-01’). Suitable

for one-time batch scoring or static analysis.

• Sliding Position: t0 moves to generate multiple OW-WW-PW triplets for

each entity:
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– Periodic Sliding: t0 advances in fixed intervals (e.g., monthly). Supports

training over extended histories with seasonality.

– Event-Driven Sliding: t0 is triggered by events (e.g., loan applications,

credit limit changes).

While powerful, these configurations involve trade-offs. Sliding windows, espe-

cially periodic ones, can yield massive datasets. Variable-length windows introduce

complexity in modelling pipelines. Ultimately, configurations must balance analyti-

cal precision against scalability and model feasibility. Taken together, these config-

uration modes determine how Ω(t0) is instantiated for a given analytical task and

provide the flexibility required to support both retrospective analysis and large-scale

model training pipelines.

3.5.4 Application to Default Risk Prediction Example: Tem-

poral Data Structuring

To illustrate these principles with a concrete case, we use a simplified dataset con-

taining Loan_Fact, CreditCard_Fact, Customer, and Economic_Indicators ta-

bles. These correspond respectively to loan repayment events, credit-card transac-

tions, customer attributes, and macroeconomic context. Each table becomes part

of the star schema introduced in Section 3.4.3, where the Customer and Date di-

mensions are conformed and Economic_Indicators acts as a contextual dimension

linked via (Region, Date). The raw operational data are thus restructured into a

coherent constellation of fact schemes forming the foundation for the PO Framework.

The dataset can be formally organized following the transformation from raw

operational tables → classical Star Schema (DFM) → extended Prediction-Oriented

Dimensional Fact Model (PO DFM).
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Step 1: Classical DFM Schema. Two primary Fact Schemes (FSs) are identi-

fied:

• CreditCard_Fact - captures transactional behaviour at the granularity of

(CustomerID, TransactionID, Date), with measures such as TransactionAmount,

PaymentDue, PaymentMade, and TotalBalance.

• Loan_Fact - records instalment-level repayment activity at the granularity of

(CustomerID, Date), with measures InstallmentDue, InstallmentPaid, and

LoanAmount.

These facts share three conformed dimensions:

• Customer (CustomerID, Name, BirthDate, Region, RiskCategory);

• Date (Date, Month, Quarter, Year);

• Economic_Indicators (Date, Region, InflationRate, UnemploymentRate)

- a contextual dimension shared across both facts through (Region, Date).

The resulting constellation supports traditional drill-across operations, enabling

cross-domain queries, comparing credit utilisation trends with subsequent loan re-

payment behaviour.

Step 2: Temporal Extension through PO DFM. The same constellation is

then extended along a temporal axis defined by three analytical windows:

• Observation Window (OW): past behavioural data used to compute ex-

planatory features;

• Waiting Window (WW): an intermediate latency period excluding data

used for prediction;
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• Prediction Window (PW): future events providing target outcomes.

We set the anchor time t0 = 2024-01-01, with ∆tOW = 180 days, ∆tW W = 30 days,

and ∆tP W = 90 days.

ωOW = [2023-07-05, 2023-12-31),

ωWW = [2024-01-01, 2024-01-31),

ωPW = [2024-02-01, 2024-05-01).

We apply the three-window semantics defined in Section 3.5.1, Loan_Fact is

assigned to ωPW and CreditCard_Fact to ωOW, and contextual dimensions to the

roles described previously (for example, Economic_Indicators).

Let each dataset participating in a Fact Constellation (either a fact scheme or a

contextual dimension) be assigned a temporal role through a binding function:

ψ : DF C → {OW, WW, PW, context},

where DF C denotes the set of datasets associated with the constellation. The func-

tion ψ specifies the temporal window in which a given dataset is permitted to con-

tribute information for a specific analytical task.

This binding enforces temporal validity by ensuring that each dataset provides

data only within its semantically admissible window. Datasets bound to OW may

contribute explanatory features, datasets bound to PW may contribute outcome vari-

ables, datasets bound to WW are excluded from both feature and target construction,

and datasets bound to context may enrich multiple windows without participating

in temporal precedence constraints.

In the default-risk prediction scenario considered here, the binding is defined as
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follows:
ψ(CreditCard_Fact) = OW, ψ(Loan_Fact) = PW,

ψ(Economic_Indicators) = context.

The value context denotes a special temporal role reserved for contextual di-

mensions whose attributes are exogenous to the behavioural process being analysed.

Datasets assigned to the context role do not define targets or behavioural features;

instead, they provide auxiliary information that may be associated with multiple

windows.

Formally, a dataset bound to context is not subject to temporal precedence

constraints between OW and PW. Its attributes may be joined to data in ωOW or

ωPW provided that their own internal temporal dependencies (e.g., (Region, Date) →

InflationRate) are respected.

The binding function ψ is not fixed globally; it may be redefined across analytical

tasks or prediction problems. This flexibility allows the same Fact Constellation to

support different prediction-oriented analyses (e.g., churn, fraud, or demand fore-

casting) by reallocating datasets to different temporal roles while preserving the

underlying schema.

Table 3.7 specifies the temporal scope of each dataset according to the binding

function ψ defined earlier. These assignments determine which facts contribute fea-

tures and which contribute outcomes. The labels ”partial” and ”pending” indicate

datasets whose records may temporally overlap the corresponding window bound-

aries but are not used for feature extraction or target labelling in that window.

Contextual dimensions, such as Economic_Indicators in this example, may

validly span multiple temporal windows. As datasets bound to the context role

through the binding function ψ, they are exogenous and non-behavioural, and their

attributes are invariant within each (Region, Date) pair. Consequently, contextual

dimensions do not participate in temporal precedence constraints between the Ob-
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Entity OW WW PW Role

CreditCard_Fact + partial - Feature source

Loan_Fact - pending + Outcome target

Date + + + Temporal axis

Customer + + + Shared entity

Economic_Indicators + - + Contextual dimension

Table 3.7: Temporal Windows Membership Summary

servation Window (OW) and the Prediction Window (PW); instead, they enrich

both windows with auxiliary information that supports interpretation without af-

fecting causal ordering.

The issues illustrated in Figure 3.6 (temporal ambiguity, lack of predictive fram-

ing, and semantic misalignment) are directly addressed through the PO DFM Frame-

work and the construction of an Analytical Base Table (ABT). The ABT represents

a structured, entity-level analytical dataset that integrates explanatory features and

outcome labels within explicitly defined temporal boundaries. By anchoring feature

variables and target outcomes in the Observation Window (OW), Waiting Window

(WW), and Prediction Window (PW), the framework enforces strict temporal prece-

dence between inputs and outputs, thereby eliminating violations of the implemented

temporal checks and ensuring analytical consistency.

Unlike traditional OLAP aggregations, which are retrospective and often agnos-

tic to event ordering, ABT construction in the PO DFM relies on explicit tem-

poral ordering constraints that govern how data may flow across time. These

constraints are operationalized through the prediction-oriented OLAP operators in-

troduced in Section 3.5.2, in particular through the OW–PW linkage induced by the

operator chain SLICE(ωOW), LABEL(ωPW), and JOIN(ωOW, ωPW). Together, these opera-

tors ensure that only information available prior to the anchor time (t0) contributes
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to feature computation, while all target variables are derived strictly after the la-

tency period defined by the WW. The resulting analytical process enforces a well-

defined ordering of events and data dependencies that is consistent with real-world

information availability.

Furthermore, entity-centric integration across multiple data sources, combined

with fine-grained, event-level aggregation techniques (e.g., rolling transaction aver-

ages or session-based spending summaries), produces features that are both seman-

tically coherent and temporally aligned. This structured approach transforms raw,

loosely coupled OLAP data into a temporally valid, prediction-ready dataset. Ta-

ble 3.8 contrasts the traditional OLAP paradigm with ABT-oriented data construc-

tion, highlighting how explicit temporal structuring enables analytical reliability and

supports operational deployment.

Dimension OLAP Drill-Across (Tradi-
tional)

PO ABT Construction (Pro-
posed)

Temporal Granu-
larity

Implicit or coarse-grained (e.g.,
monthly)

Explicitly defined OW, WW,
PW

Time Scoping Aggregates may mix past,
present, or future data

Strict forward-only scoping
avoids leakage

Semantics Aggregation logic is source-
specific and ad hoc

Features are semantically aligned
across sources

Predictive Framing Post hoc descriptive; no clear
target window

Forward-facing, target-aligned
(e.g., future default)

Data Integration Simple joins, minimal harmo-
nization

Entity-centric, temporally
scoped, cross-domain fusion

Model Readiness Not directly usable for ML ABT is modelling-ready, with
clear labels

Operational Use Limited to dashboards or KPIs Enables forecasting, alerts, and
prescriptive action

Table 3.8: Comparison of OLAP Drill-Across vs. PO ABT Construction

As defined in Section 3.5.3, we instantiate the temporal windows with:

(∆tOW,∆tWW,∆tPW) = (180, 30, 90)days,
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relative to the anchor time t0 = 2024-01-01. The temporal assignment of each

dataset follows the window semantics formalised in Section 3.5.1 and the binding

function ψ. In this application, ψ(CreditCard_Fact) = OW, ψ(Loan_Fact) = PW,

and ψ(Economic_Indicators) = context, allowing the contextual dimension to

enrich both windows without violating temporal precedence.

We now instantiate the PO DFM by constructing an Analytical Base Table that

is fully consistent with the temporal window semantics and Prediction-Oriented

OLAP operators defined above.

Example 3.5.1: Generating an ABT for Default Risk

The available data include instalment-level records in Loan_Fact (CustomerID,

Date, LoanAmount, InstallmentDue, InstallmentPaid, Status), transaction-level

entries in CreditCard_Fact (TransactionID, CustomerID, Date, TotalBalance,

CreditLimit, PaymentDue, PaymentMade, TransactionAmount), customer de-

scriptors (Name, BirthDate, Region, RiskCategory), and macroeconomic indi-

cators (InflationRate, UnemploymentRate by Region and Date). These will be

mapped to the appropriate windows as defined by the PO Framework.

We return to the financial institution aiming to identify customers at risk

of default. The goal is to construct a dataset where each row represents one

customer at a specific point in time, containing features calculated from their

recent past (OW) and a target label indicating if they defaulted in the near

future (PW).

Parameter Definition

The analyst defines the temporal parameters based on the business problem

and data characteristics. For this scenario:

• Anchor Point (t0): ”2024-01-01”. The analysis will be from the perspec-
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tive of this date.

• Observation Window (∆tOW ): 180 days. Features are based on be-

haviour from July 5, 2023, up to Jan 1, 2024.

• Waiting Window (∆tW W ): 30 days. A buffer for data latency, covering

January 2024.

• Prediction Window (∆tP W ): 90 days. Default events are monitored

from Feb 1, 2024, to May 1, 2024.

These temporal allocations follow directly from the window definitions in-

troduced earlier.

ABT construction at the logical level. Given a constellation FC and a

temporal configuration ∆T , an ABT for entity e at anchor time t0 is defined as:

ABT(e, t0) = JOIN
(
AGGREGATE(SLICE(fOW, ωOW)), LABEL(SLICE(fPW, ωPW))

)
,

where fOW is any fact scheme with ψ(fOW) = OW and fPW any fact scheme with

ψ(fPW) = PW. The Waiting Window ωWW is excluded by construction.

The implementation and validation of this construction are summarized in

Section 3.7. Detailed Python and SQL realizations are provided in Appendix B.

The novelty of this formalization lies in bridging the gap between temporal data

warehousing and predictive analytics. By redefining the DFM in terms of temporally

coordinated analytical windows, the framework introduces a new class of PO DFMs.

Unlike existing temporal OLAP models, which focus on describing temporal evolu-

tion, the PO Framework explicitly formalizes temporal precedence, data latency,

and predictive causality as structural elements of the data model. This represents
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a fundamental shift from descriptive to prescriptive multidimensional analysis.
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3.6 Defining the PO DFM Framework

3.6.1 Graphical Representation of the PO DFM

The Prediction-Oriented Dimensional Fact Model (PO DFM) extends the

classical DFM of Golfarelli and Rizzi [39, 40] by enriching the schema with explicit

temporal and predictive semantics. Whereas the standard DFM provides a static

representation of fact schemes and conformed dimensions, the PO DFM embeds

temporal roles, predictive directionality, and PO OLAP operator semantics directly

into the graphical notation.

This upgraded notation is motivated by the temporal formalism introduced

in Section 3.5.1 and by the Prediction-Oriented OLAP operators defined in Sec-

tion 3.5.2. Accordingly, the graphical model is no longer a static constellation: it

becomes a temporally stratified analytical blueprint that visually encodes the infor-

mation constraints under which prediction-oriented pipelines operate.

Temporal stratification of fact schemes. In contrast to classical multidi-

mensional modelling, where facts exist without explicit temporal semantics, the

PO DFM situates fact schemes along a three-window temporal axis:

ωOW → ωWW → ωPW,

which reflects enforced temporal precedence between historical observation, latency

handling, and outcome realization.

This temporal ordering is operationalized through the prediction-oriented OLAP

operators formally introduced in Section 3.5.2. Each operator is explicitly scoped to

one or more temporal windows defined in Section 3.5.1. The canonical prediction-
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oriented execution pattern is:

SLICE(ωOW) → AGGREGATE(ωOW) → LABEL(ωPW) → JOIN(ωOW, ωPW).

As a result, feature extraction, aggregation, and target labelling are performed only

within their semantically admissible temporal intervals.

The graphical PO DFM thus serves as the structural counterpart of the formal

PO OLAP semantics, visually encoding both temporal roles and predictive direc-

tionality.

Scope of the graphical notation. To express the alignment between the tem-

poral framework and the predictive semantics of the PO DFM, we adopt a concise

graphical notation. Rather than reproducing the full classical DFM notation, the

representation used in this dissertation focuses on a reduced, application-oriented

subset that is sufficient for modelling the three-window predictive constellation em-

ployed throughout the financial default-risk case study.

Graphical elements of the PO DFM. The simplified notation consists of the

following elements:

1. Horizontal analytical window bands The diagram is divided into three

horizontal bands corresponding to the Observation Window (OW), Waiting

Window (WW), and Prediction Window (PW). Each fact scheme is drawn

inside the band representing the window in which it participates:

• OW band: contains fact schemes contributing historical features.

• PW band: contains fact schemes providing outcome variables.

• WW band: represents a temporal control interval used for latency han-

dling; it is typically empty and does not contain fact schemes.
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2. Border styles for fact schemes Fact schemes are distinguished by border

style, independently of band placement:

• Solid borders: fact schemes used for feature extraction in the Observa-

tion Window.

• Dashed borders: fact schemes supplying target outcomes in the Pre-

diction Window.

This encoding makes the analytical role of each fact visually explicit.

3. Predictive dependency connector The only inter-fact relationship explic-

itly represented is the predictive dependency from an OW fact to a PW fact.

It is drawn as a double-line arrow from the OW fact scheme to the PW fact

scheme, indicating that the former supplies predictive features used to esti-

mate outcomes recorded in the latter.

4. Vertical alignment of shared dimensions Dimensions participating in

both OW and PW (e.g., Customer, Date) are drawn vertically so that their

nodes appear aligned across the relevant bands. Dimensions participating in

only one window appear solely within the corresponding band. Dimensions

that are not window-specific remain outside the temporal bands.

5. Window-specific temporal connectors When a temporal dimension par-

ticipates in multiple analytical windows, its participation is shown through

multiple, window-specific connectors. Each connector corresponds to a dis-

tinct temporal role and is annotated accordingly:

• Dot-dashed connector: temporal role used in the Observation Window

(e.g., TrxDate[OW]).
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• Dotted connector: temporal role associated with the Waiting Window

(used only to mark latency boundaries; optional).

• Dashed connector: temporal role used in the Prediction Window (e.g.,

LoanDate[PW]).

Multiple connectors may originate from the same temporal dimension node,

indicating that different physical timestamp attributes or semantic interpre-

tations of time are used across windows.

6. Inline temporal tags (optional) Temporal membership may optionally be

indicated using inline tags such as [OW] or [PW] next to fact names, although

band placement and border style are sufficient to determine window partici-

pation.

This notation directly reflects the semantics of the SQL-based ABT construction

presented later: all computations on CreditCard_Fact occur in the Observation

Window, all computations on Loan_Fact occur in the Prediction Window, and the

only inter-fact relationship is the predictive dependency

CreditCard_Fact[OW] ⇒ Loan_Fact[PW].

Role-annotated temporal dimensions. In addition to assigning temporal roles

to fact schemes, the PO DFM explicitly represents the semantic roles played by

the temporal dimension that defines window boundaries. Rather than introducing

multiple temporal dimensions, the PO DFM adopts a role-annotation mechanism

consistent with the classical DFM notion of role-playing dimensions.

A single temporal dimension (e.g., Date) is drawn once in the diagram, but

its connections to fact schemes are annotated with window-specific role labels:
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Date[OW], Date[WW], and Date[PW]. These labels indicate the semantic interpre-

tation of time within each window.

The role Date[OW] denotes timestamps used for historical feature extraction

(e.g., transaction execution time such as TrxDate). The role Date[WW] denotes

temporal boundaries used for latency handling and data exclusion and may not

be associated with any fact scheme. The role Date[PW] denotes timestamps used

for outcome realization and target labelling (e.g., instalment observation or default

occurrence time such as LoanDate).

Graphically, role annotations are placed next to the connectors linking the Date

dimension to fact schemes located in the corresponding window band. This makes

explicit that a shared calendar hierarchy is used across windows, while its seman-

tic interpretation may vary depending on the analytical role and the underlying

temporal attribute.

Dimensions and temporal metadata. The PO DFM retains the quasi-tree

dimension structure of the classical DFM, but dimensions may carry additional

temporal metadata:

• attributes such as RiskCategory may evolve through SCD-Type 2 versions;

• the Date dimension acts as the temporal backbone marking the boundaries of

ωOW, ωWW, and ωPW;

• contextual dimensions (e.g., Economic_Indicators) may span multiple win-

dows and are linked via contextual connectors rather than predictive depen-

dencies.

The resulting PO DFM constellation for the financial scenario is illustrated in

Figure 3.10. Three horizontal temporal bands locate fact schemes according to

their analytical role, vertical alignment ensures conformance across windows, and
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Figure 3.10: PO DFM constellation using the proposed graphical notation

directional connectors encode predictive semantics consistent with the ωOW → ωPW

flow inherent in the PO OLAP operator chain.

Predictive semantics in the graphical notation.

• horizontal bands represent ωOW, ωWW, and ωPW;

• border styles distinguish feature-providing and outcome-providing fact schemes;

• predictive dependency arrows encode forward-looking analytical flow;

• role-annotated temporal dimensions make window-specific notions of time ex-

plicit;

• vertical alignment ensures drill-across and PO OLAP compatibility.
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3.6.2 PO DFM Metamodel

Figure 3.11 presents the formal metamodel underlying the PO DFM notation. It

extends the classical DFM metamodel by adding constructs that model temporality,

window participation, and prediction-specific dependencies.

Figure 3.11: Metamodel of the Prediction-Oriented Dimensional Fact Model

The metamodel includes the following constructs:

• TemporalBand: Defines OW, WW, and PW and their precedence relation-

ships;

• TemporalRole: A role construct associating fact schemes, dimensions, or indi-

vidual temporal attributes with one or more temporal bands (e.g., Date[OW],

Date[PW]), as formalized by the binding function ψ;

• FactScheme: Classical DFM fact scheme extended with temporal bindings;
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• Measure and Attribute: Classical DFM elements inherited without structural

modification, whose admissible usage is constrained by their associated Tem-

poralRole within the PO DFM;

• TemporalAttribute (optional specialization): A specialization of Attribute rep-

resenting time-stamped values (e.g., TrxDate, LoanDate) that may play dif-

ferent roles across temporal bands;

• FactSchemeLink: Represents directed predictive or temporal dependencies be-

tween fact schemes;

• ConformedDimension: (Implicit via Dimension) ensuring consistent alignment

across windows;

• CrossDimDependency: Analytical or contextual relationships (e.g., macroeco-

nomic enrichment).

This metamodel provides the conceptual substrate for the PO DFM notation,

ensuring that structural, temporal, and predictive semantics are consistently rep-

resented, both graphically and formally. The metamodel is intentionally minimal,

extending the classical DFM only where required to express temporal precedence

and predictive semantics, while inheriting all remaining structural constructs un-

changed.

3.6.3 The PO DFM Formal Definition

The Prediction-Oriented Dimensional Fact Model provides the formal foundation of

the temporal-analytical framework introduced in the previous sections. Whereas the

classical DFM [39, 40] offers a structural representation of fact schemes and their

dimensional contexts, it remains agnostic to the temporal and causal constraints
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inherent in predictive analytics. In particular, traditional multidimensional models

lack (i) an explicit representation of learning windows, (ii) a mechanism for enforcing

temporally valid feature - target separation, and (iii) a formal way to encode directed

dependencies between distinct fact schemes.

The PO DFM addresses these shortcomings by enriching the DFM with a math-

ematically grounded temporal layer and a set of prediction-oriented role bindings.

At its core, the PO DFM introduces a temporal structure centred on an analytical

anchor point and embeds this structure into both single fact schemes and fact con-

stellations. The resulting model supports PO OLAP, temporal slicing, and causal

drill-across queries in a formally disciplined manner.

Formally, the PO DFM operates at two complementary levels:

1. Temporal Structure (Window Model) - a mathematically defined parti-

tion of time into three analytical windows relative to an anchor time t0.

2. Model Specification (PO DFM) - the application of this temporal struc-

ture to:

• a single fact scheme (Single-Fact PO DFM), and

• an interconnected constellation of multiple fact schemes (Constellation

level PO DFM).

Together, these elements form a unified temporal-structural formalism suitable

for prediction-based data warehouse design and automated construction of learning-

ready datasets.

3.6.3.1 The Single-Fact PO DFM

We begin by extending the standard DFM semantics of an individual fact scheme

to include an associated temporal structure. Recall Definition 3.4.2, where a fact
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scheme is represented concisely as f = (H,M). For the purpose of the PO DFM, we

explicitly identify the set of dimensions D derived from the root of the hierarchies

in H.

Definition 3.6.1 (Single-Fact PO DFM). A Prediction-Oriented DFM for a

single fact scheme f is defined as the triple:

M(1)
PO = (f,∆T,Ψf ), where:

• f = (H,M) is the underlying structural fact schema.

• ∆T = (∆tOW,∆tWW,∆tPW) is the temporal configuration vector that induces the

window tuple Ω(t0) relative to an anchor t0.

• Ψf is a set of Temporal Role Bindings. Each binding is a pair:

ψ = (ρ, ω), where:

ρ ∈ {FEATURE, TARGET, CONTEXT} is a semantic role, and ω ∈ Ω(t0) is the

specific temporal window associated with that role.

The bindings in Ψf induce canonical projections of the fact f onto specific time

intervals. Let t(r) denote the value of the temporal dimension attribute for a fact

instance r ∈ f . The projections are defined as:

fFEATURE = SLICE(f, ωOW) = {r ∈ f | t(r) ∈ ωOW}

fTARGET = SLICE(f, ωPW) = {r ∈ f | t(r) ∈ ωPW}

fCONTEXT = SLICE(f, ωOW ∪ ωPW)

This formalism allows a single physical table to play multiple analytical roles

depending on its temporal scope. For instance, a Loan_Fact scheme can serve
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simultaneously as:

• an input (past instalments) when bound to ρ = FEATURE,

• an output (default states) when bound to ρ = TARGET.

Thus, the Single-Fact PO DFM equips individual cubes with intrinsic predictive

semantics, enabling time-aware aggregates, rolling windows, and PO-OLAP trans-

formations without altering the underlying physical schema.

3.6.3.2 The Constellation-Level PO DFM

Predictive analytics often requires the integration of multiple heterogeneous sources

(e.g., credit behaviour, loan performance, and macroeconomic conditions). The

Constellation-Level PO DFM formalizes this integration under a shared temporal

structure.

Definition 3.6.2 (Constellation-Level PO DFM). A prediction-oriented Fact

Constellation is the triple:

MPO = (FC,∆T,ΨFC), where:

• FC is a classical Fact Constellation (Def. 3.4.5) consisting of a set of fact

schemes F = {f1, . . . , fk} interconnected via shared and conformed dimen-

sions.

• ∆T is the global temporal configuration shared across all fact schemes in F .

• ΨFC = ⋃k
i=1 Ψfi

is the collective set of temporal role bindings, assigning each

fact fi ∈ F and its associated temporal attributes to one or more windows

(e.g., TrxDate[OW], LoanDate[PW]), and thereby determining their graphi-
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cal placement and admissible PO OLAP operations (e.g., CreditCard_Fact

bound to ωOW, Loan_Fact bound to ωPW).

The single-fact model M(1)
PO appears as the special case where |F| = 1.

Inter-fact Temporal and Structural Coordination. Facts in the constellation

interact through connecting dimensions. For any two facts fi and fj, the set of valid

drill-across dimensions is simply the intersection of their dimension sets:

Dconnect(fi, fj) = Dim(fi) ∩Dim(fj)

If Dconnect ̸= ∅, the facts are structurally compatible, allowing operations that re-

main semantically coherent and temporally aligned according to the global ∆T .

3.6.3.3 Explicit Predictive Dependencies

Classical constellations capture only structural compatibility (shared dimensions).

The PO DFM additionally models temporal precedence and explicit predictive asso-

ciations between facts.

Definition 3.6.3 (Explicit Link). An Explicit Link is a quadruple:

Λ = (λname, fsource, ftarget, µ), where:

• λname is the unique identifier of the relationship (e.g., predicts_outcome).

• fsource and ftarget are the predictor (feature source) and outcome (target source)

fact schemes, respectively.

• µ is a mapping function that defines instance-level correspondence (e.g., match-

ing CustomerID).
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Crucially, an Explicit Link must satisfy the Temporal Precedence Constraint:

∀(rs, rt) linked by Λ =⇒ t(rs) ∈ ωOW ∧ t(rt) ∈ ωPW.

An explicit link formalizes the directional dependency fsource[ωOW] ⇒ ftarget[ωPW],

establishing that the source fact is strictly historical relative to the target fact.

Example 3.6.1: Financial Constellation

Consider a constellation involving CreditCard_Fact and Loan_Fact. Both

schemes share the Customer dimension.

• Shared dimensions enable contextual alignment:

Dconnect = {Customer, Date}.

This allows queries like ”Compare average spending vs. loan balance for

Customer X in 2023.”

• Explicit Links enable predictive association:

Λrisk = (spending_predicts_default, CreditCard_Fact, Loan_Fact, (CustomerID))

This strictly links past credit behaviour to future loan outcomes for the purpose

of model training.

The resulting predictive query, which constructs a supervised learning dataset,

is formally expressed as:

Dtrain = σωPW(Loan_Fact) ./Λ γaggregates (σωOW(CreditCard_Fact)) , where:

./Λ represents the join constrained by the explicit link mapping and the temporal

precedence defined by the windows.
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The PO DFM enables two complementary analytical perspectives within the

same data warehouse environment:

1. A single fact scheme is logically partitioned into window-specific slices. This

supports the generation of rolling-window features (e.g., ”avg spend last 3

months”) under the specified window constraints, without physical data du-

plication.

2. Multiple facts interact through shared dimensions and explicit predictive links.

This supports predictive drill-across, directed predictive dependencies between

fact schemes, and the automatic construction of ABTs for prediction-oriented

analytics.

Beyond fact schemes and shared dimensions, the Constellation-Level PO DFM

supports additional formal constructs that admit a direct graphical representation

in the PO DFM notation.

• Temporal Bands. The global temporal configuration ∆T is rendered as

three horizontally ordered analytical bands corresponding to ωOW, ωWW, and ωPW.

These bands visually encode temporal precedence and constrain admissible

analytical flows across the constellation.

• Explicit Predictive Links. Each Explicit Link Λ is rendered as a directed

connector from fsource to ftarget, spanning the OW and PW bands. The arrow

direction encodes predictive causality fsource[ωOW] ⇒ ftarget[ωPW] and enforces

the Temporal Precedence Constraint.

• Role-Annotated Temporal Dimensions. Temporal dimensions partici-

pating in window definitions are annotated with explicit roles (e.g., TrxDate[OW],
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LoanDate[PW]). This representation makes visible that different temporal at-

tributes or different semantic roles of the same calendar dimension, govern

window membership for different facts.

• Contextual Dimensions Across Windows. Contextual dimensions (e.g.,

Economic_Indicators) are shown as spanning multiple temporal bands with-

out directional arrows. This visually distinguishes exogenous, non-behavioural

enrichment from predictive dependencies.

• Window-Specific Fact Participation. Fact schemes are rendered with

band-specific placement and border styles, reflecting their temporal binding

function ΨFC and making explicit whether a fact contributes features, out-

comes, or neither within a given window.

Thus, the PO DFM unifies structural multidimensional modelling with temporal

semantics and predictive dependencies, forming a rigorous foundation for time-aware

analytical data engineering.
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3.7 Implementation and Empirical Validation of

the PO Framework

This section presents the implementation and empirical validation of the Prediction-

Oriented Framework at the level required to demonstrate implementability, repro-

ducibility, and temporal correctness. Detailed Python and SQL source listings,

package structures, execution procedures, and extended testing material are pro-

vided in Appendix B. The present section focuses on the mapping from the con-

ceptual specification to executable artefacts, the two implementation paths, the

validation protocol, and the evidence obtained in the evaluated configurations.

The Python and SQL implementations are not independent research contribu-

tions. They are complementary realizations of the same conceptual and formal

specification. The Python realization supports modular and exploratory analyti-

cal workflows, whereas the SQL realization demonstrates that the same temporal

semantics can be expressed using relational and data-warehouse operations.

3.7.1 Mapping Conceptual Constructs to Executable Arte-

facts

Implementing the PO Framework requires adapting the conceptual structures intro-

duced in Section 3.6 into executable logical schemas and physical processes.

While the PO DFM specifies the analytical semantics, such as fact schemes,

temporal bindings ψ(fi) ∈ {OW, WW, PW, CONTEXT}, and temporal parameters ∆T =

(∆tOW ,∆tW W ,∆tP W ), predictive dependencies and window assignments - the tech-

nological implementations (Python-based and SQL-based) operationalize these se-

mantics within concrete data processing environments.
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Role of the Conceptual Model. The PO DFM constellation serves as the au-

thoritative specification of the analytical environment. It defines:

• the facts participating in the predictive workflow,

• the dimensions that provide conformed analytical context,

• the temporal roles assigned to each fact through the binding function ψ(fi),

• and the predictive dependencies connecting OW and PW fact schemes.

This conceptual representation is implementation-agnostic: it specifies what analytic

objects exist and how they relate, but not how they are technically executed.

The PO Framework implementation follows a layered architecture that separates

conceptual modelling from technological implementation while maintaining strict

adherence to temporal semantics. Figure 3.13 illustrates the foundational three-

window structure that governs both implementation approaches.

Transition to Logical Modelling. The logical modelling layer translates the

PO DFM into functional data-processing abstractions. This layer differs for each

implementation:

• In the Python implementation, the logical layer is expressed through

reusable classes and functions (e.g., WindowConfig, WindowExtractor, feature

modules, ABT builders). These abstractions mirror the conceptual constructs-

windowed facts, temporal precedence, and feature/label separation-while en-

abling programmatic composition of analytical workflows.

• In the SQL implementation, the logical layer is realized through relational

schemas, temporal views (e.g., Fact_OW, Fact_PW), and procedural templates

for PO OLAP operations such as SLICE, AGGREGATE, and JOIN(OW,PW). This
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provides a declarative execution environment grounded in the temporal se-

mantics of the PO Framework.

At this level, the three-window temporal structure becomes explicit: each fact

scheme is exposed through a suite of window-specific logical views, and each ana-

lytical transformation is mapped to a corresponding temporal operation.

Transition to Physical Implementation. The physical layer instantiates the

logical design within concrete technological environments, translating conceptual

PO DFM constructs and PO OLAP operations into executable data processing

artefacts:

• Python Physical Model: In-memory dataframes with explicit temporal in-

dexing, vectorized feature computation over Observation and Prediction Win-

dows, and seamless integration with visualization and machine learning li-

braries. Physical persistence is achieved through serialized Analytical Base

Tables (e.g., Parquet files) and derived analytical outputs such as plots and

reports.

• SQL Physical Model: Relational implementations based on materialized

views or partitioned tables corresponding to the OW, WW, and PW windows;

indexing strategies over (CustomerID, Date); and optimized execution plans

supporting Prediction-Oriented OLAP operations such as window-restricted

aggregation, temporal joins, and target labelling.

Both implementations were designed to operationalize the same temporal se-

mantics, and the reported case-study configurations were checked against the same

window and precedence constraints.

CreditCard_Fact[OW] ⇒ Loan_Fact[PW]

159



CHAPTER 3

Purpose of Dual Implementations. Providing both a Python and an SQL

implementation serves two complementary goals:

1. Analytical Flexibility: Python supports exploratory, iterative, and ma-

chine learning-driven workflows, enabling advanced feature engineering and

automated figure production.

2. Operational Integration: SQL supports enterprise data warehouse envi-

ronments and BI reporting, leveraging existing infrastructure and ensuring

reproducibility through declarative temporal views.

Despite differences in technology, both implementations operationalize the same

conceptual model and produced consistent outputs for the reported case-study con-

figurations and the outputs that were explicitly compared. Each implementation

thus represents an instantiation of the PO DFM in a distinct physical ecosystem,

demonstrating the framework’s generality, portability, and methodological rigour.

All the code and relevant files, as well as instructions to execution can be found in

the dedicated repository.

3.7.2 Python Realization

The Python realization follows a modular pipeline that mirrors the conceptual struc-

ture of the PO Framework. A temporal configuration defines the anchor point and

the three window lengths. Window-specific extraction then separates the records

admissible for feature generation from those used for outcome labelling. Feature

modules generate behavioural and contextual indicators from OW data, while tar-

get variables are derived exclusively from PW data. The two components are joined

at the analytical grain to construct the ABT, after which the temporal validator

checks window membership, precedence, separation, and basic data-quality condi-

tions.
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The Python implementation follows a layered architecture that separates con-

cerns while maintaining cohesive integration. Figure 3.12 illustrates the architec-

tural components and their interactions. The architecture clearly separates data

management, temporal constraint enforcement, feature engineering, and user in-

terfaces, while ensuring that strict temporal ordering is preserved throughout the

pipeline. It supports both interactive analysis through Jupyter notebooks and auto-

mated execution via stand-alone scripts, with comprehensive figure generation and

validation reporting integrated at each layer.

Figure 3.13: Three-Window Temporal Framework Structure

The core of the framework is built around an explicit partitioning of time into

three non-overlapping analytical windows (Figure 3.13): the Observation Window

(OW, 180 days), used for historical feature generation; the Waiting Window (WW,

30 days), which introduces a temporal separation buffer; and the Prediction Window

(PW, 90 days), used for outcome observation. All windows are defined relative to a

single anchor point t0 (2024-01-01), which represents the conceptual present of the

analysis. This design enforces strict temporal precedence, ensuring that all features

are computed exclusively from past data relative to t0, while all labels are derived

from subsequent observations. By construction, the windows do not overlap.
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The detailed package tree, API examples, notebook workflow, executable listings,

and generated diagnostic figures are reported in Appendix B.1.

Python Implementation on Credit Risk Case Study

The Python implementation is validated through a comprehensive test using the

po_framework_analysis.py script, which demonstrates the complete analytical

workflow from data generation to figure creation. The test configuration employs

the following parameters:

• Customer Base: 10,000 customers with diverse risk profiles;

• Temporal Coverage: January 1, 2022 to June 1, 2025 (3.5 years);

• Anchor Point: t0 = January 1, 2024;

• Window Configuration: OW = 180 days, WW = 30 days, PW = 90 days;

• Random Seed: 100 (for reproducible results).

The script generates realistic financial data with the following characteristics:

• Credit Card Transactions: Approximately 306,737 transactions distributed

across the temporal range with risk-based patterns;

• Loan Instalments: Approximately 152,493 loan records with status patterns

reflecting customer risk categories;

• Economic Indicators: 24 contextual records across four regions and six time

periods;

• Customer Demographics: Balanced distribution across regions (North, South,

East, West) and risk categories (Low, Medium, High).

163



CHAPTER 3

After applying the window configuration, the test yields:

• OW Records: 44,335 credit card transactions for feature generation;

• PW Records: 12,000 loan instalments for label generation;

• Active Customers: 9,802 customers with OW activity, 8,757 with PW out-

comes;

• Final ABT : 9,802 rows × 75 columns (55 features + metadata + labels).

This comprehensive test configuration demonstrates the framework’s scalability

and validates its temporal correctness across a substantial dataset that approximates

real-world analytical scenarios.

Figure 3.14 demonstrates the temporal data distribution across the three win-

dows, confirming proper segmentation and the absence of temporal overlap that

could compromise analytical validity. The figure presents four complementary views

of temporal data distribution: (a) daily transaction volume over time with window

boundaries highlighted in blue (OW), gray (WW), and red (PW), showing clear

temporal separation; (b) transaction counts by window, with 44,335 records in OW,

7,373 in WW, and 12,000 in PW; (c) cumulative transaction growth demonstrating

data accumulation patterns; and (d) active customers by window, with 9,802 unique

customers in OW and 8,757 in PW. The visualization confirms proper temporal seg-

mentation with no overlap between windows.

The Python implementation constructs multidimensional data cubes for both

OW and PW data, enabling OLAP-style analysis within the temporal framework.

The OW data cube organizes historical behavioural data across Time (monthly

granularity) and Region dimensions, facilitating drill-down and roll-up operations

for feature generation.

164



CHAPTER 3

Figure 3.14: Transaction Distribution Across Temporal Windows

The OW data is organized as a multidimensional cube (Figure 3.15), enabling

OLAP-style aggregation across Time and Region dimensions for comprehensive be-

havioural pattern analysis. The OW data is organized as a multidimensional cube

with Time (monthly granularity) and Region dimensions, comprising 24 cells. The

figure shows (a) total spending by region and month as a heatmap, revealing tem-

poral and spatial spending patterns; (b) monthly transaction volume across the

six-month OW period; (c) average transaction amount by region, showing regional

behavioural differences; and (d) active customers by region, indicating customer

distribution. This cube structure enables OLAP-style drill-down, roll-up, and slice

operations for feature generation, demonstrating how the framework integrates mul-

tidimensional modelling with temporal analytics.

Similarly, the PW data cube captures future outcomes across the same dimen-
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Figure 3.15: Observation Window Multidimensional Data Cube Analysis

sional structure, maintaining temporal separation while enabling outcome analysis.

Figure 3.16 illustrates the PW data cube structure, showing the distribution of

outcomes across temporal and spatial dimensions. The PW data is organized as

a multidimensional cube with Time (monthly granularity) and Region dimensions,

comprising 16 cells. The figure shows (a) payment rate by region and month as a

heatmap, with values ranging from 69% to 99%, indicating varying payment perfor-

mance; (b) monthly default events, showing temporal concentration of defaults; (c)

payment performance comparison between amounts due and paid by region; and (d)

default events by region, revealing spatial patterns in credit risk. This cube struc-

ture captures future outcomes used for label generation, maintaining strict temporal

separation from the OW through the intervening WW.

For procedural pipelines, Python provides an expressive and reproducible im-

166



CHAPTER 3

Figure 3.16: Prediction Window Multidimensional Data Cube Analysis

plementation of the Prediction-Oriented Framework. Window extraction is imple-

mented through reusable functions that mirror the semantics of window-specific SQL

views, enabling consistent behaviour across execution environments.

Data extraction and ABT construction can be implemented in Python with a

small set of reusable components that mirror the Prediction-Oriented OLAP oper-

ators. A centralized WindowConfig specifies the anchor time t0 and the lengths of

the Observation, Waiting, and Prediction Windows, and validates basic constraints.

Based on this configuration, WindowExtractor operationalizes SLICE by producing

OW and PW subsets with explicit temporal predicates and traceability metadata.

Feature engineering applies AGGREGATE to OW data through modular feature

groups (e.g., simple aggregations, recency/frequency, trends, and advanced window-

ing), while LabelGenerator derives targets exclusively from PW data, ensuring
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temporal precedence. ABTBuilder composes extraction, feature computation, and

labelling and performs the required joins to produce a reproducible Analytical Base

Table (ABT). For backtesting, the same pipeline is executed over a sequence of

anchor points to generate rolling ABTs.

The implementation is designed to enforce (i) temporal precedence, (ii) isolation

of windows, (iii) reproducibility as a function of (t0,∆T ), and (iv) generality across

fact tables and domains. The corresponding code listings, parameter examples, and

the full temporal validation procedure are reported in Appendix B.1.

Figure 3.17: Distribution of Key Engineered Features

Figure 3.17 presents the distribution of key engineered features, revealing statis-

tical properties that inform feature scaling and transformation decisions in down-

stream predictive modelling. The figure shows histograms for six representative

features from the 10, 000 customer test: total transactions (mean = 4.52), total

spending (mean = 1, 241.80), average credit utilization (mean = 0.84), missed pay-
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ments count (mean = 2.46), days since last transaction, and spending momentum

ratio. Mean values are indicated by red dashed lines and median values by green

dashed lines. The distributions reveal right-skewed patterns typical of financial be-

havioural data, with most customers exhibiting moderate activity levels and a tail

of high-activity customers. These statistical properties inform feature scaling and

transformation decisions in downstream predictive modelling.

Figure 3.18: Feature-Target Correlation Analysis

The predictive relationships are quantified in Figure 3.18, which Pearson corre-

lation coefficients between six key features and the binary default target variable

(has_defaulted). Negative correlations (red bars) indicate features inversely re-

lated to default risk: average credit utilization (−0.155), missed payments count

(−0.118), spending momentum ratio (−0.089), total spending (−0.064), and total
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transactions (−0.045). While correlations are modest in magnitude, they reveal

measurable linear relationships between historical behavioural patterns captured in

the OW and future default outcomes observed in the PW. These relationships val-

idate the framework’s ability to identify predictive dependencies through temporal

structuring, though non-linear relationships may be stronger and require advanced

modelling techniques.

The constructed Analytical Base Table (ABT) can be used directly in standard

machine learning frameworks. Because it is flat and entity-centric, with features and

targets clearly separated, it integrates with libraries such as scikit-learn without ex-

tra temporal logic. All temporal constraints are handled during ABT construction,

so downstream models operate on a time-consistent dataset without reasoning about

window boundaries or record ordering (see Appendix B.1). The framework supports

exporting the ABT and metadata to common formats for BI tools, batch ML work-

flows, and storage systems.

The Python implementation demonstrates:

• Modularity: Each component is independent and reusable;

• Flexibility: Easy to extend with new feature types;

• Usability: Simple API with clear documentation;

• Validation: Comprehensive temporal constraint checking;

• Integration: Seamless connection to ML frameworks;

• Performance: Efficient processing for typical analytical workloads.
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3.7.3 SQL Realization: Database-Centric Approach

The SQL realization provides a database-native implementation of the same Prediction-

Oriented semantics used by the Python workflow. It is intended for analytical

environments in which temporal filtering, feature engineering, target construction,

and validation are executed close to data stored in a relational database or data

warehouse. The implementation was developed and tested in DuckDB and uses

configuration metadata, window-specific views, modular feature views, a Prediction-

Window label view, an Analytical Base Table (ABT) view, and explicit validation

queries.

The SQL realization maps the conceptual constructs introduced in Sections 3.5.1

and 3.5.4 to relational artefacts. The temporal configuration (t0,∆tOW ,∆tW W ,∆tP W )

is stored in a dedicated configuration relation. Observation- and Prediction-Window

views implement the temporal bindings of the participating fact schemes. Feature

views apply aggregations exclusively to OW data, while target views derive labels

from PW data. The resulting relations are joined at the analytical grain to construct

the ABT, after which dedicated queries evaluate window membership and temporal

precedence.

The canonical execution sequence is:

SLICE(OW) → AGGREGATE → LABEL(PW) → JOIN(OW,PW) → VALIDATE.

This sequence expresses temporal direction explicitly: OW-derived features pre-

cede PW-defined outcomes, while the WW remains outside both feature and target

construction. It represents a directed predictive dependency rather than a causal

claim.

Figure 3.19 separates source data and temporal configuration from window-

specific views, modular feature and label construction, ABT assembly, validation,
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and downstream analytical outputs. The architecture is deliberately metadata-

driven: changing an analytical anchor or a window duration does not require rewrit-

ing the conceptual operator sequence. Complete table definitions, view defini-

tions, feature queries, rolling-anchor configurations, compatibility notes, and testing

scripts are provided in Appendix B.2.

The SQL realization was evaluated through a controlled credit-risk workflow

executed in DuckDB through DBeaver. The test environment contained 100 cus-

tomers, approximately 4,000 credit-card transactions, 720 loan instalments, and 24

economic-indicator records. Three scripts created the schema, generated the test

data, and executed seven checks covering temporal configuration, window-specific

views, feature generation, target construction, ABT assembly, temporal precedence,

and inspection of representative output records. The complete scripts and the test-

by-test procedure are reported in Appendix B.2.

The compact three-customer example first demonstrates the correspondence be-

tween the conceptual operator chain and the generated analytical dataset. Fig-

ure 3.20 shows OW-derived behavioural indicators and a PW-derived default label

for the motivating case. Customer C789 has the highest utilization ratio in the ex-

ample, two missed payments, and a default observed in the PW. Customer C123 has

two missed payments but no PW default, whereas C456 provides a low-utilization,

no-default reference case. These records illustrate the structure of the ABT; they

do not constitute a predictive-performance evaluation.

The larger controlled workflow verifies the same sequence at database level. Fig-

ure 3.21 reports the window-view statistics. The OW view contains 1,310 records

covering all 100 customers, with observed dates from 5 July 2023 to 31 December

2023. The PW view contains 124 records for 79 customers, with observed dates

from 25 February 2024 to 25 April 2024. These ranges fall within the configured

temporal intervals and remain separated by the waiting period.
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Figure 3.20: Illustrative SQL-generated Analytical Base Table for the three-customer
default-risk example.

The feature view computes eight customer-level behavioural measures from OW

data: transaction count, total and average spending, spending variability, average

and maximum credit utilization, missed-payment count, and average payment ra-

tio. Figure 3.22 shows representative customers ordered by missed payments and

spending. The output demonstrates that the AGGREGATE stage produces one feature

record per customer without drawing records from the PW.

Target construction is performed independently on PW data. As shown in Fig-

ure 3.23, 79 customers have loan activity in the PW, 12 of whom exhibit at least

one default event, corresponding to an observed default rate of 15.19% in that PW-

active subset. The SQL view also derives a broader payment-issue indicator, total

default amount, and delayed-payment count; their complete definitions are given in

Appendix B.2.

Figure 3.24 reports the ABT construction statistics. The final view contains 100

customer rows and non-null feature and label fields for all rows under the implemen-

tation’s join and default-value convention. Only 79 customers have observed PW

loan activity; therefore, the reported completeness reflects the rule that an absent
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Figure 3.21: Record coverage of the Observation- and Prediction-Window SQL views.

PW default event is encoded as zero. It should not be interpreted as evidence that

an outcome was directly observed for every customer.

The final validation queries test two core temporal constraints: whether any OW

record occurs on or after the analytical anchor and whether any PW record occurs

before the end of the waiting period. Figure 3.25 shows zero violations for both

checks. This result provides implementation evidence that the specified predicates

were enforced for the evaluated data; it does not establish the absence of every

possible source of information leakage in downstream modelling.

Figure 3.26 provides a record-level inspection of the generated ABT. Historical

transaction activity, spending, utilization, and missed-payment features are shown

together with the future default label. The sample illustrates the final analytical

grain and confirms that the output can be inspected and audited using standard
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Figure 3.22: Representative customer-level features generated exclusively from
Observation-Window data.

database tools.

Taken together, the SQL results show that the formal temporal semantics can

be expressed using database-native operations, that feature and target relations can

be assembled into an auditable ABT, and that selected temporal constraints can

be checked automatically. The evidence concerns implementability and temporal

correctness for the reported configuration. It does not establish predictive-model

accuracy, superiority over alternative data-preparation methods, universal leakage

prevention, or performance portability across arbitrary database platforms. De-

tailed SQL listings, compatibility notes, DBeaver procedures, and the additional

configuration and implementation screenshots are retained in Appendix B.2.
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Figure 3.23: Prediction-Window label-generation summary for the controlled SQL test
dataset.

Table 3.9: Summary of the SQL implementation evidence.

Evaluated component Observed result

Temporal views OW: 1,310 records for 100 customers; PW: 124 records for
79 customers; the observed date ranges satisfy the config-
ured window predicates.

Feature construction Eight behavioural measures were generated at customer
grain from OW data.

Target construction 79 customers had PW loan activity; 12 had at least one
default event; observed default rate 15.19%.

ABT assembly 100 customer rows were materialized; non-null labels for
customers without PW default events result from the im-
plementation’s zero-default convention.

Temporal validation Zero OW-membership violations and zero PW-precedence
violations were reported by the two implemented checks.
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Figure 3.24: Analytical Base Table construction statistics for the controlled SQL
workflow.
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Figure 3.25: Results of the SQL temporal-membership and precedence checks.

Figure 3.26: Representative records from the SQL-generated Analytical Base Table.
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3.8 Conclusion

This chapter introduced a Prediction-Oriented Framework for multidimensional data

analysis, addressing fundamental limitations of traditional multidimensional mod-

els when applied to predictive tasks. While conventional OLAP and dimensional

modelling techniques are highly effective for descriptive and historical analysis, they

lack explicit mechanisms for structuring data according to the temporal semantics

required for prediction-oriented reasoning. This chapter demonstrated that such

limitations can be systematically overcome through conceptual modelling, without

relying on full-scale machine learning pipelines.

The core contribution of the chapter is the formalization of a three-window

temporal framework, consisting of the Observation Window, the Waiting Window,

and the Prediction Window. By explicitly distinguishing these temporal roles, the

framework enables a clear separation between historical data used for feature gen-

eration, latency periods required for outcome maturation, and future intervals in

which predictive targets are defined and evaluated. This explicit temporal structur-

ing provides a principled foundation for prediction-oriented analysis that is absent

in traditional multidimensional models.

Building on this temporal foundation, the chapter extended the Dimensional

Fact Model to support prediction-oriented use cases. Enhancements include the

representation of temporally evolving attributes, the modelling of inter-schema rela-

tionships through fact constellations, and the explicit encoding of predictive depen-

dencies. These extensions preserve compatibility with established multidimensional

modelling principles while significantly expanding their analytical expressiveness.

The resulting Prediction-Oriented Dimensional Fact Model provides both graphical

and formal representations, ensuring conceptual clarity and analytical rigor.

In addition to its theoretical contributions, the chapter demonstrated the practi-
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cal applicability of the proposed framework through concrete implementations and

empirical validation. The realization of Prediction-Oriented OLAP operators and

the systematic construction of Analytical Base Tables illustrate how the framework

can be operationalized using widely adopted technologies, including Python-based

analytical environments and relational database systems. Both implementation

paths support the end-to-end workflow of PO analysis, from data preparation and

temporal structuring to feature extraction and target definition. The framework

is further validated through the generation of dedicated datasets designed to test

different temporal configurations, window dynamics, and prediction-oriented scenar-

ios. These datasets enable controlled experimentation and facilitate reproducibility

of results. Extensive testing procedures were conducted to verify the correctness

of temporal window definitions, the consistency of derived features, and the in-

tegrity of prediction targets across both Python and SQL implementations. The

presented case studies, particularly in the context of credit risk analysis, show that

prediction-oriented analytical datasets and descriptive patterns can be produced us-

ing standard analytical tools, even in environments where the adoption of machine

learning techniques is constrained.

Overall, this chapter establishes conceptual modelling as a powerful enabler for

prediction-oriented analytics in multidimensional data environments. By making

temporal assumptions and analytical intent explicit, the proposed framework bridges

the gap between descriptive data infrastructures and predictive analytical needs.

The concepts and mechanisms introduced here complement the log data modelling

approach presented in the previous chapter, reinforcing the overarching thesis that

explicit conceptual and temporal modelling is essential for advanced data analysis

in complex, real-world settings.
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Conclusions

This thesis investigated how conceptual modelling can be extended to support ad-

vanced data analytics in environments characterized by structural heterogeneity, se-

mantic ambiguity, and complex temporal relationships. The research addressed two

complementary problems. The first concerns the explicit representation of hetero-

geneous system event logs, whose structures and semantics are frequently implicit,

inconsistent, or dependent on specific technological formats. The second concerns

the conceptual organization of multidimensional data for prediction-oriented analy-

sis, where historical observations, data-availability delays, and future outcomes must

be represented as distinct temporal roles.

The central argument developed throughout the thesis is that analytical ca-

pability depends not only on storage technologies, query languages, or predictive

algorithms, but also on the explicit representation of the assumptions on which an

analysis is based. These assumptions include the structure and meaning of data ele-

ments, the relationships among heterogeneous sources, the analytical grain at which

facts are integrated, and the temporal conditions under which information becomes

available. When such assumptions remain implicit, log data become difficult to in-

terpret and integrate, while prediction-oriented datasets may inadvertently combine
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information belonging to incompatible temporal stages.

The two contributions of the thesis address these problems at the conceptual

modelling level. Although they concern different analytical settings, they share a

common research principle: structural, semantic, and temporal assumptions should

be represented explicitly before analytical operations are defined or executed. The

first contribution applies this principle to heterogeneous log data; the second applies

it to multidimensional data prepared for prediction-oriented analysis.

4.1 Synthesis of the Thesis

The first part of the thesis developed a conceptual modelling approach for system

event logs. The proposed approach extends UML class-diagram constructs with

log-specific stereotypes, field-set representations, nesting relationships, controlled

values, semantic dependencies, and explicit distinctions among standard, extended,

and custom fields. The Elastic Common Schema provides a shared vocabulary and

structural reference, while custom extensions allow the model to represent domain-

specific requirements that are not covered by the standard schema.

A central element of this contribution is the bidirectional relationship between

the UML representation and JSON-based log structures. In a top-down modelling

process, the conceptual model can be used to specify the intended structure of log

records before their implementation. In a bottom-up process, existing JSON or

JSONL logs can be abstracted into a UML representation that makes their fields,

nesting structures, and dependencies easier to inspect and document. The accom-

panying StarUML extension provides implementation support for these transforma-

tions and for selected structural validation operations against ECS definitions.

The contribution of this part of the thesis is therefore not a new process-mining

algorithm or a complete log-management platform. It is a conceptual and model-
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driven layer for representing the structure and semantics of heterogeneous event

data. This layer can support subsequent integration, governance, documentation,

and analytical processing by making assumptions that would otherwise remain em-

bedded in source formats or application-specific code explicit and inspectable.

The second part of the thesis developed the Prediction-Oriented Framework

for multidimensional data analysis. The framework addresses the limitations of

traditional multidimensional models when data are prepared for analytical tasks in

which historical information is related to future outcomes. Its principal innovation

is the explicit representation of three temporal roles: the Observation Window, the

Waiting Window, and the Prediction Window. The Observation Window contains

information admissible for feature construction; the Waiting Window represents

latency, outcome maturation, or periods during which information must not be

used; and the Prediction Window contains the future events or states used to define

analytical outcomes.

These temporal roles are integrated into the multidimensional conceptual model

through temporal bindings, explicit predictive dependencies, and Prediction-Oriented

OLAP operators. The Prediction-Oriented Dimensional Fact Model extends the tra-

ditional DFM by making the temporal function of facts and dimensions visible at

the schema level. This enables the analyst to specify not only which facts and di-

mensions participate in an analysis, but also when their information is admissible

and how facts associated with different temporal roles may be combined.

The Python and SQL realizations demonstrate that the framework can be opera-

tionalized in both programmatic and database-centric analytical environments. The

implementations construct Analytical Base Tables from window-specific data, gener-

ate features and target variables, and execute validation checks concerning temporal

membership and precedence. Their role is to provide evidence of implementability,

reproducibility, and temporal correctness for the evaluated configurations. They are
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not presented as independent scientific contributions or as comparative evaluations

of predictive algorithms.

4.2 Main Scientific Contributions

Table 4.1 summarizes the research problems, scientific artefacts, supporting evi-

dence, and scope of the two principal contributions.

Table 4.1: Summary of the thesis contributions and supporting evidence.

Research
problem

Scientific artefact Supporting evi-
dence

Scope

Heterogeneous
and semanti-
cally implicit
system event
logs

UML-based concep-
tual model for log
data, UML–JSON
mappings, ECS-
aligned constructs,
custom extensions,
and modelling-tool
support

Metamodel defi-
nition, graphical
notation, top-down
and bottom-up case
studies, bidirectional
transformations, and
prototype implemen-
tation

Representation,
documentation, and
structural validation
of log data; not
process discovery,
conformance check-
ing, or complete
process-semantic
modelling

Implicit tempo-
ral assumptions
in prediction-
oriented mul-
tidimensional
analysis

Three-window
Prediction-Oriented
Framework,
Prediction-Oriented
OLAP operators,
explicit temporal
bindings and de-
pendencies, and PO
DFM

Formal definitions,
credit-risk scenario,
Python and SQL
realizations, ABT
construction, and
temporal-validation
tests

Conceptual and
operational support
for temporally valid
data construction;
not evidence of
superior predictive
accuracy or univer-
sal scalability

The first contribution provides a formal abstraction for log data that is inde-

pendent of a particular logging technology while remaining compatible with widely

adopted structured representations. Its scientific value lies in defining a modelling

vocabulary through which heterogeneous log structures can be described, compared,

validated, and transformed. The accompanying tool shows that the proposed map-
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ping rules and structural constraints can be implemented within an existing UML

modelling environment.

The second contribution provides a formal abstraction for the temporal orga-

nization of prediction-oriented multidimensional data. Its scientific value lies in

integrating temporal roles and predictive dependencies directly into the concep-

tual model, rather than treating temporal separation as an implementation-specific

convention expressed only through individual SQL predicates or data-preparation

scripts. The framework makes the conditions under which features and outcomes

are constructed visible, reviewable, and reproducible.

Taken together, the two contributions establish a progression from the repre-

sentation of heterogeneous event data to the construction of temporally structured

analytical datasets. This progression should not be interpreted as a fully imple-

mented end-to-end pipeline in which the Chapter 2 artefact automatically produces

the Chapter 3 analytical structures. Rather, the contributions are connected by a

shared conceptual principle: data structure, semantics, and temporal intent should

be made explicit before downstream analytical methods are applied.

4.3 Evaluation and Scope of the Evidence

The thesis follows a design-science perspective in which scientific contributions are

expressed through artefacts and evaluated through a combination of formal defini-

tion, implementation, and case-based analysis. The evaluation evidence therefore

operates at several levels.

At the conceptual level, the thesis defines the constructs, relationships, and

constraints required to represent the two problem domains. For log modelling, this

includes the metamodel, stereotypes, field sets, nesting mechanisms, enumerations,

dependencies, and UML-JSON mappings. For prediction-oriented multidimensional
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modelling, it includes the three-window temporal structure, fact bindings, predictive

dependencies, PO OLAP operators, and the PO DFM.

At the implementation level, the StarUML extension demonstrates that the log

modelling constructs and transformations can be operationalized. Similarly, the

Python and SQL implementations demonstrate that the temporal semantics of the

PO Framework can be translated into executable data-processing artefacts. These

implementations show that Observation-Window features, Prediction-Window la-

bels, and Analytical Base Tables can be generated while checking selected temporal

constraints.

At the empirical level, the case studies illustrate the applicability of the pro-

posed artefacts to representative analytical settings. The log-modelling examples

examine heterogeneous structures in financial and network-oriented contexts. The

PO Framework is evaluated primarily through a credit-risk scenario in which trans-

actional, repayment, customer, and contextual data are combined under explicit

temporal conditions.

The evidence supports the feasibility and internal consistency of the proposed

modelling approaches within the examined settings. It does not establish that the

artefacts are optimal for every domain, that every possible semantic constraint can

be represented, or that downstream predictive models will necessarily achieve higher

accuracy. In particular, the PO Framework is a conceptual and data-preparation

framework rather than a predictive algorithm. Its contribution concerns the con-

struction and validation of temporally structured analytical data, not the selection

or comparative evaluation of a machine-learning model.

The expanded state-of-the-art analysis positions the contributions of this thesis

as complementary to process mining and predictive process monitoring. Process

mining is primarily concerned with the discovery, conformance, and enhancement

of business processes using event traces. Predictive process monitoring extends

187



CHAPTER 4

this perspective by applying statistical or machine-learning methods to complete

historical traces and prefixes of running cases in order to predict future activities,

outcomes, or performance indicators.

The log conceptual model developed in this thesis addresses an upstream prob-

lem. It provides mechanisms for making event structures, identifiers, timestamps,

vocabularies, nesting relationships, and contextual information explicit before process-

aware analytical techniques are applied. It does not discover a process model, iden-

tify process variants, or perform conformance checking.

The Prediction-Oriented Framework addresses a different but related layer. Rather

than representing a running case as a trace prefix, it represents multidimensional

facts, dimensions, analytical anchors, and window-specific roles. Its objective is to

specify how historical observations, latency periods, and future outcomes should

be separated and combined when constructing an analytical dataset. It therefore

focuses on data organization and temporal validity rather than on the predictive

algorithm itself.

The relationship among these areas is therefore complementary. Process-mining

and predictive-monitoring methods may consume event data whose structure and

semantics have been documented through the Chapter 2 model. Prediction-oriented

or machine-learning workflows may consume Analytical Base Tables constructed

according to the Chapter 3 framework. The evaluation of a fully integrated pipeline

combining these artefacts remains a direction for future research.

4.4 Limitations

Several limitations delimit the claims that can be made from the research presented

in this thesis.

First, the log conceptual model focuses principally on the representation of log
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structure and selected semantic relationships. Although the proposed notation can

represent identifiers, contextual attributes, field dependencies, and controlled values,

it does not provide a complete formalization of business process behaviour. Process

states, control-flow semantics, concurrency, compensation, and lifecycle constraints

would require integration with process-aware modelling languages or process-mining

techniques.

Second, the evaluation of the log-modelling approach is based on a limited num-

ber of representative case studies and on a research prototype. These examples

demonstrate expressiveness and implementation feasibility, but broader evaluation

across additional organizations, logging frameworks, and industrial domains would

be required to establish general applicability. Structural validation against ECS

also does not guarantee that a log design is semantically complete or operationally

appropriate for every analytical purpose.

Third, the PO Framework is evaluated primarily through the credit-risk scenario

and controlled or generated datasets. Although the formal definitions are domain-

independent, additional empirical evaluation is needed in domains with different

temporal characteristics, such as healthcare, telecommunications, manufacturing,

cybersecurity, and customer-behaviour analysis.

Fourth, the implementation experiments evaluate data construction and tem-

poral constraint enforcement rather than predictive-model performance. The thesis

does not compare alternative classifiers, evaluate calibration, optimize hyperparame-

ters, or establish that the proposed framework improves predictive accuracy relative

to other data-preparation approaches. Such questions concern the downstream an-

alytical lifecycle and require separate experimental designs.

Fifth, the reported implementation performance is specific to the evaluated con-

figurations and technologies. The experiments do not constitute a general scala-

bility guarantee for distributed, streaming, or continuously evolving industrial en-
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vironments. Platform-specific behaviour, indexing strategies, query optimization,

memory requirements, and data distribution would need to be examined before op-

erational deployment.

Finally, the three-window structure represents temporal precedence through a

single analytical anchor and explicitly separated intervals. Real information systems

may involve late-arriving events, corrections, multiple clocks, transaction time, valid

time, processing time, changing outcome definitions, and incomplete future observa-

tions. These issues require richer temporal and provenance mechanisms than those

included in the current framework.

4.5 Future Research Directions

The limitations identified above define several directions for future research.

A first direction concerns tighter integration between the conceptual log model

and process-mining environments. The model could be extended with explicit map-

pings to process cases, activities, lifecycle transitions, business objects, and process-

instance identifiers. Such mappings would make it possible to investigate whether

conceptual validation of log structures improves event correlation, process discovery,

or conformance analysis.

A second direction is the integration of the PO Framework with predictive pro-

cess monitoring. This would require mapping process prefixes, case attributes, and

future process outcomes to fact schemes and temporal roles. The resulting research

could examine how explicit Observation, Waiting, and Prediction Windows affect

prefix construction, target definition, evaluation protocols, and information leakage.

A third direction concerns object-centric event data. Many operational processes

involve several interacting business objects rather than a single case identifier. Fact

constellations and explicit predictive dependencies provide a possible starting point
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for relating object-centric event structures to multidimensional analytical models.

A fourth direction is broader empirical evaluation. The proposed artefacts should

be applied to real-world datasets from multiple domains and compared with alter-

native modelling and data-preparation approaches. For the PO Framework, such

evaluation should consider not only the correctness of ABT construction, but also the

downstream effects of different temporal configurations on predictive performance,

stability, calibration, and decision quality.

A fifth direction concerns richer temporal and provenance semantics. Future

extensions could distinguish event time, processing time, valid time, and transaction

time; represent corrections and late-arriving events; and record the provenance of

individual features and labels. These capabilities would be particularly important

in regulated and auditable analytical environments.

A sixth direction concerns model-driven automation. Higher-level specifications

could be used to generate Python or SQL pipelines directly from a PO DFM, while

modelling tools could identify incompatible aggregation grains, missing temporal

bindings, invalid predictive dependencies, or potential leakage before execution.

Similar automation could connect the Chapter 2 log models with schema registries,

logging frameworks, and observability platforms.

Finally, future work should examine the governance implications of the proposed

approaches. Explicit conceptual models can support documentation, accountabil-

ity, reproducibility, and communication among data engineers, analysts, domain

experts, and decision makers. Formalizing these governance functions would extend

the contribution beyond data preparation toward the management of analytical as-

sumptions throughout the complete data and model lifecycle.
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4.6 Closing Remarks

This thesis demonstrates that conceptual modelling remains a relevant research

instrument for advanced analytics. Its role is not limited to documenting static

database structures; it can also make heterogeneous event semantics, analytical in-

tent, temporal admissibility, and cross-source relationships explicit.

By providing a conceptual representation for heterogeneous log data and a

prediction-oriented multidimensional framework with explicit temporal roles, the

thesis contributes two complementary artefacts for structuring complex analytical

information. Their principal value lies not in replacing process mining, predictive

monitoring, machine learning, or existing data-warehouse technologies, but in mak-

ing the assumptions on which those downstream techniques depend more transpar-

ent, inspectable, and reproducible.

The results indicate that explicit modelling of structure, semantics, and temporal

conditions can reduce ambiguity between conceptual requirements and executable

analytical workflows. Within the scope of the evaluation, the proposed artefacts

provide a disciplined foundation for the preparation, integration, and validation of

data used in subsequent process-aware, multidimensional, and machine-learning-

based analyses.
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StarUML Extension for

Conceptual Modelling of Log Data

This appendix documents the software artefact associated with the conceptual mod-

elling contribution presented in Chapter 2. The artefact is a StarUML extension that

operationalises the log-specific UML constructs, structural rules, and UML–JSON

mappings developed in the dissertation. Its role is to provide an executable realisa-

tion of the proposed modelling approach, support the reproduction of the modelling

workflows discussed in subsection* 2.5, and make the implementation available for

inspection, reuse, and further experimentation.

The extension does not introduce a separate conceptual model. Its behaviour is

determined by the modelling constructs defined in Chapter 2, including the repre-

sentation of log field sets, nested structures, core, extended, and custom attributes,

controlled values, semantic dependencies, and ECS-aligned terminology. The soft-

ware therefore establishes traceability between the conceptual specification and a

concrete modelling environment.
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Repository and Availability

The source code and supporting material are publicly available in the following

GitHub repository:

https://github.com/ravelina/phd_staruml

The repository provides the implementation of the StarUML extension together

with the information required to install and execute it. It constitutes the software

record accompanying the conceptual modelling contribution and enables the trans-

formations and validation procedures described in subsection* 2.5 to be inspected

independently of the dissertation text.

The principal functions implemented by the extension are:

• Generation of JSON templates from UML models Starting from a

designated root element, the extension traverses the UML model and generates

a structured JSON representation corresponding to the classes, attributes,

associations, and nesting relationships defined in the diagram.

• Generation of UML diagrams from JSON and JSONL data Existing

structured logs can be parsed to identify fields, nested objects, arrays, and

recurring structures. These elements are represented as UML model elements,

thereby supporting bottom-up abstraction and documentation of existing log

formats.

• Structural validation against ECS The extension checks field names, data

types, and nesting relationships against the ECS definitions available to the

tool. The validation process is intended to identify structural inconsistencies

between a conceptual model and the selected ECS vocabulary.
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• Synchronisation of ECS definitions Updated ECS field-set definitions can

be retrieved from the official ECS repository and incorporated into the ex-

tension’s local validation resources. This mechanism reduces the risk that

validation is performed against obsolete schema definitions.

• PlantUML-based diagram export UML models can be exported through

PlantUML in raster or vector formats. In particular, SVG export supports

scalable representations suitable for technical documentation and academic

publication.

These functions support both directions of the modelling process considered in

the dissertation. The UML-to-JSON transformation supports the design of new log-

ging structures from an explicit conceptual specification, whereas the JSON-to-UML

transformation supports the abstraction, documentation, and analysis of existing

structured logs. ECS validation connects both workflows to a shared field vocabu-

lary and provides a mechanism for detecting selected structural inconsistencies.

Development Provenance

The software implementation was carried out by Marco Garosi as part of a Master’s

thesis project conducted under the supervision of Prof. Carlo Combi and Evelina

Rakhmetova. The conceptual requirements implemented by the extension derive

from the modelling approach developed in this dissertation. In particular, the ex-

tension realises the proposed log-modelling constructs, the distinction among ECS

and custom fields, the representation of nested field sets, and the bidirectional map-

pings between UML models and JSON-based log representations.

This attribution distinguishes the software-engineering implementation from the

scientific contribution of the dissertation. The doctoral research defines and moti-

vates the conceptual modelling approach, its metamodel, notation, semantics, trans-
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formation requirements, and evaluation context. The Master’s thesis project pro-

vides a concrete software realisation of those requirements within StarUML.

Research Basis and Related Publications

The conceptual foundations underlying the extension and the earlier stages of its

development are reported in the peer-reviewed publications [1, 2]. These publica-

tions describe the research problem, the initial modelling constructs, and the use

of UML-based representations for structured log data. The dissertation extends

and consolidates that work by providing a more complete metamodel, a systematic

treatment of ECS-aligned and custom structures, explicit transformation rules, ad-

ditional modelling scenarios, and an integrated account of the supporting software

artefact.

Scope of the Software Artefact

The extension is provided as a research prototype intended to demonstrate the

implementability of the proposed conceptual modelling approach and to support

reproducible experimentation. The reported examples show that UML models can

be transformed into JSON representations, that structured JSON and JSONL data

can be abstracted into UML diagrams, and that selected structural properties can

be checked against ECS definitions.

The artefact is not presented as a complete production-grade log-management

system or as a comprehensive validator for every semantic constraint that may arise

in an operational logging environment. In particular, successful structural validation

does not by itself establish the semantic correctness, completeness, or operational

suitability of a logging design. Those properties also depend on domain require-

ments, organisational conventions, runtime behaviour, and the intended downstream
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analyses. Within these limits, the extension provides concrete implementation evi-

dence for the feasibility of the model-driven approach developed in Chapter 2.
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Detailed Implementation of the

Prediction-Oriented Framework

This appendix provides the detailed implementation material supporting Section 3.7.

It documents the Python and SQL artefacts used to operationalize the Prediction-

Oriented Framework, including package structures, source-code listings, execution

procedures, generated diagnostic material, validation tests, and implementation

screenshots. The material is reported separately from the main scientific narrative

in order to preserve reproducibility and traceability without obscuring the concep-

tual and empirical argument developed in Chapter 3. The appendix documents the

realization of the framework; it does not introduce an additional scientific contribu-

tion.

The implementations follow the same temporal configuration and conceptual se-

mantics described in Chapter 3. In particular, features are derived from the Obser-

vation Window, the Waiting Window is excluded from feature and target construc-

tion, and labels are derived from the Prediction Window. The high-level Python and

SQL architectures remain in Figures 3.12 and 3.19; the present appendix provides

the corresponding implementation-level detail.
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The source code is available at the following repository:

https://github.com/ravelina/phd_podfm

This framework was developed by Evelina Rakhmetova as part of the research

activities of this PhD thesis. It implements the proposed Prediction-Oriented Di-

mensional Fact Model and supports both Python-based and SQL-based analytical

workflows.

The framework directly reflects the conceptual foundations and formal defini-

tions introduced in this thesis and serves as a concrete validation of the proposed

prediction-oriented modelling approach.

B.1 Python Implementation

The Python implementation is organized as a modular analytical package. Its com-

ponents provide temporal configuration, window-specific extraction, feature engi-

neering, label generation, ABT construction, validation, visualization, and export.

The following text document the package structure and the execution flow in suffi-

cient detail to reproduce the reported experiments.

Package Structure and Execution Modes

The package separates the core temporal logic from feature-generation, validation,

utility, and notebook components. This organization allows the same concep-

tual workflow to be executed interactively in a Jupyter notebook or automatically

through a standalone analysis script.

The Python implementation follows a modular design with a clear separation

of concerns, supporting both interactive analysis and production deployment. The

package architecture is organized into five main components, as shown in Listing 7.
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Listing 7: Python Package Structure of the Prediction-Oriented Framework

po_framework/

��� core/ # Core logic

� ��� window_config.py # Window configuration management

� ��� window_extractor.py # Temporal data extraction

� ��� abt_builder.py # ABT construction pipeline

��� features/ # Feature engineering modules

� ��� simple_aggregations.py # Basic statistical features

� ��� recency_frequency.py # Temporal behavioural features

� ��� trends.py # Trend and momentum analysis

� ��� advanced_windows.py # Tumbling/hopping/session windows

� ��� economic_context.py # Contextual dimension integration

� ��� labels.py # Target variable generation

��� validation/ # Temporal constraint validation

� ��� temporal_validator.py # Comprehensive validation suite

��� utils/ # Utility functions

� ��� data_loader.py # Data loading and preprocessing

� ��� sample_data.py # Synthetic data generation

��� notebooks/ # Interactive analysis environment

��� po_framework_visualization.ipynb # Interactive notebook

��� po_framework_analysis.py # Standalone script

��� figures/ # Generated visualizations

This architecture ensures that each component can be used independently or com-

posed into complete analytical pipelines, supporting both exploratory analysis and

production deployment.

Interactive PO Analysis Environment

The Python implementation provides two complementary interfaces for analysis:

an interactive Jupyter notebook for exploratory work and a standalone script for

automated execution and figure generation.
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Jupyter Notebook Interface

The po_framework_visualization.ipynb notebook provides an interactive envi-

ronment for step-by-step analysis and experimentation. The notebook is organized

into logical sections that mirror the analytical workflow:

1. Data Generation: Creates synthetic financial data with realistic patterns and

distributions

2. Window Configuration: Sets up temporal parameters and validates window

boundaries

3. Temporal Extraction: Demonstrates window-based data partitioning

4. Multidimensional Analysis: Constructs and analyses OW and PW data cubes

5. Feature Engineering: Generates comprehensive feature sets across seven cate-

gories

6. Temporal Validation: Performs rigorous constraint checking

7. Visualization: Creates publication-quality figures inline

8. Results Analysis: Provides detailed interpretation of findings

The notebook interface enables analysts to modify parameters, experiment with

different configurations, and observe immediate results, facilitating both learning

and research applications.

Automated Analysis Script

The po_framework_analysis.py script provides a complete, automated implemen-

tation that generates all analytical results and visualizations without user interven-

tion. This script serves multiple purposes:
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• Reproducible Research: Ensures consistent results across different execution

environments

• Batch Processing: Enables automated execution in production or research

pipelines

• Figure Generation: Automatically creates all eight publication-quality figures

used in this thesis

• Validation Testing: Performs comprehensive temporal constraint validation

with detailed reporting

The script execution produces the following outputs:

• Console Output: Detailed progress reporting and validation results

• Figure Files: Eight PNG files saved to notebooks/figures/

• Data Files: Intermediate datasets for further analysis

• Summary Report: Comprehensive analysis conclusions

Automated Figure Generation and Data Processing

A key strength of the Python implementation is its ability to automatically generate

both test data and visualizations during code execution.

The po_framework_analysis.py script performs end-to-end processing that

demonstrates the complete analytical workflow while producing visual evidence of

the framework’s capabilities.

Data Generation Process: The script begins by generating synthetic financial

data that mimics real-world patterns and distributions:

202



CHAPTER B

• Customer Generation: Creates customized number customers with diverse risk

profiles (Low: 60%, Medium: 25%, High: 15%) distributed across four regions

• Transaction Generation: Produces credit card transactions with realistic

amounts, dates, and payment behaviours

• Loan Generation: Creates 720 loan instalments with status patterns reflecting

risk categories (default rates: Low 5%, Medium 15%, High 30%)

• Economic Context: Generates 24 economic indicator records across regions

and time periods

Figure Generation Process: During execution, the script automatically creates

eight publication-quality figures saved to .../notebooks/figures/:

1. fig1_temporal_windows.png - Three-Window Framework Structure (Figure 3.13);

2. fig2_transaction_distribution.png - Data Distribution Analysis (Figure 3.14);

3. fig3_ow_data_cube.png - OW Multidimensional Cube (Figure 3.15);

4. fig4_pw_data_cube.png - PW Multidimensional Cube (Figure 3.16);

5. fig5_feature_distributions.png - Statistical Feature Analysis (Figure 3.17);

6. fig6_feature_correlations.png - Feature-Target Relationships (Figure 3.18);

7. fig7_validation_results.png - Temporal Constraint Validation (Figure B.2);

8. fig8_feature_categories.png - Feature Engineering Overview (Figure B.1).

These figures serve dual purposes: they provide visual validation of the framework’s

correctness during development and testing, and they generate the visualizations

integrated throughout this thesis that support the theoretical basis introduced in
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earlier chapters. The automated generation ensures reproducibility and consistency

across different execution environments.

Figure B.1 summarizes the comprehensive feature engineering capabilities, showing

the distribution of features across seven categories generated during script execution.

The framework generates 55 features across seven categories: Simple Aggregations

(18 features, 32.7%), Recency & Frequency (7 features, 12.7%), Trends & Momen-

tum (7 features, 12.7%), Tumbling Windows (6 features, 10.9%), Hopping Windows

(4 features, 7.3%), Session Windows (7 features, 12.7%), and Economic Context

(6 features, 10.9%). The left panel shows the absolute count by category, while

the right panel displays the proportional distribution. This comprehensive feature

set captures diverse temporal patterns from the OW data, enabling multifaceted

analysis of behavioural dynamics.

Figure B.1: Feature Engineering Categories and Distribution

The Python implementation demonstrates comprehensive feature engineering across

seven categories, each implemented as a specialized module:

1. Simple Aggregations (18 features): Basic statistical measures including trans-

action counts, spending totals, averages, and standard deviations;
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2. Recency & Frequency (7 features): Temporal behavioural patterns, for exam-

ple, days since last transaction and transaction frequency metrics;

3. Trends & Momentum (7 features): Time-series analysis including spending

trends, volatility measures, and momentum indicators;

4. Tumbling Windows (6 features): Fixed-size, non-overlapping temporal seg-

ments for periodic pattern analysis;

5. Hopping Windows (4 features): Overlapping temporal segments for rolling

metric calculations;

6. Session Windows (7 features): Activity-based temporal grouping with config-

urable inactivity thresholds;

7. Economic Context (6 features): Integration of external economic indicators

across temporal and spatial dimensions.

Temporal Configuration and Window Extraction

The WindowConfig class encapsulates all temporal parameters of the Prediction-

Oriented Framework and exposes computed properties corresponding to the bound-

aries of the Observation, Waiting, and Prediction Windows (see Figure 3.13). This

centralization ensures that all subsequent analytical steps are governed by a single,

consistent temporal configuration.

Listing 8 illustrates the initialization of a window configuration and the derivation

of the associated temporal intervals.

Listing 8: Window Configuration and Boundary Computation in Python

from datetime import datetime

from po_framework import WindowConfig
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# Define temporal parameters

config = WindowConfig(

t0=datetime(2024, 1, 1), # Anchor point

delta_ow=180, # Observation window (days)

delta_ww=30, # Waiting window (days)

delta_pw=90, # Prediction window (days)

config_name='credit_risk_default'

)

# Access computed boundaries

print(f"OW: {config.ow_start} to {config.ow_end}")

print(f"WW: {config.ww_start} to {config.ww_end}")

print(f"PW: {config.pw_start} to {config.pw_end}")

# Output:

# OW: 2023-07-04 to 2024-01-01

# WW: 2024-01-01 to 2024-01-31

# PW: 2024-01-31 to 2024-05-01

At initialization time, the configuration object validates all temporal parameters,

enforcing the constraints ∆OW > 0, ∆W W ≥ 0, and ∆P W > 0. This prevents invalid

window specifications and ensures the consistency of downstream processing.

Temporal Data Extraction

Window-based data extraction is handled by the WindowExtractor class, which ap-

plies explicit temporal constraints to input data frames in order to produce window-

specific subsets. This component operationalizes the SLICE operator defined in the

Prediction-Oriented OLAP operator set.

Listing 9 demonstrates how raw fact tables are filtered into Observation Window
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data for feature computation and Prediction Window data for target labelling.

Listing 9: Window-Based Data Extraction Using WindowExtractor

from po_framework import WindowExtractor

extractor = WindowExtractor(config)

# Extract observation window data (features)

ow_data = extractor.extract_ow(

df=creditcard_fact,

date_column='Date'

)

# Extract prediction window data (labels)

pw_data = extractor.extract_pw(

df=loan_fact,

date_column='Date'

)

# Verify temporal separation

print(f"OW records: {len(ow_data)}")

print(f"PW records: {len(pw_data)}")

print(f"Latest OW date: {ow_data['Date'].max()}")

print(f"Earliest PW date: {pw_data['Date'].min()}")

In addition to filtering records by date, the extractor automatically augments the

resulting data frames with metadata columns (e.g., anchor_time, window_type)

to support downstream validation and traceability. All filtering operations rely on

vectorized pandas primitives to ensure computational efficiency.
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Feature Engineering Pipeline

Feature engineering is organized into a collection of specialized modules, each re-

sponsible for a distinct category of features. This modular design allows analysts

to selectively enable or disable feature groups depending on the analytical task at

hand.

Listing 10 illustrates the invocation of several feature modules on Observation Win-

dow data.
Listing 10: Invocation of Modular Feature Engineering Components

from po_framework.features import (

SimpleAggregationFeatures,

RecencyFrequencyFeatures,

TrendFeatures,

TumblingWindowFeatures

)

# Simple aggregations (18 features)

simple_features = SimpleAggregationFeatures()

agg_df = simple_features.compute(ow_data)

# Recency and frequency (7 features)

recency_features = RecencyFrequencyFeatures(config)

recency_df = recency_features.compute(ow_data)

# Trends and momentum (7 features)

trend_features = TrendFeatures()

trend_df = trend_features.compute(ow_data)

# Tumbling windows (6 features)

tumbling_features = TumblingWindowFeatures()

tumbling_df = tumbling_features.compute(ow_data)
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Each feature module returns a data frame indexed by CustomerID, which enables

straightforward integration during Analytical Base Table construction. Feature

names are descriptive and follow consistent naming conventions to support inter-

pretability and downstream model inspection.

Simple Aggregation Features

The SimpleAggregationFeatures module computes a set of standard statistical

measures over the Observation Window, capturing overall activity levels and pay-

ment behaviour.

Listing 11 provides a simplified view of the implementation.

Listing 11: Simple Aggregation Feature Computation

class SimpleAggregationFeatures:

"""Compute basic statistical aggregations over OW data."""

def compute(self, ow_data: pd.DataFrame) -> pd.DataFrame:

"""

Generate 18 simple aggregation features, including:

total_transactions, total_spending,

avg_transaction_amount, stddev_transaction_amount,

avg_credit_utilization, max_credit_utilization,

missed_payments_count, and active_months.

"""

features = ow_data.groupby('CustomerID').agg({

'TransactionID': 'count',

'TransactionAmount': ['sum', 'mean', 'std', 'min', 'max'],

'TotalBalance': 'mean',

'CreditLimit': 'mean',

'Date': lambda x: x.dt.to_period('M').nunique()

})
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# Derived feature: credit utilization

features['avg_credit_utilization'] = (

features['TotalBalance'] / features['CreditLimit']

)

# Count missed payments

features['missed_payments_count'] = (

ow_data[ow_data['PaymentDue'] > ow_data['PaymentMade']]

.groupby('CustomerID').size()

)

return features

Temporal Features: Recency and Frequency

Recency and frequency features capture both the timing and rate of customer be-

haviours within the Observation Window. These features are particularly important

for distinguishing recent behavioural changes from long-term patterns.

Listing 12 shows the computation of a subset of these features.

Listing 12: Recency and Frequency Feature Computation

class RecencyFrequencyFeatures:

"""Compute recency and frequency features."""

def __init__(self, config: WindowConfig):

self.config = config

def compute(self, ow_data: pd.DataFrame) -> pd.DataFrame:

"""Generate 7 recency and frequency features."""

features = pd.DataFrame()

# Recency: days since last transaction
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last_transaction = ow_data.groupby('CustomerID')['Date'].max()

features['days_since_last_transaction'] = (

(self.config.t0 - last_transaction).dt.days

)

# Recency: days since last missed payment

missed = ow_data[ow_data['PaymentDue'] > ow_data['PaymentMade']]

last_missed = missed.groupby('CustomerID')['Date'].max()

features['days_since_last_missed_payment'] = (

(self.config.t0 - last_missed).dt.days

)

# Frequency: transactions per day

date_range = ow_data.groupby('CustomerID')['Date'].agg(['min', 'max'])

duration = (date_range['max'] - date_range['min']).dt.days

transaction_count = ow_data.groupby('CustomerID').size()

features['transactions_per_day'] = transaction_count / duration

return features

Advanced Windowing: Tumbling Windows

Tumbling windows partition the observation window into fixed-size, non-overlapping

segments to capture periodic patterns:

class TumblingWindowFeatures:

"""Compute features using tumbling (non-overlapping) windows."""

def compute(self, ow_data: pd.DataFrame) -> pd.DataFrame:

"""Generate 6 tumbling window features (monthly partitions)."""

# Add month identifier

ow_data['month'] = ow_data['Date'].dt.to_period('M')

# Aggregate by customer and month

monthly = ow_data.groupby(['CustomerID', 'month']).agg({
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'TransactionAmount': 'sum',

'PaymentDue': lambda x: (x > ow_data.loc[x.index,

'PaymentMade']).sum()↪→

}).reset_index()

# Extract features

features = pd.DataFrame()

# Most recent month spending

latest_month = monthly.groupby('CustomerID')['month'].max()

features['spending_most_recent_month'] = (

monthly[monthly['month'] == latest_month]

.set_index('CustomerID')['TransactionAmount']

)

# Number of active months

features['num_active_months'] = (

monthly.groupby('CustomerID')['month'].nunique()

)

# Average monthly spending

features['avg_monthly_spending'] = (

monthly.groupby('CustomerID')['TransactionAmount'].mean()

)

return features

Label Generation

Target variables are derived exclusively from the Prediction Window, ensuring strict

temporal separation from feature computation. The responsibility for label extrac-

tion is encapsulated in the LabelGenerator component, which derives multiple tar-

get formulations from future observations.

Listing 13 illustrates the generation of target variables from Prediction Window

data.
Listing 13: Label Generation from the Prediction Window
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from po_framework.features import LabelGenerator

label_gen = LabelGenerator(config)

labels = label_gen.compute(pw_data)

# Generated labels include:

# - has_defaulted: binary classification target

# - has_payment_issue: multi-class target

# - total_default_amount: regression target

# - days_until_default: time-to-event target

# - delayed_payment_count: count target

The LabelGenerator handles missing Prediction Window data gracefully by assign-

ing appropriate default values (e.g., has_defaulted = 0 when no default event is

observed). This design ensures that customers without future events remain valid

training instances rather than being discarded.

Complete ABT Construction

The ABTBuilder component orchestrates the full prediction-oriented pipeline, inte-

grating window extraction, feature computation, and label generation into a single

reproducible process.

Listing 14 shows the construction of a complete Analytical Base Table using all

available feature groups.

Listing 14: End-to-End Analytical Base Table Construction

from po_framework import ABTBuilder

builder = ABTBuilder(config)

# Build complete ABT with all feature types
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abt = builder.build(

creditcard_fact=creditcard_fact,

loan_fact=loan_fact,

customers=customers,

economic_indicators=economic_indicators,

include_advanced_windows=True # Tumbling, hopping, and session windows

)

# ABT structure:

# - CustomerID (entity identifier)

# - Demographics (age, region, risk category)

# - 50+ engineered features

# - 6 target variables

# - Temporal metadata (anchor_time, window boundaries)

# - Quality flags (missing_ow_data, missing_pw_data)

print(f"ABT shape: {abt.shape}")

print(f"Columns: {list(abt.columns)}")

The builder performs left joins to preserve all customers observed in the Obser-

vation Window, including those without Prediction Window records. In addition,

quality flags are attached to each row to support downstream filtering and robustness

checks. The implications of missing future observations must be assessed separately

in downstream analysis.

Rolling ABT Generation

To support model training, validation, and temporal backtesting, the framework

allows ABTs to be generated across multiple anchor points, producing a sequence

of temporally consistent snapshots.

Listing 15 illustrates the generation of a rolling ABT using monthly anchor points.
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Listing 15: Rolling ABT Generation Across Multiple Anchor Points

from po_framework.core.window_config import generate_rolling_configs

from datetime import datetime

# Generate monthly anchor configurations

configs = generate_rolling_configs(

start_t0=datetime(2023, 7, 1),

end_t0=datetime(2024, 3, 1),

freq_days=30,

delta_ow=180,

delta_ww=30,

delta_pw=90

)

# Build rolling ABT

rolling_abt = builder.build_rolling_abt(

creditcard_fact=creditcard_fact,

loan_fact=loan_fact,

customers=customers,

configs=configs

)

print(f"Rolling ABT shape: {rolling_abt.shape}")

print(f"Unique customers: {rolling_abt['CustomerID'].nunique()}")

print(f"Anchor points: {rolling_abt['anchor_time'].nunique()}")

Each customer may appear multiple times in the resulting dataset, once per anchor

point, enabling supervised learning with temporal replication while preserving strict

window separation.
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Temporal Validation

To ensure the correctness of the implementation, all intermediate and final artifacts

are subjected to explicit temporal validation. The TemporalValidator component

verifies that window boundaries are respected and that no data violates ordering

constraints.

Listing 16 presents an example validation run.

Listing 16: Temporal Validation Report

from po_framework.validation import TemporalValidator

validator = TemporalValidator(config)

# Run all validation checks

validator.print_validation_report(ow_data, pw_data, abt)

# Example output:

# ======================================================================

# TEMPORAL VALIDATION REPORT

# ======================================================================

# Configuration: credit_risk_default

# Anchor Point (t0): 2024-01-01

# ----------------------------------------------------------------------

# � OW Temporal Leakage PASS (0 violations)

# � PW Temporal Precedence PASS (0 violations)

# � Window Separation PASS (0 violations)

# � Data Quality PASS (0 violations)

# ----------------------------------------------------------------------

# Summary: 4/4 checks passed

# ======================================================================

The validator performs four categories of checks:

• OW Temporal Leakage: Verifies no OW data occurs after t0;
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• PW Temporal Precedence: Ensures all PW data occurs after WW;

• Window Separation: Confirms proper temporal gaps between windows;

• Data Quality: Checks for missing or invalid data.

Figure B.2: Temporal Validation Results for 10,000 Customer Test

Figure B.2 presents the comprehensive validation results, confirming that the im-

plementation maintains strict temporal precedence. The figure shows the results

of four validation checks: OW Temporal Leakage (verifying no OW data occurs

after t0), PW Temporal Precedence (ensuring all PW data occurs after WW). Win-

dow Separation (confirming proper temporal gaps), and Data Quality (checking for

missing or invalid data). All checks passed with zero violations, as indicated by the

green bars and PASS status labels. The validation was performed on 44, 335 OW

records and 12, 000 PW records. The summary confirms 100% validation pass rate,

demonstrating the implementation’s temporal correctness.

For the 10,000-customer configuration, the implementation evaluated four categories

of checks: OW membership, PW precedence, window separation, and basic data

quality. No violations were reported for the evaluated data, see Table B.1. This
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result provides implementation evidence that the specified temporal constraints were

enforced in this configuration; it does not establish the absence of every possible

source of leakage in downstream modelling.

Validation Check Violations Status Description

OW Temporal Leakage 0 PASS All OW data before t0

PW Temporal Precedence 0 PASS All PW data after WW

Window Separation 0 PASS Proper temporal gaps

Data Quality 0 PASS No critical data issues

Overall 0 PASS 4/4 checks passed

Table B.1: Python temporal-validation results for the 10,000-customer configuration

Integration with Machine Learning

Once constructed, the Analytical Base Table can be consumed directly by standard

machine learning frameworks. Because the ABT conforms to a flat, entity-centric

schema with clearly separated features and targets, it integrates seamlessly with

libraries (for example, scikit-learn) without requiring additional temporal handling.

Listing 17 illustrates a typical workflow in which the ABT is split into training

and test sets, used to train a classification model, and evaluated using standard

performance metrics.

Listing 17: Integration of the ABT with a Machine Learning Pipeline

from sklearn.model_selection import train_test_split

from sklearn.ensemble import RandomForestClassifier

from sklearn.metrics import classification_report

# Prepare feature matrix and target vector

feature_cols = [

col for col in abt.columns
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if col not in ['CustomerID', 'has_defaulted',

'anchor_time', 'config_name']

]

X = abt[feature_cols]

y = abt['has_defaulted']

# Train-test split with class stratification

X_train, X_test, y_train, y_test = train_test_split(

X, y, test_size=0.2, random_state=42, stratify=y

)

# Train classification model

model = RandomForestClassifier(n_estimators=100, random_state=42)

model.fit(X_train, y_train)

# Evaluate model

y_pred = model.predict(X_test)

print(classification_report(y_test, y_pred))

# Inspect feature importance

feature_importance = pd.DataFrame({

'feature': feature_cols,

'importance': model.feature_importances_

}).sort_values('importance', ascending=False)

print("\nTop 10 Most Important Features:")

print(feature_importance.head(10))

This example demonstrates that all temporal considerations are resolved upstream

during ABT construction. As a result, downstream models operate on a time-

consistent dataset without needing to reason explicitly about window boundaries or

219



CHAPTER B

ordering constraints.

Data Export and Interoperability

To support integration with external analytical tools and production pipelines, the

framework provides flexible data export capabilities. The ABT and its associated

metadata can be serialized in multiple formats, enabling use in business intelligence

platforms, batch machine learning workflows, and long-term storage systems.

Listing 18 illustrates several supported export options.

Listing 18: ABT Export and Interoperability Options

# Export to CSV (e.g., Excel, Power BI, Tableau)

abt.to_csv('abt_credit_risk.csv', index=False)

# Export to Parquet (efficient columnar format)

abt.to_parquet('abt_credit_risk.parquet', index=False)

# Export to Excel with multiple sheets

with pd.ExcelWriter('abt_analysis.xlsx') as writer:

abt.to_excel(writer, sheet_name='ABT', index=False)

feature_importance.to_excel(

writer, sheet_name='Feature_Importance', index=False

)

validation_results.to_excel(

writer, sheet_name='Validation', index=False

)

# Export feature subset for machine learning pipelines

ml_dataset = abt[feature_cols + ['has_defaulted']]

ml_dataset.to_csv('ml_training_data.csv', index=False)

By decoupling feature construction from model training and deployment, the frame-
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work supports a wide range of analytical workflows while preserving the temporal

guarantees established during data preparation.

Performance Characteristics and Scalability

The Python implementation has been validated with comprehensive testing across

multiple dataset sizes. Table B.2 presents performance benchmarks measured on

a standard development workstation (Intel Core i7, 16GB RAM). Processing time

increased with workload size in the reported experiments. The largest evaluated con-

figuration contained 10,000 customers, 306,737 credit-card transactions, and 152,493

loan instalments. It produced an ABT with 9,802 rows and 75 columns, including

55 analytical features together with metadata and labels. The implementation pro-

cessed this configuration in 110.6 seconds on the reported workstation.

These measurements demonstrate feasibility for the experimental workloads used

in this study. They should not be interpreted as a general scalability guarantee, a

formal complexity analysis, or evidence about arbitrary industrial workloads.

Dataset Size Credit card transactions Time Throughput Features

100 customers 3,152 5.2 s 606 rec/s 55

1,000 customers 31,520 18.4 s 1,713 rec/s 55

10,000 customers 306,737 110.6 s 4,151 rec/s 55

Table B.2: Observed processing performance of the Python realization for the evaluated
workloads

The 10,000 customer test configuration employed the following parameters: t0 =

2024-01-01, ∆tOW = 180 days, ∆tW W = 30 days, ∆tP W = 90 days. This config-

uration processed 306,737 credit card transactions and 152,493 loan instalments,

extracting 44,335 OW records and 12,000 PW records, ultimately generating an

ABT with 9,802 rows and 75 columns (55 features plus metadata and labels). All
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temporal validation checks passed with zero violations, confirming strict temporal

precedence and data quality.

Performance can be further optimized by:

• Setting include_advanced_windows=False for faster processing,

• Using fewer anchor points in rolling ABT generation,

• Processing data in batches for very large datasets,

• Leveraging Dask or PySpark for distributed processing.
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B.2 SQL Implementation

The SQL implementation provides the database-centric realization of the Prediction-

Oriented Framework summarized in Section 3.7.3. This section retains the com-

plete executable material required to reproduce the reported workflow: the compact

end-to-end DuckDB query, the metadata-driven configuration layer, window-specific

views, modular feature and target views, ABT construction, rolling-anchor support,

compatibility notes, and the DBeaver validation procedure. The high-level architec-

ture and selected empirical outputs remain in Chapter 3, where they support the

scientific argument without interrupting it with source-code-oriented detail.

Compact End-to-End Realization of the PO OLAP Operator

Chain

This section presents the physical realization of the prediction-oriented OLAP

(PO OLAP) operators introduced in the conceptual part of this chapter. Specif-

ically, we demonstrate how the temporal semantics, window assignments, and oper-

ator composition defined in Section 3.5.1 and instantiated in the default-risk example

of Section 3.5.4 are translated into an executable, database-centric workflow.

The goal of this section is not to introduce new modelling concepts, but to show how

a formally defined PO DFM and its associated PO OLAP operators can be opera-

tionalized within a standard relational analytics environment. The implementation

uses SQL (DuckDB dialect) to materialize the Observation Window (OW), Waiting

Window (WW), and Prediction Window (PW), and to enforce temporal precedence

during Analytical Base Table (ABT) construction.

The example presented here constitutes the direct physical counterpart of the

conceptual default-risk scenario defined in Section 3.5.4. All temporal parame-

ters, dataset bindings, and window roles (e.g., ψ(CreditCard_Fact) = OW and
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ψ(Loan_Fact) = PW) are reused without modification. What changes is the

level of abstraction: conceptual operators such as SLICE, AGGREGATE, LABEL, and

JOIN(OW,PW) are here instantiated as concrete SQL transformations.

This section therefore serves as a validation of the PO Framework’s implementability,

illustrating how leakage-free feature engineering and target labelling can be enforced

directly at query execution time, without requiring specialized storage engines or

non-standard database primitives.

Feature Engineering (within the OW) As shown in Listing 19, the Analyti-

cal Base Table is constructed by combining feature engineering in the Observation

Window with target labelling in the Prediction Window under strict temporal con-

straints. To illustrate this process concretely, the following listing presents the full

SQL query in DuckDB syntax, using hardcoded dates in place of variables, that

implements this integration and assigns a default label to each customer based on

events observed in the Prediction Window.
Listing 19: ABT Construction with Feature Engineering and Label Generation in

DuckDB

-- ABT Construction in DuckDB

-- Default Risk Example – PO Framework

-- t0 = 2024-01-01, OW = 180 days, WW = 30 days, PW = 90 days

WITH

-- Step 0: Construct 30-day rolling averages (hopping window features)

windowed_txns AS (

SELECT

f.CustomerID,

d.Date,

AVG(f.TransactionAmount) AS avg_txn_amount_30d

FROM (

SELECT DISTINCT Date
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FROM CreditCard_Fact

WHERE Date >= DATE '2024-01-01' - INTERVAL 180 DAY

AND Date < DATE '2024-01-01'

) d

JOIN CreditCard_Fact f

ON f.Date BETWEEN d.Date - INTERVAL 29 DAY AND d.Date

GROUP BY f.CustomerID, d.Date

),

-- Step 1: Feature engineering in the Observation Window (OW)

features_ow AS (

SELECT

c.CustomerID,

-- Overall credit utilization

AVG(f.TotalBalance / NULLIF(f.CreditLimit, 0)) AS avg_utilization_ow,

-- Count of missed payments

SUM(CASE WHEN f.PaymentDue > f.PaymentMade THEN 1 ELSE 0 END)

AS missed_payments_ow,

-- Hopping window feature

(

SELECT AVG(avg_txn_amount_30d)

FROM windowed_txns wt

WHERE wt.CustomerID = c.CustomerID

AND wt.Date >= DATE '2024-01-01' - INTERVAL 180 DAY

AND wt.Date < DATE '2024-01-01'

) AS avg_hopping_30d_txn_amount,

-- Tumbling windows

SUM(f.TransactionAmount) FILTER (
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WHERE f.Date >= DATE '2024-01-01' - INTERVAL 30 DAY

) AS spending_last_30d,

SUM(f.TransactionAmount) FILTER (

WHERE f.Date >= DATE '2024-01-01' - INTERVAL 60 DAY

AND f.Date < DATE '2024-01-01' - INTERVAL 30 DAY

) AS spending_prev_30d,

-- Spending trend

SUM(f.TransactionAmount) FILTER (

WHERE f.Date >= DATE '2024-01-01' - INTERVAL 30 DAY

) -

SUM(f.TransactionAmount) FILTER (

WHERE f.Date >= DATE '2024-01-01' - INTERVAL 60 DAY

AND f.Date < DATE '2024-01-01' - INTERVAL 30 DAY

) AS spending_trend_30d_vs_60d,

-- Session-level feature

COUNT(f.TransactionID) * 1.0 / COUNT(DISTINCT f.session_id)

AS avg_txns_per_session_ow,

-- Macroeconomic context

MAX(e.UnemploymentRate) AS max_unemployment_ow

FROM Customer c

LEFT JOIN (

-- Sessionization using inactivity gaps

SELECT *,

SUM(CASE WHEN is_new_session = 1 THEN 1 ELSE 0 END)

OVER (PARTITION BY CustomerID ORDER BY Date) AS session_id

FROM (

SELECT *,
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CASE

WHEN Date - LAG(Date)

OVER (PARTITION BY CustomerID ORDER BY Date)

> INTERVAL 1 HOUR

THEN 1 ELSE 0

END AS is_new_session

FROM CreditCard_Fact

WHERE Date >= DATE '2024-01-01' - INTERVAL 180 DAY

AND Date < DATE '2024-01-01'

) sessions

) f ON f.CustomerID = c.CustomerID

LEFT JOIN Economic_Indicators e

ON c.Region = e.Region

AND e.Date >= DATE '2024-01-01' - INTERVAL 180 DAY

AND e.Date < DATE '2024-01-01'

GROUP BY c.CustomerID

),

-- Step 2: Target labelling in the Prediction Window (PW)

target_pw AS (

SELECT

CustomerID,

MAX(1) AS has_defaulted_pw

FROM Loan_Fact

WHERE Status = 'Default'

AND Date >= DATE '2024-01-01' + INTERVAL 30 DAY

AND Date < DATE '2024-01-01' + INTERVAL 120 DAY

GROUP BY CustomerID

)

-- Step 3: Assemble the final ABT

SELECT
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f.CustomerID,

f.avg_utilization_ow,

f.missed_payments_ow,

f.avg_hopping_30d_txn_amount,

f.spending_last_30d,

f.spending_prev_30d,

f.spending_trend_30d_vs_60d,

f.avg_txns_per_session_ow,

f.max_unemployment_ow,

COALESCE(t.has_defaulted_pw, 0) AS default_label

FROM features_ow f

LEFT JOIN target_pw t ON f.CustomerID = t.CustomerID;

The query sequence is a concrete realization of the proposed PO OLAP operator

chain:

SLICE(OW) → AGGREGATE → LABEL(PW) → JOIN(OW,PW).

For the reported configuration, this composition makes the temporal direction and

window membership explicit at query execution time. Unlike standard OLAP

queries that perform post-hoc aggregation, the PO OLAP chain separates OW-

derived features from PW-defined outcomes. The directed dependency is predictive

and temporal; it is not a causal claim.

The query builds the ABT step by step, with each block corresponding to a well-

defined logical transformation:

• Step 0 (Hopping Window): Creates a rolling 30-day window of average

transaction amounts. Grouping by (CustomerID, Date) enables smooth day-

level rolling aggregation.

• Step 1 (Feature Engineering): Aggregates behavioural and contextual

indicators within the Observation Window. Session boundaries are detected
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via LAG() over time-ordered transactions.

• Step 2 (Target Labelling): Generates a binary default label for customers

with at least one default event in the Prediction Window.

• Step 3 (Assembly): Combines OW-derived features and PW labels into the

final ABT, enforcing strict temporal separation.

This query exemplifies how the PO Framework operationalizes temporal prece-

dence: all features depend exclusively on information available prior to the anchor

time t0, enforcing the specified temporal predicates for the evaluated workflow.

The output produced by this compact query is shown and discussed in Figure 3.20

and Section 3.7.3.

While effective, the SQL formulation also highlights practical challenges: expressing

complex temporal constructs (e.g., hopping windows or session-based aggregation)

often leads to verbose and difficult-to-maintain queries. This observation motivates

the need for higher-level abstractions or declarative extensions to better support

prediction-oriented temporal analytics.

Modular SQL Architecture and Views

The SQL realization operationalizes the same PO semantics using relational tables,

configuration metadata, window-specific views, modular feature views, a prediction-

window label view, an ABT view, and dedicated validation queries. The implemen-

tation was developed and tested using DuckDB. Its logical design relies primarily on

standard relational operations, including filtering, aggregation, joins, common table

expressions, and analytical window functions.

The canonical execution sequence is:
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SLICE(OW) → AGGREGATE → LABEL(PW) → JOIN(OW,PW) → VALIDATE.

Observation-window records are filtered and aggregated to construct features.

Prediction-window records are used to define outcome labels. The resulting rela-

tions are joined at the analytical grain, after which validation queries test window

membership and temporal precedence. The high-level data and validation flow is

shown in Figure 3.19. The following material documents the corresponding SQL

definitions and execution procedures.

Interactive SQL Testing with DBeaver

To validate the SQL implementation and demonstrate its practical usability, a com-

prehensive testing suite was developed for execution in DBeaver, a popular open-

source database management tool. This testing approach serves multiple purposes:

(1) it validates the correctness of the SQL implementation across different database

systems, (2) it provides an accessible demonstration of the framework for practition-

ers without requiring programming expertise, and (3) it generates visual evidence

of the framework’s temporal constraint enforcement and analytical capabilities.

The testing suite implements a systematic three-step workflow that mirrors real-

world deployment scenarios:

Step 1: Database Schema Setup (setup_database.sql) This script creates the

complete database schema including all fact tables, dimension tables, and supporting

structures:

• Fact Tables: CreditCard_Fact (observation window source), Loan_Fact (pre-

diction window source);

• Dimension Tables: Customer, Economic_Indicators;
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• Configuration Table: Window_Config with temporal parameters;

• Performance Optimization: Indexes on (CustomerID, Date) for efficient tem-

poral filtering;

• Data Integrity: Foreign key constraints and check constraints for data quality

assurance.

Step 2: Test Data Generation (generate_data.sql) This script populates the

database with synthetic but realistic financial data:

• Customer Generation: 100 customers with diverse risk profiles distributed

across four regions (North, South, East, West);

• Transaction Generation: Approximately 4,000 credit card transactions with

realistic temporal distribution and risk-based patterns;

• Loan Generation: 720 loan instalments with status patterns reflecting cus-

tomer risk categories;

• Economic Context: 24 economic indicator records across regions and time

periods;

• Window Configuration: Three predefined configurations for different analytical

scenarios.

Step 3: Comprehensive Testing (run_tests.sql) This script executes seven

comprehensive tests that validate all aspects of the PO Framework implementation:

1. Window Configuration Verification,

2. Temporal View Creation and Statistics,

3. Feature Engineering Validation,
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4. Label Generation Testing,

5. Complete ABT Construction,

6. Temporal Constraint Validation (Critical),

7. Sample Data Inspection.

Each test in the suite is designed to validate specific aspects of the PO Framework

implementation, with the generation of visual evidence through the DBeaver result

interface. Following the execution of each test, the purpose of the test, the manner

of its execution, and the expected outcomes are detailed.

Window Configuration Layer

The SQL implementation of the Prediction-Oriented Framework is grounded in

a metadata-driven configuration layer that externalizes all temporal parameters.

Rather than hard-coding window boundaries into analytical queries, the framework

stores anchor points and window durations explicitly in a dedicated configuration

table. This design decouples temporal specification from query logic and enables

systematic reuse across analytical scenarios.

Listing 20 presents the definition of the Window_Config table together with an

example configuration used in the financial credit risk case study.

Listing 20: Metadata-Driven Window Configuration Table

CREATE TABLE Window_Config (

config_id INTEGER PRIMARY KEY, -- DuckDB: use INTEGER

config_name VARCHAR(100) NOT NULL,

t0 DATE NOT NULL, -- Anchor point

delta_ow INTEGER NOT NULL, -- Observation Window (days)

delta_ww INTEGER NOT NULL, -- Waiting Window (days)

delta_pw INTEGER NOT NULL, -- Prediction Window (days)
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description TEXT,

CONSTRAINT positive_deltas CHECK (

delta_ow > 0 AND delta_ww >= 0 AND delta_pw > 0

)

);

-- Example configuration for credit risk analysis

INSERT INTO Window_Config (

config_id, config_name, t0,

delta_ow, delta_ww, delta_pw

)

VALUES (

1, 'credit_risk_default',

DATE '2024-01-01',

180, 30, 90

);

By externalizing temporal parameters into metadata, the configuration layer pro-

vides several key advantages:

• Temporal constraints and window definitions are centralized and fully au-

ditable;

• Analytical queries become reusable across multiple window configurations;

• Analysts can experiment with alternative window lengths without modifying

query logic;

• Temporal configurations can be versioned, documented, and compared sys-

tematically.
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Temporal Window Views

Building on the configuration layer, the second architectural layer materializes the

three-window structure through a set of window-specific SQL views. Each view

filters fact data according to the temporal boundaries defined in Window_Config,

thereby enforcing a disciplined separation between historical observations and future

outcomes.

Listing 21 shows the definition of the Observation Window and Prediction Window

views for the credit risk example.

Listing 21: Temporal Window Views for Observation and Prediction Windows

-- Observation Window: historical features

CREATE OR REPLACE VIEW CreditCard_Fact_OW AS

WITH config AS (

SELECT t0, delta_ow

FROM Window_Config

WHERE config_name = 'credit_risk_default'

)

SELECT f.*, c.t0 AS anchor_time

FROM CreditCard_Fact f

CROSS JOIN config c

WHERE f.Date >= (c.t0 - c.delta_ow * INTERVAL '1 day')

AND f.Date < c.t0;

-- Prediction Window: target outcomes

CREATE OR REPLACE VIEW Loan_Fact_PW AS

WITH config AS (

SELECT t0, delta_ww, delta_pw

FROM Window_Config

WHERE config_name = 'credit_risk_default'

)

SELECT f.*
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FROM Loan_Fact f

CROSS JOIN config c

WHERE f.Date >= (c.t0 + c.delta_ww * INTERVAL '1 day')

AND f.Date < (c.t0 + (c.delta_ww + c.delta_pw) * INTERVAL '1 day');

These views implement the specified temporal separation: records in

CreditCard_Fact_OW satisfy the OW predicate, whereas records in Loan_Fact_PW

satisfy the PW predicate. The Waiting Window provides a deliberate temporal

buffer between the two relations. The correctness of these predicates is evaluated

separately by the validation queries.

Feature Engineering: Simple Aggregations

The first layer of feature engineering applies standard aggregation functions to Ob-

servation Window data. These features summarize customer behaviour over the

entire historical window and form the baseline input for predictive modelling.

Listing 22 presents the construction of basic aggregation features derived from

CreditCard_Fact_OW.

Listing 22: Simple Aggregation Features from the Observation Window

CREATE OR REPLACE VIEW Features_Simple_Aggregations AS

WITH ow_data AS (

SELECT * FROM CreditCard_Fact_OW

)

SELECT

CustomerID,

anchor_time,

-- Transaction volume features

COUNT(*) AS total_transactions,

SUM(TransactionAmount) AS total_spending,
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AVG(TransactionAmount) AS avg_transaction_amount,

STDDEV(TransactionAmount) AS stddev_transaction_amount,

-- Credit utilization features

AVG(TotalBalance / NULLIF(CreditLimit, 0)) AS avg_credit_utilization,

MAX(TotalBalance / NULLIF(CreditLimit, 0)) AS max_credit_utilization,

-- Payment behaviour features

SUM(CASE WHEN PaymentDue > PaymentMade THEN 1 ELSE 0 END)

AS missed_payments_count,

AVG(CASE

WHEN PaymentDue > 0

THEN PaymentMade::FLOAT / PaymentDue

ELSE NULL

END) AS avg_payment_ratio

FROM ow_data

GROUP BY CustomerID, anchor_time;

Conceptually, the Observation Window data can be viewed as a temporally bounded

multidimensional cube (Figure 3.15), enabling OLAP-style operations (roll-up, drill-

down, and slicing) while preserving strict temporal alignment. This illustrates how

the framework integrates classical multidimensional modelling with window-based

analytical constraints.

Feature Engineering: Recency and Frequency

Beyond global aggregations, recency and frequency features capture the timing and

intensity of customer activity within the Observation Window. These features are

particularly important for distinguishing recent behavioural changes from longer-

term patterns.

Listing 23 shows the computation of recency and frequency features using Observa-
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tion Window data and the shared anchor time.
Listing 23: Recency and Frequency Feature Computation

CREATE OR REPLACE VIEW Features_Recency_Frequency AS

WITH ow_data AS (

SELECT * FROM CreditCard_Fact_OW

),

config AS (

SELECT t0

FROM Window_Config

WHERE config_name = 'credit_risk_default'

)

SELECT

ow.CustomerID,

c.t0 AS anchor_time,

-- Recency features

DATE_DIFF('day', MAX(ow.Date), c.t0)

AS days_since_last_transaction,

DATE_DIFF(

'day',

MAX(CASE WHEN ow.PaymentDue > ow.PaymentMade THEN ow.Date END),

c.t0

) AS days_since_last_missed_payment,

-- Frequency features

COUNT(*) /

NULLIF(DATE_DIFF('day', MIN(ow.Date), MAX(ow.Date)), 0)

AS transactions_per_day,

COUNT(*) /

NULLIF(COUNT(DISTINCT DATE_TRUNC('month', ow.Date)), 0)

AS transactions_per_active_month

FROM ow_data ow
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CROSS JOIN config c

GROUP BY ow.CustomerID, c.t0;

Feature Engineering: Trends and Momentum

Trend and momentum features characterize how customer behaviour evolves within

the Observation Window by comparing recent activity to earlier periods. Rather

than summarizing the OW as a single aggregate, these features capture directional

changes and variability over time, which are often indicative of emerging financial

stress.

Listing 24 shows the computation of trend-based features using monthly aggregates

derived from Observation Window data.
Listing 24: Trend and Momentum Feature Computation

CREATE OR REPLACE VIEW Features_Trends AS

WITH ow_data AS (

SELECT * FROM CreditCard_Fact_OW

),

monthly_aggregates AS (

SELECT

CustomerID,

DATE_TRUNC('month', Date) AS month,

SUM(TransactionAmount) AS monthly_spending,

AVG(TotalBalance / NULLIF(CreditLimit, 0))

AS monthly_avg_utilization

FROM ow_data

GROUP BY CustomerID, DATE_TRUNC('month', Date)

),

trend_calc AS (

SELECT

CustomerID,

month,
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monthly_spending,

LAG(monthly_spending, 1) OVER (

PARTITION BY CustomerID ORDER BY month

) AS prev_month_spending

FROM monthly_aggregates

)

SELECT

CustomerID,

AVG(monthly_spending - prev_month_spending)

AS avg_monthly_spending_change,

STDDEV(monthly_spending) AS spending_volatility

FROM trend_calc

GROUP BY CustomerID;

These features capture both the direction (increase or decrease in spending) and the

stability of customer behaviour across the Observation Window.

Advanced Windowing: Tumbling Windows

Tumbling windows partition the Observation Window into fixed-size, non-

overlapping segments. This strategy enables the extraction of periodic patterns,

like month-by-month behaviour, while preserving strict temporal alignment.

Listing 25 illustrates the computation of tumbling window features using monthly

partitions of OW data.

Listing 25: Tumbling Window Feature Computation

CREATE OR REPLACE VIEW Features_Tumbling_Windows AS

WITH ow_data AS (

SELECT * FROM CreditCard_Fact_OW

),

monthly_windows AS (

SELECT
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CustomerID,

DATE_TRUNC('month', Date) AS window_month,

SUM(TransactionAmount) AS spending_in_window,

SUM(CASE WHEN PaymentDue > PaymentMade THEN 1 ELSE 0 END)

AS missed_payments_in_window

FROM ow_data

GROUP BY CustomerID, DATE_TRUNC('month', Date)

)

SELECT

CustomerID,

MAX(

CASE

WHEN window_month = (

SELECT MAX(window_month)

FROM monthly_windows

WHERE CustomerID = mw.CustomerID

)

THEN spending_in_window

END

) AS spending_most_recent_month,

COUNT(DISTINCT window_month) AS num_active_months,

AVG(spending_in_window) AS avg_monthly_spending

FROM monthly_windows mw

GROUP BY CustomerID;

Tumbling windows allow the model to distinguish behaviour across successive peri-

ods (e.g., seasonal effects) without introducing overlap between windows.

Advanced Windowing: Hopping Windows

Hopping windows generalize tumbling windows by allowing overlapping segments,

enabling the computation of rolling metrics that evolve smoothly over time. This
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approach is particularly effective for capturing short-term dynamics, such as recent

spending intensity.

Listing 26 shows the construction of a 30-day rolling spending feature with weekly

hop intervals.

Listing 26: Hopping Window Feature Computation

WITH config AS (

SELECT t0, delta_ow

FROM Window_Config

WHERE config_name = 'credit_risk_default'

),

hop_points AS (

SELECT

c.t0 - INTERVAL ((c.delta_ow - (n * 7)) || ' days') AS hop_date

FROM config c

CROSS JOIN generate_series(

0,

(SELECT delta_ow / 7 FROM config)

) AS t(n)

),

hopping_aggregates AS (

SELECT

ow.CustomerID,

hp.hop_date,

SUM(ow.TransactionAmount) AS spending_in_hop

FROM CreditCard_Fact_OW ow

CROSS JOIN hop_points hp

WHERE ow.Date >= (hp.hop_date - INTERVAL '30 days')

AND ow.Date < hp.hop_date

GROUP BY ow.CustomerID, hp.hop_date

)

SELECT
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CustomerID,

MAX(

CASE

WHEN hop_date = (

SELECT MAX(hop_date)

FROM hopping_aggregates

WHERE CustomerID = ha.CustomerID

)

THEN spending_in_hop

END

) AS spending_last_30days

FROM hopping_aggregates ha

GROUP BY CustomerID;

Advanced Windowing: Session Windows

Session windows group events based on activity continuity rather than fixed time

intervals. Sessions are defined by inactivity gaps, allowing the analysis to cap-

ture bursts of behaviour and engagement patterns that are not aligned to calendar

boundaries.

Listing 27 illustrates session-based feature extraction using a 14-day inactivity

threshold.
Listing 27: Session-Based Feature Computation

WITH ow_data AS (

SELECT * FROM CreditCard_Fact_OW

),

session_boundaries AS (

SELECT

CustomerID,

Date,

TransactionAmount,
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CASE

WHEN Date - LAG(Date) OVER (

PARTITION BY CustomerID ORDER BY Date

) > INTERVAL '14 days'

OR LAG(Date) OVER (

PARTITION BY CustomerID ORDER BY Date

) IS NULL

THEN 1 ELSE 0

END AS is_session_start

FROM ow_data

),

sessions AS (

SELECT

CustomerID,

Date,

TransactionAmount,

SUM(is_session_start) OVER (

PARTITION BY CustomerID ORDER BY Date

) AS session_id

FROM session_boundaries

),

session_aggregates AS (

SELECT

CustomerID,

session_id,

COUNT(*) AS transactions_in_session,

SUM(TransactionAmount) AS spending_in_session,

MAX(Date) - MIN(Date) AS session_duration_days

FROM sessions

GROUP BY CustomerID, session_id

)

SELECT
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CustomerID,

COUNT(*) AS total_sessions,

AVG(transactions_in_session) AS avg_transactions_per_session,

AVG(spending_in_session) AS avg_spending_per_session

FROM session_aggregates

GROUP BY CustomerID;

Contextual Dimension Integration

In addition to behavioural facts, the framework supports the integration of contex-

tual dimensions whose role is informational rather than event-driven. Macroeco-

nomic indicators, for example, provide exogenous context that may influence cus-

tomer behaviour without being subject to the same temporal precedence constraints

as transactional data.

Listing 28 illustrates the integration of economic indicators by attaching the most

recent available values prior to the anchor time t0 to each customer.

Listing 28: Contextual Feature Integration from Economic Indicators

CREATE OR REPLACE VIEW Features_Economic_Context AS

WITH customer_region AS (

SELECT CustomerID, Region FROM Customer

),

config AS (

SELECT t0

FROM Window_Config

WHERE config_name = 'credit_risk_default'

),

economic_ow_end AS (

SELECT

cr.CustomerID,

ei.InflationRate AS inflation_rate_ow_end,
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ei.UnemploymentRate AS unemployment_rate_ow_end

FROM customer_region cr

CROSS JOIN config c

LEFT JOIN Economic_Indicators ei

ON ei.Region = cr.Region

AND ei.Date = (

SELECT MAX(Date)

FROM Economic_Indicators

WHERE Region = cr.Region

AND Date < c.t0

)

)

SELECT * FROM economic_ow_end;

By anchoring contextual attributes to the end of the Observation Window, the

framework ensures that only information available at prediction time is used, while

allowing such dimensions to enrich both feature interpretation and model perfor-

mance.

Label Generation from the Prediction Window

Target variables are derived from the Prediction-Window view, thereby applying

the specified separation from OW-based feature computation. As illustrated in

Figure 3.16, the PW relation captures future outcomes after the waiting period in

the evaluated workflow.

Listing 29 presents the construction of multiple target variables from Prediction

Window data.
Listing 29: Target Variable Generation from the Prediction Window

CREATE OR REPLACE VIEW Labels_Default_Prediction AS

WITH pw_data AS (
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SELECT * FROM Loan_Fact_PW

)

SELECT

CustomerID,

pw_start AS prediction_window_start,

pw_end AS prediction_window_end,

-- Binary classification target

MAX(CASE WHEN Status = 'Default' THEN 1 ELSE 0 END)

AS has_defaulted,

-- Time-to-event target

DATE_DIFF(

'day',

pw_start,

MIN(CASE WHEN Status = 'Default' THEN Date END)

) AS days_until_default,

-- Regression target

SUM(

CASE WHEN Status = 'Default'

THEN InstallmentDue - InstallmentPaid

ELSE 0

END

) AS total_default_amount

FROM pw_data

GROUP BY CustomerID, pw_start, pw_end;

This design supports multiple predictive tasks, including classification, regression,

and time-to-event modelling, while maintaining strict separation between explana-

tory variables and outcomes.
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Complete ABT Construction

The final Analytical Base Table integrates all engineered features with target labels

through a sequence of left joins. Customers observed in the Observation Window

are preserved even when no Prediction Window events are present.

Listing 30 shows the assembly of the complete ABT.

Listing 30: Complete Analytical Base Table Construction

CREATE OR REPLACE VIEW ABT_Credit_Risk_Complete AS

WITH customers_in_ow AS (

SELECT DISTINCT CustomerID, anchor_time

FROM CreditCard_Fact_OW

),

features_combined AS (

SELECT

c.CustomerID,

c.anchor_time,

cust.Region,

cust.RiskCategory,

sa.total_transactions,

sa.total_spending,

sa.avg_credit_utilization,

sa.missed_payments_count,

rf.days_since_last_transaction,

tr.spending_volatility,

tw.spending_most_recent_month,

hw.spending_last_30days,

sw.total_sessions,

ec.inflation_rate_ow_end

FROM customers_in_ow c

LEFT JOIN Customer cust

ON c.CustomerID = cust.CustomerID

LEFT JOIN Features_Simple_Aggregations sa
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ON c.CustomerID = sa.CustomerID

LEFT JOIN Features_Recency_Frequency rf

ON c.CustomerID = rf.CustomerID

LEFT JOIN Features_Trends tr

ON c.CustomerID = tr.CustomerID

LEFT JOIN Features_Tumbling_Windows tw

ON c.CustomerID = tw.CustomerID

LEFT JOIN Features_Hopping_Windows hw

ON c.CustomerID = hw.CustomerID

LEFT JOIN Features_Session_Windows sw

ON c.CustomerID = sw.CustomerID

LEFT JOIN Features_Economic_Context ec

ON c.CustomerID = ec.CustomerID

)

SELECT

f.*,

COALESCE(l.has_defaulted, 0) AS target_has_defaulted,

l.days_until_default,

COALESCE(l.total_default_amount, 0) AS target_default_amount,

l.prediction_window_start,

l.prediction_window_end

FROM features_combined f

LEFT JOIN Labels_Default_Prediction l

ON f.CustomerID = l.CustomerID;

Temporal Constraint Validation

To ensure the correctness of the implementation, explicit validation queries are used

to verify that all temporal constraints are respected and that no leakage occurs

across window boundaries.

Listing 31 illustrates a representative validation check for Observation Window leak-
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age, together with the construction of a composite validation report.

Listing 31: Temporal Constraint Validation Queries

-- Check for temporal leakage (OW data after t0)

CREATE OR REPLACE VIEW Validation_OW_Temporal_Leakage AS

WITH config AS (

SELECT t0

FROM Window_Config

WHERE config_name = 'credit_risk_default'

)

SELECT

'OW Temporal Leakage' AS validation_check,

COUNT(*) AS violation_count,

CASE WHEN COUNT(*) = 0 THEN 'PASS' ELSE 'FAIL' END AS status

FROM CreditCard_Fact f

CROSS JOIN config c

WHERE f.Date >= c.t0

AND EXISTS (

SELECT 1

FROM CreditCard_Fact_OW ow

WHERE ow.TransactionID = f.TransactionID

);

-- Consolidated validation report

CREATE OR REPLACE VIEW Validation_Report AS

SELECT * FROM Validation_OW_Temporal_Leakage

UNION ALL

SELECT * FROM Validation_PW_Temporal_Precedence

UNION ALL

SELECT * FROM Validation_Window_Separation;
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Rolling ABT Generation

To support model training and longitudinal evaluation, the framework allows the

anchor point t0 to vary over time, producing multiple temporally aligned snapshots

of the Analytical Base Table. Each snapshot corresponds to a distinct analytical

“present” and is associated with its own Observation, Waiting, and Prediction Win-

dows. This mechanism enables the construction of rolling training datasets while

preserving strict temporal separation for each snapshot.

Listing 32 illustrates the generation of a sequence of monthly anchor points together

with fixed window durations.
Listing 32: Generation of Rolling Anchor Points for ABT Construction

-- Generate monthly anchor points

CREATE TABLE Anchor_Points (

anchor_id INTEGER PRIMARY KEY,

t0 DATE NOT NULL,

delta_ow INTEGER NOT NULL,

delta_ww INTEGER NOT NULL,

delta_pw INTEGER NOT NULL,

cohort_name VARCHAR(100)

);

INSERT INTO Anchor_Points

SELECT

n AS anchor_id,

DATE '2023-07-01' + INTERVAL ((n || ' months')) AS t0,

180 AS delta_ow,

30 AS delta_ww,

90 AS delta_pw,

'cohort_' || STRFTIME(

DATE '2023-07-01' + INTERVAL ((n || ' months')),

'%Y_%m'
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) AS cohort_name

FROM generate_series(0, 11) AS t(n);

-- Rolling ABT across all anchor points

CREATE OR REPLACE VIEW ABT_Rolling_All_Anchors AS

-- [Implementation combines feature and label generation for each anchor point]

-- See supplementary SQL material for the complete definition

;

Each anchor point defines an independent analytical snapshot, ensuring that features

and targets remain temporally consistent within each cohort while supporting time-

aware model training and evaluation.

Implementation Summary

The SQL implementation presented in this section demonstrates several key prop-

erties of the Prediction-Oriented Framework when realized in a database-centric

environment:

• Modularity: Each feature category is implemented as an independent view,

allowing feature definitions to be developed, tested, and maintained in isolation

without impacting the remainder of the pipeline;

• Reusability: A metadata-driven configuration layer enables the same query

templates to be reused across multiple temporal window specifications and

analytical scenarios;

• Temporal Explicitness: Window boundaries anchored at t0 make the admissible

OW and PW records explicit and allow the corresponding membership and

precedence predicates to be checked automatically;
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Figure B.3: Complete structure of the SQL-based Prediction-Oriented Framework
implementation in DuckDB

• Performance Engineering: Views, optional materialization, and indexing pro-

vide implementation options whose effectiveness must be assessed for each

target workload and database platform;

• Auditability: All temporal assumptions, window definitions, and analytical

transformations are explicit, traceable, and reproducible;

• Extensibility: Additional feature categories or contextual dimensions can be

incorporated without modification to existing components.

The complete SQL implementation, including automatically generated temporal ta-

bles, window-specific fact views, modular feature definitions, and prediction-oriented

operator templates, is provided in the supplementary materials accompanying this

thesis. An overview of all tables and temporal views is shown in Figure B.3, which

illustrates the full structure of the SQL-based PO Framework implementation.

Taken together, these components form a fully operational and temporally disci-

plined analytical environment. The resulting window-partitioned datasets and An-
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alytical Base Tables can be explored directly through SQL clients or integrated into

Business Intelligence platforms, supporting interactive dashboards, reporting, and

downstream predictive model deployment in tools such as Power BI or Tableau.

Database Compatibility Notes

The SQL examples presented in this chapter use DuckDB-compatible syntax, se-

lected for its modern analytical capabilities, ease of experimentation, and perfor-

mance characteristics. Key elements include:

• Interval arithmetic: expressions such as n * INTERVAL '1 day' for parame-

terized temporal calculations;

• Date functions: DATEDIFF('day', start, end) for computing temporal dis-

tances;

• String concatenation: CAST(n AS VARCHAR) || ' days' for constructing dy-

namic expressions;

• Series generation: generate_series for producing sequences of anchor points

or synthetic test data;

• Aggregate functions: standard SQL aggregates, including STDDEV_POP().

For deployment on PostgreSQL, only minor syntactic adaptations are required:

• generate_series is natively supported in PostgreSQL;

• DuckDB DATEDIFF('day', d1, d2) can be replaced by d2 - d1;

• SERIAL may be used in place of INTEGER for auto-incrementing primary keys;

• Interval arithmetic (n * INTERVAL '1 day') is supported in both systems.
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Both DuckDB and PostgreSQL therefore support the core constructs required by

the Prediction-Oriented Framework, including window-based filtering, common ta-

ble expressions, window functions, and materialized views, enabling a smooth transi-

tion from experimental environments to potential deployment after platform-specific

validation and performance evaluations.

Testing Architecture

The testing suite consists of three sequential SQL scripts that together implement

a complete end-to-end validation workflow:

1. Database Setup (setup_database.sql): Creates the complete schema, includ-

ing fact tables (CreditCard_Fact, Loan_Fact), dimension tables (Customer,

Region), contextual tables (Economic_Indicators), and the configuration

table (Window_Config). All existing objects are dropped prior to creation to

ensure a clean testing environment.

2. Data Generation (generate_data.sql): Populates the database with syn-

thetic but realistic data. The validation dataset comprises 100 customers,

approximately 4,000 credit card transactions, 720 loan instalments, and 24

economic indicator records, distributed across the OW, WW, and PW accord-

ing to the configured temporal boundaries.

3. Test Execution (run_tests.sql): Executes a sequence of seven validation

tests that assess window configuration, temporal view correctness, feature en-

gineering, label extraction, ABT construction, and temporal constraint en-

forcement.

Test 1: Window Configuration Verification This test queries the

Window_Config table to display the configured temporal parameters and computed

254



CHAPTER B

window boundaries. For the credit risk scenario, it confirms:

• Anchor point: t0 = 2024-01-01,

• Observation Window: 180 days (2023-07-04 to 2024-01-01),

• Waiting Window: 30 days (2024-01-01 to 2024-01-31),

• Prediction Window: 90 days (2024-01-31 to 2024-05-01).

Figure B.4: DBeaver Test 1: Window Configuration Display

Figure B.4 confirms that all temporal boundaries are correctly derived from the

base parameters (t0,∆tOW ,∆tW W ,∆tP W ), demonstrating the effectiveness of the

metadata-driven configuration approach.

Test 2: Temporal Window View Creation

This test validates the creation of the Test_CreditCard_Fact_OW and

Test_Loan_Fact_PW views by applying temporal filters to the base fact tables.

Statistics on record counts, customer coverage, and date ranges confirm that:
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• OW records lie strictly in [t0 − ∆tOW , t0);

• PW records lie strictly in [t0 + ∆tW W , t0 + ∆tW W + ∆tP W );

• No temporal overlap exists between windows;

• Data coverage is appropriate for both feature and label generation.

Figure 3.21 provides visual confirmation of correct temporal segmentation.

Test 3: Feature Engineering Validation

This test validates the implementation of the simple aggregation feature category

by creating the Test_Features_Simple view, which computes customer-level sta-

tistical summaries exclusively from Observation Window (OW) data. In total, eight

behavioural feature measures are generated per customer:

• Transaction volume: total_transactions;

• Spending metrics: total_spending, avg_transaction_amount,

stddev_transaction_amount;

• Credit utilization: avg_credit_utilization, max_credit_utilization;

• Payment behaviour: missed_payments_count, avg_payment_ratio.

To facilitate inspection, the test displays the top 10 customers ranked by missed

payments and total spending. This ranking highlights the framework’s ability to

surface meaningful behavioural patterns from historical transactional data. The

test confirms that raw OW-level transactions are correctly transformed into sta-

ble, customer-level behavioural descriptors, capturing multiple dimensions of credit

behaviour such as activity intensity, spending magnitude, utilization pressure, and

payment discipline. These features constitute the foundational input for subsequent

predictive modelling stages.
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Figure 3.22 presents the resulting aggregated feature values at the customer level.

The results validate the correct implementation of the AGGREGATE operator within

the PO OLAP framework, demonstrating that feature engineering is performed

strictly within the Observation Window (OW) and fully complies with the tem-

poral scoping and precedence constraints defined by the PO semantics.

Test 4: Label Generation Validation

This test validates target variable extraction by creating the Test_Labels view,

which derives outcome labels exclusively from Prediction Window (PW) data. For

each customer with loan activity in the PW, the following targets are generated:

• Binary classification target: has_defaulted (1 if any default occurred, 0 oth-

erwise);

• Extended classification target: has_payment_issue (capturing both defaults

and delayed payments);

• Regression target: total_default_amount (sum of unpaid amounts);

• Count metric: delayed_payment_count.

The test computes summary statistics, including the number of customers with PW

activity, the number of observed defaults, and the overall default rate. These statis-

tics provide context for the predictive task while confirming that labels are derived

solely from future observations. Crucially, this test demonstrates that outcome

variables are identified only after the temporal separation enforced by the Wait-

ing Window (WW), ensuring that no PW information can influence OW-derived

features.

Figure 3.23 displays the label generation summary statistics, confirming correct

extraction of outcome variables and strict temporal separation between features

and labels.
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Test 5: Complete ABT Construction

This test evaluates the construction of the Analytical Base Table (ABT) by

creating the Test_ABT view. The ABT is formed by joining the feature view

(Test_Features_Simple) with the label view (Test_Labels) using a FULL

OUTER JOIN, thereby preserving all customers appearing in either window. The

test computes the following statistics:

• Total rows in the ABT (union of feature and label populations);

• Rows with features (customers active in the OW);

• Rows with labels (customers active in the PW);

• Complete rows (customers with both features and labels).

This test validates the JOIN(OW,PW) operation within the PO OLAP framework

and demonstrates the framework’s ability to integrate historical behavioural features

with future outcome labels into a unified analytical dataset.

Figure 3.24 reports 100 materialized customer rows and non-null feature and label

fields for all rows. This result must be interpreted together with Test 4: only 79

customers have observed PW loan activity. The remaining label values arise from

the implementation’s COALESCE-based zero-default convention. Consequently, the

completeness statistic documents the shape of the materialized ABT; it does not

establish that an outcome was directly observed for every customer.

Test 6: Temporal Constraint Validation

This critical test verifies that strict temporal precedence is maintained throughout

the pipeline by checking for two classes of violations:

• OW Temporal Leakage: Detection of any OW records with timestamps

on or after t0, indicating leakage of present or future information into the

observation period;
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• PW Temporal Precedence: Detection of any PW records with timestamps

prior to t0 + ∆tW W , violating the temporal buffer imposed by the waiting

window.

For a correct implementation, both checks must return zero violations and a PASS

status. Figure 3.25 reports zero violations for the two implemented predicates. This

result shows that the OW-membership and PW-precedence conditions were satisfied

by the controlled dataset. The test does not assess missing-data mechanisms or every

possible form of downstream information leakage.

Test 7: Sample ABT Data Inspection

The final test performs a qualitative inspection of the Test_ABT view by displaying

a sample of complete records. Results are ordered by default status and missed

payments to emphasize contrasts between different customer risk profiles. This

inspection provides a concrete illustration of the framework’s output: each row

represents a customer with features derived from historical OW data paired with

outcome labels observed in the PW.

Figure 3.26 shows representative ABT records, illustrating the integration of trans-

actional behaviour (activity, spending, utilization, missed payments) with future

outcomes (default status). The diversity of observed patterns demonstrates how the

framework captures both low-risk customers with stable repayment behaviour and

high-risk customers exhibiting missed payments and eventual defaults.

Testing Results and Validation

The DBeaver testing suite was executed successfully on DuckDB, validating all as-

pects of the SQL-based implementation. The principal results are as follows:

• Window Configuration: All temporal boundaries were computed correctly

from the base parameters;
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• Temporal Views: OW and PW data were correctly partitioned for all 100

customers with no overlap;

• Feature Engineering: Eight behavioural feature measures per customer

were generated from OW data, capturing transaction volume, spending pat-

terns, credit utilization, and payment behaviour;

• Label Generation: Binary and continuous outcome variables were extracted

from PW data; 79 customers had PW activity and 12 had at least one default,

corresponding to an observed default rate of 15.19%;

• ABT Construction: Features and labels were successfully integrated, mate-

rializing 100 rows with non-null feature and label fields under the implemented

join and zero-default convention;

• Temporal Validation: Zero violations were detected for both OW leakage

and PW precedence checks.

The zero counts provide implementation evidence that the two specified temporal

predicates were enforced for the evaluated dataset and configuration. They do not

establish the absence of every possible source of leakage in downstream analytical

or predictive workflows.

Practical Implications

The DBeaver-based testing approach highlights several practical strengths of the

Prediction-Oriented Framework that are directly relevant for real-world adoption.

First, the SQL-based implementation significantly lowers the barrier to entry for

prediction-oriented analysis. Because the framework can be executed entirely

through standard SQL, it is accessible not only to data scientists but also to data
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analysts and business intelligence practitioners who may not have advanced pro-

gramming expertise in Python or machine learning libraries. This broadens the

framework’s applicability to traditional data warehouse and BI environments.

Second, the testing workflow emphasizes transparency and auditability. The step-

by-step structure of the tests makes all temporal assumptions and transformations

explicit. Each test can be inspected, modified, and re-executed independently, al-

lowing analysts to trace how features and labels are constructed and to verify that

temporal constraints are respected. This explicitness is particularly important in

regulated or risk-sensitive domains, where analytical processes must be explainable

and defensible.

Third, the implementation indicates portability potential because its logical design

relies primarily on standard relational constructs. Deployment on another database

platform nevertheless requires verification of date and interval semantics, analytical

functions, materialized-view support, indexing, and execution plans.

The comprehensive testing suite also serves a validation role beyond this specific

implementation. It provides a reusable template for verifying new deployments, al-

ternative window configurations, or domain-specific adaptations of the framework.

By checking window configuration, feature generation, label extraction, ABT con-

struction, and temporal precedence, the suite provides a reusable validation tem-

plate. Each new deployment or window configuration must nevertheless be tested

against its own data and platform semantics.

Finally, the testing workflow has clear educational value. By exposing prediction-

oriented concepts, such as observation windows, waiting windows, and future out-

come labelling, through familiar SQL interfaces, the framework can be used as a

teaching tool for students and practitioners learning how to align multidimensional

data modelling with predictive analytics requirements.

The successful execution of all tests with zero temporal violations provides evi-
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dence that the implementation enforces the specified window constraints at the

data-construction layer in the evaluated configurations, complementing the theoret-

ical formalisation presented earlier in the chapter. The complete implementation in

both Python and SQL, including all feature modules, the validation suite, and usage

examples, is provided in the supplementary materials accompanying this thesis. The

Python and SQL implementations were cross-checked for the reported case-study

workflows under equivalent window configurations and parameter settings and pro-

duced consistent results for the compared outputs.

Overall, the evaluated implementation provides evidence that the PO Framework

can unify conceptual modelling, explicit temporal constraint enforcement, and

prediction-oriented data engineering within a single analytical pipeline. It sup-

ports reproducible analyses, was feasible for the evaluated workloads, and provides

a portable foundation for prediction-oriented data processing grounded in formally

defined PO OLAP semantics.
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