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Abstract 

Federated Insight Engineering Through Multi-Tier Enterprise Data Harmonization presents a framework for Enterprise Data 

Architecture and Engineering in accordance with the principles of Data Stewardship as developed by the International Data Space 

Association. The framework adopts Multi-Tier Architecture as a high level design pattern while the underlying engineering 

foundation is derived from the principles of Data Harmonization. Emerging from these concepts, Distributed Data Layering governs 

Data Management, Data Governance and Data Quality across the enterprise data landscape and connects enterprises into 

Dataphores, gradually culminating in Data Spaces. 

Business Insights are traditionally computed in a close-world scenario with a single Corporate Data Warehouse. In a Distributed 

Data Layering context, however, Business Insights are engineered by Federated Insight Engineering rather than explicitly queried. 

In Federated Insight Engineering, technologies such as Distributed Query Planning and Execution, Distributed Hyper-Querying 

and Integrated Knowledge Graph Maintenance enable the seamless application of Business Analytics across the Data Layers of 

Lateral Data Partners, thereby discovering and engineering Business Insights. 

Keywords: Multi-Tier, Enterprise Extensions, Federated Insight, Insight Engineering, Multi-Tier Architecture Federation, Layered 

Data Models, Data Governance, Data Harmonization, Data Layering, Enterprise Data, Federated Data Model, Enterprise Data 

Model.  

 

1. Introduction 

Discovering insights within the enterprise data ecosystem involves having right data at the right time and in the right format. 

Distributed, heterogeneous enterprise data presents a federated insight engineering challenge. The enterprise data ecosystem has a 

multi-tier architecture consisting of the data edge and ingestion tier, data transformation tier, data harmonization tier, and 

centralized integrated data stores. Principles of provenance and stewardship are utilized to govern the data ecosystem and engineer 

federated insights through a harmonization layer. Data harmonization reduces the effort and complexity of distributed data access 

and use for insight engineering. 

An increasing number of distributed, heterogeneous data sources are generating vast quantities of data both internal and external 

to organizations. Growing data volume, dimensionality, velocity, and diversity hinder the effectiveness and efficiency of insight 

engineering. Traditional enterprise data management and governance paradigms rely on a centralized data warehouse or database 

as the trusted data source for decision-making. But the current data ecosystem provides ever-increasing opportunities for insight 

engineering. Decision-makers and data scientists are increasingly seeking value from analytical queries on federated or distributed 

data sources that are outside the control of their organization and cannot be integrated physically. Federated insight engineering 

refers to conducting distributed data access and processing via the federated database management systems that support SQL 
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queries across multiple, heterogeneous, autonomous, and distributed data sources without requiring all data to be in one place at 

one point in time. 

Mathematical Formulas:  

1. Federated Insight Harmonization Function 

Defines the harmonization score across distributed enterprise data layers.  

𝐹𝐼𝐻 =∑𝑤𝑖

𝑛

𝑖=1

⋅
𝑄𝑖 × 𝐶𝑖
𝐿𝑖

 

 

Where: 

 𝐹𝐼𝐻= Federated Insight Harmonization Score  

 𝑤𝑖= Weight of data source 𝑖 

 𝑄𝑖= Data quality score  

 𝐶𝑖= Compliance confidence  

 𝐿𝑖= Latency factor  

𝐹𝐼𝐻 =∑ 𝑤𝑖

𝑛

𝑖=1
⋅
𝑄𝑖 × 𝐶𝑖
𝐿𝑖

 

2. Distributed Query Execution Cost Model 

Represents optimization of federated distributed query processing.  

𝐷𝑄𝐶 =∑(

𝑚

𝑗=1

𝑇𝑗 + 𝑁𝑗 + 𝑃𝑗) 

 

Where: 

 𝐷𝑄𝐶= Distributed Query Cost  

 𝑇𝑗= Transfer cost  
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 𝑁𝑗= Network communication delay  

 𝑃𝑗= Processing overhead  

𝐷𝑄𝐶 =∑ (
𝑚

𝑗=1
𝑇𝑗 + 𝑁𝑗 + 𝑃𝑗) 

3. Enterprise Data Harmonization Accuracy  

𝐸𝐷𝐴 =
𝑀𝑐

𝑀𝑡
× 100 

 

Where: 

 𝐸𝐷𝐴= Enterprise Data Accuracy  

 𝑀𝑐= Correctly harmonized mappings  

 𝑀𝑡= Total mappings evaluated  

𝐸𝐷𝐴 =
𝑀𝑐

𝑀𝑡
× 100 

4. Federated Knowledge Graph Consistency Equation  

𝐾𝐺𝐶 =
∑ 𝑆𝑘
𝑛
𝑘=1

𝑛
 

 

Where: 

 𝐾𝐺𝐶= Knowledge Graph Consistency  

 𝑆𝑘= Semantic similarity score  

𝐾𝐺𝐶 =
∑ 𝑆𝑘
𝑛
𝑘=1

𝑛
 

5. Data Lineage Reliability Function  

𝐷𝐿𝑅 = 𝛼𝑃 + 𝛽𝑇 + 𝛾𝐴 
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Where: 

 𝐷𝐿𝑅= Data Lineage Reliability  

 𝑃= Provenance integrity  

 𝑇= Traceability score  

 𝐴= Audit completeness  

 𝛼, 𝛽, 𝛾= weighting coefficients  

𝐷𝐿𝑅 = 𝛼𝑃 + 𝛽𝑇 + 𝛾𝐴 

6. Federated Insight Generation Probability  

𝑃(𝐼𝑓) = 1 −∏(1 −

𝑛

𝑖=1

𝑝𝑖) 

 

Where: 

 𝑃(𝐼𝑓)= Probability of federated insight generation  

 𝑝𝑖= Insight contribution probability from source 𝑖 

𝑃(𝐼𝑓) = 1 −∏ (1 −
𝑛

𝑖=1
𝑝𝑖) 

7. Layered Data Throughput Equation  

𝐿𝐷𝑇 =
𝐷𝑣 × 𝑅𝑝

𝜏
 

 

Where: 

 𝐿𝐷𝑇= Layered data throughput  
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 𝐷𝑣= Data volume  

 𝑅𝑝= Processing rate  

 𝜏= Processing time  

𝐿𝐷𝑇 =
𝐷𝑣 × 𝑅𝑝

𝜏
 

8. Semantic-Temporal Query Optimization  

𝑆𝑇𝑄𝑂 = min⁡(∑ 𝐶𝑖
𝑛
𝑖=1 × 𝜆𝑖) 

 

Where: 

 𝑆𝑇𝑄𝑂= Semantic-temporal optimization score  

 𝐶𝑖= Computational complexity  

 𝜆𝑖= Semantic weighting factor  

𝑆𝑇𝑄𝑂 = min⁡(∑ 𝐶𝑖
𝑛
𝑖=1 × 𝜆𝑖) 

9. Federated Governance Compliance Metric  

𝐹𝐺𝐶 =
𝑉𝑐 + 𝑃𝑟 + 𝐴𝑡

3
 

 

Where: 

 𝐹𝐺𝐶= Federated Governance Compliance  

 𝑉𝑐= Validation compliance  

 𝑃𝑟= Provenance reliability  

 𝐴𝑡= Audit transparency  
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𝐹𝐺𝐶 =
𝑉𝑐 + 𝑃𝑟 + 𝐴𝑡

3
 

10. Multi-Tier Data Synchronization Efficiency  

𝑀𝐷𝑆𝐸 =
∑ 𝑈𝑖
𝑛
𝑖=1

∑ 𝐷𝑖
𝑛
𝑖=1

 

 

Where: 

 𝑀𝐷𝑆𝐸= Multi-tier synchronization efficiency  

 𝑈𝑖= Useful synchronized data  

 𝐷𝑖= Total distributed data exchanged  

𝑀𝐷𝑆𝐸 =
∑ 𝑈𝑖
𝑛
𝑖=1

∑ 𝐷𝑖
𝑛
𝑖=1

 

1.1. Multi-Tier Architectural paradigms 

Three-tier design paradigms for complex transactional systems have been a well-understood architectural model for many years. 

Similarly, the multi-tier pattern and its variations also have remained an accepted design paradigm for analytic database integration 

and warehousing. Graeme Simsion's book, Data Warehouse Design Solutions, classified a number of frequently used multi-tier 

architectures. In the case of enterprise data handling—ingestion, storage, integration, and analytical processes—a combination of 

both these traditional multi-tier architectural designs can and indeed should be employed. The Edge and Ingestion Layer provide 

three sub-tiers for multi-tenancy, and the Back Data Layer provides four Back Data Sub-Layers. Several Data Consolidation Style 

Shape Variants, usually settlement-based, address yet another Data Consolidation dimension. 

Architecture for enterprise data involves a wide variety of data-related activities and associated technical systems—albeit with 

some business-specific exceptions. Within Data Consolidation activities, the ingestion, integration, preparation, staging, and 

publishing of reports, data sets, and model-ready data form a key set of informatics processes. Overall, these processes employ an 

implicit three-tier design pattern that merits an explicit architectural depiction.  



 

7 | P a g e  
 

 

 

2. Theoretical Foundations of Federated Insight Engineering 

While multiple taxonomies exist for position description in IT application development, there are three that stand out due to their 

largely non-overlapping nature. In the context of providing end-user-data-capturing technology, application programmers engage 

in ‘Engineering’, generic application developers undertake ‘Development’, and the implementers of these applications engage in 

‘Deployment’, Thèse being more appropriately understood as facilities not Quadrants. 

Federated Insight Engineering is an Aggregation of scientific knowledge specialization achieved in software development that use 

all previously generated and established hardware and software resources with a predominately less expensive Management 

Technological structure. This Organizational Design Innovation using low-cost Mass niche-market products integrate Knowledge 

residing inside these products to solve unarticulated Information problem-at realization by the Information requirement Generation 

model. Provided Infrastructure becomes base to establish a Federated Capability which, using the outlooks of the economic and 

business cycle, enter multi-tier Development of discrete, hosted and End-user-business-centric applications configured to different 

size Business processes for different use Businesses in a cost-effective and time-efficient manner. 
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2.1. Data Harmonization Principles 

Web crawling and other information extraction techniques can be applied to gather data from unstructured, semi-structured, and 

structured Internet sources. For unstructured and semi-structured data, subsequent techniques such as Natural Language Processing 

and template-based (or schema-based) rule-based document parsing make it possible to convert the collected data into structured-

form. Existing database and data warehouse solutions are then utilized to store this structured data in a suitable operational and 

archival storage. The formal data model can become the basis for the universal extensive semi-structured schema of an organization 

for harmonizing any symbolic knowledge domain. 

A strategy for multi-tier enterprise data architecture then makes it possible to harmonize the data of any organization at the level 

of data models inspired by the concept of least upper bounds in Group Theory. The concept of couples of hierarchical series and 

also techniques for characterizing federated schemas in categories then provide new foundations for the definition of layered 

databases. An increasing level of expressiveness of such layered databases indeed makes possible the definition of more simple, 

compressed, and semantic-temporal queries: simple queries focused on one of the domains, compressed queries that check complex 

constraints with respect also to a couple of layered databases for their lower expressiveness, and semantic-temporal queries that 
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allow semantic-semantic and semantic-temporal join computations that are enabled by the knowledge expressed in the temporal 

and/or semantic layers. 

Federated Multi-Tier Data Harmonization Architecture 

 

Table 1: Multi-Tier Enterprise Data Architecture Layers 

Tier / Layer Primary Function Core Technologies Data Characteristics Business Value 

Edge & Ingestion 

Layer 

Collects and stages raw 

enterprise data 

IoT Gateways, APIs, Cloud 

Storage, Brokers 

High-velocity streaming 

and temporary data 

Real-time operational 

awareness 

Transformation 

Layer 

Cleanses and standardizes 

incoming datasets 

ETL/ELT Pipelines, Data 

Mapping Engines 

Structured and semi-

structured data 

Improved 

interoperability 

Harmonization 

Layer 

Aligns heterogeneous 

schemas and semantics 

Ontologies, Knowledge 

Graphs, Metadata Services 

Federated semantic 

models 

Cross-domain analytics 

consistency 

Federated Query 

Layer 

Executes distributed 

analytical queries 

Distributed Query Planners, 

SQL Federation Engines 

Virtualized distributed 

datasets 

Unified enterprise 

insight generation 

Centralized Insight 

Stores 

Stores curated enterprise 

insights 

Data Warehouses, 

Lakehouses 

Historical and integrated 

data 

Strategic reporting and 

forecasting 

3. Data Layering and Harmonization Frameworks 

The federated data domain and governance model establishes the principles and rules that an organization’s sustained data assets 

comply with. However, those rules must be enacted through definitional governance and stewardship that guide the 

creation/collection, management, and use of the data assets. Provenance and lineage tracking of the enterprise Insight Value Chain 

tools that create, transform, or use raw data elements must therefore deliver evidential metadata that verifies compliance with 

federated governance rules. Such deferral of data asset stewardship to the associated business tool clusters is ideal for federated 
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data domains and governed enterprise Insight Value Chains and is best achieved with enterprise Insight Value Chain tools. The 

absence of well-defined data assets or coherence with federated data governance rules usually disrupts its normal operation and 

may incur significant costs or risks for the enterprise. 

Enterprises have formal or informal, clear or obscure, unambiguous or ambiguous, complete or incomplete, established or evolving, 

centralized or decentralized, and open or closed groupings of domains in which they create or collect data that are useful for the 

organization. Such domains contain different types of data, including metadata that is important for data exploration and entry, and 

based on a multilevel look-up design they use external entities but must have local parallels for all or most key elements. Within 

such a framework, the distributive governance and stewardship of the Insight Value Chain’s supporting metadata are generally less 

critical for achieving enterprise Query Processing Performance than focused care of the provenance and lineage of the actual data 

elements that form the input of the federated Insight Value Chain tools. 
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3.1. Layered Data Models 

Three types of data models can be defined based on directed graphs of horizons of data currencies representing the natural structure 

of the data. A Layered Data Model (LDM) establishes layers of supervised and unsupervised data currency perspectives based on 

a unified Referential Data Model (RDM). RDMs present autonomously developed ontological hierarchical structures and semantics 

underpinned by different underlying technologies or behaviours. Upcasting is not required for edge computing because LDMs 

allow data no deeper than the first layer of the RDM to be managed as first-class citizens. 

Virtually no sophisticated business logic is deployed on the Edge tier. Ingestion-Layer Data Models (I-DMs) enable streams of 

data, sometimes in monoidal time series currency format, to be stored in, accessed through, or processed via specialized, generally-

temporary, high-throughput, scalable systems such as NoSQL databases and brokers. Deep-learning Data Models (D-DMs) govern 

overactivated Learning Layer neural networks. In both cases, first-class-technologically-supported-time constraints on model data 

shape the nature of data processing. 

Conversely, Distributed Logical Schemas (DLS) organize supervised Data Models for Business Logic. DLSs comprise domains of 

Functionally-Orthogonal-Supervised Data Models (FOS-DM). FOS-DMs provide distributed nodes of common architectures with 

domain-specific logical restrictions that disallow access to attributes connected to model currency data in a Resympathetic way. 

FOS-DMs also manage currency data at secondary levels of the ontological hierarchy distribution of one-sided Self-consistent Data 

Models of a Data Model Network for Business Logic (DMNBL) acting as Business-Logic Data Layer. 

Federated Governance and Provenance Framework 

 

Table 2: Federated Insight Engineering Components 
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Component Role in Framework Key Capability Expected Outcome 

Distributed Query 

Processing 

Executes federated analytical 

workloads 
Parallel query execution Reduced latency 

Knowledge Graph 

Maintenance 
Maintains semantic relationships Ontology synchronization 

Improved semantic 

understanding 

Data Governance Engine Enforces enterprise compliance 
Stewardship and lineage 

validation 
Trusted analytics 

Harmonization Engine 
Standardizes heterogeneous 

datasets 
Schema alignment 

Interoperability across 

systems 

Insight Engineering Layer Generates enterprise intelligence Cross-layer analytics Actionable business insights 

4. Federated Data Governance and Stewardship 

Provenance, Data lineage, and compliance work hand in hand to realise a federated and distributed data management environment, 

thus enabling enterprise insight engineering in a safer and more reliable manner, across multiple enterprise departments. 

Provenance is the main authority for managing any sensitive or critical data stored with the enterprise. It is used primarily to 

attribute one or more of data attributes with adequate provenance or background information such that it can be associated with the 

data. The relationship between the data and its related provenance attributes can either be many to one, many to many or one to 

many. It is notably different from lineage attributes which resembles organism lineage piece of info. The data creators/managers 

are responsible for maintaining and ensuring that the data generated is in compliance with all respective compliance and regulatory 

requirements and no attributes stored in their dataset hold null or invalid values. Such compliance attributes assure that the data 

can be trusted for further utilization in insight generation. The compliance attributes is significant in a layered framework because, 

the decision-making population is not expert in data, still they have to trust on the results derived for making their decisions. When 

the query is executed in a secured manner only then trust can be built for taking large-scale decisions. 
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4.1. Provenance, Lineage, and Compliance 

The scientific basis of business data and infrastructure is reflected in traditional management information systems. However, 

business governance considers data quality attributes such as legality, stability, objectivity, accuracy, reliability, currency, firmness, 

applicability, and utilizability just for a few business application domains. A necessity of scientific data has grown because data is 

now being produced in every domain of science and many application areas by researchers or scientific staff producing and/or 

analysing them. Such produced data require, as a minimum, ownership, management, and archiving for two reasons: providing 

information about how an experiment was performed as well as providing enough information to reproduce the product of the 

experiment. For these reasons, these so-called scientific data are usually recorded in a so-called laboratory notebook and are treated 

as evidence for what goes into scientific publications. So far, business data provided for data-driven or data-science applications 

could lack such treatment because they were read from business tradition as “dirty” data, or simply as production byproducts. The 

data lagging behind the core business process can instead be regarded becoming part of products sold by such businesses. 

Thus, such data can now also be regarded as evidence that potentially shows |investigates| what has been done in a business 

organization in much more detail than the mission or vision or roadmap of that organization. In the near future it might become 
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possible and necessary to present insights provenance to customers specifically in the business-to-consumer level, where large 

households with the right embedded devices will enable their atmosphere to change automatically. Customers in the business-to-

business market might also be eager to receive insights provenance about those products that gave them important results when 

used—suppliers willing to go that extra mile should therefore gain an advantage. Data scientists experts in such provenance might 

even be recognized as data stewards , those persons who handle the verification and documentation process of the evidence. 

Table 3: Data Harmonization Techniques and Benefits 

Harmonization 

Technique 
Description 

Supporting 

Technologies 
Enterprise Benefit 

Schema-Based Parsing 
Converts semi-structured data into structured 

form 
NLP, Rule Engines Improved data consistency 

Semantic Layering Organizes semantic relationships Ontologies, Taxonomies 
Enhanced contextual 

querying 

Referential Data 

Modeling 
Creates unified reference structures Graph Databases Cross-domain compatibility 

Layered Data Modeling Organizes hierarchical data currencies Directed Graph Models Scalable federated analytics 

Metadata Federation Shares governance metadata across domains Metadata Catalogs Strong lineage tracking 

5. Engineering Federated Insights 

All aspects of federated data, from multi-tier governance and stewardship through harmonization for query accessibility, converge 

into the engineering of insights. In the context of a hosting multi-agent framework, insight engineering brings together clear 

perspectives at the levels of terminology, taxonomy, ontology, and the semantics of information products. Distinctions and 

harmonization that can be drawn at the terminology level facilitate interest-based filtering within federated search and alert systems. 

Terminology at the taxonomy level controls group-based access to independent but related insight repositories, targeting 

communities with specific interests and preferences. At the ontology level, the resolution of semantic ambiguities enables 

information extraction and product production across heterogeneous sources aligned through a superset ontology of interest. 

Built-in data springs supporting the information-science tenet of generalized knowledge delivery allow for real-time open-source 

intelligence analyses, focused on call or text messages monitored by internal systems within a narrow domain of interest. The 

cognoscenti model is used to generate reports for user consumption according to social media habits. The perspective of information 

products permits historical insight generation shaping financial forecasts. Structurally, engineering perspectives reflect problem 

specification, environment modeling through rich situational perspectives, problem-solving processes, quality analysis, and product 

specification, testing, and delivery phases. 
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Distributed query processing enables federated insights to be delivered in a manner that satisfies the notion of balanced autonomic 

agency. This facility delivers both efficacy-enhancing tidiness and efficiency-maximizing sidelessness. Query results are drawn 

together on a need-only basis—queries enter the system via any host agent, and data sources address them in the short time 

convenient for the sources. In data-centric settings, it is straightforward to compute the expected time for the query result to be 

received by the requester, making the effectiveness-ineffectiveness dilemma one of technology used by the user. 

Table 4: Federated Governance and Stewardship Metrics 

Governance Aspect Description Monitoring Indicator Enterprise Impact 

Provenance Tracks source origin of datasets Source traceability rate Increased trust 

Data Lineage Captures transformation history Lineage completeness Regulatory compliance 

Compliance Validation Ensures policy adherence Compliance score Reduced operational risk 

Stewardship Accuracy Measures governance effectiveness Data quality index Reliable analytics 

Metadata Integrity Maintains metadata consistency Metadata validation rate Better discoverability 

5.1. Distributed Query Processing 

Processing federated queries on layers of harmonized data through a federated layer is best achieved via distributed query 

processing. Distributed query processing pushes down work performed by a federated query plan among the data sources that are 

queried, with the objectives of minimizing communication and maximizing local processing. Provided that data is partitioned in 

appropriate way and common operators defined for the data sources of a federation, distributed query processing on data in the 

data layer is most often the best execution strategy. The federated layer, therefore, contains both a global query optimizer as well 

as a distributed query processor. 

In the distributed query processor, non-commutative operators are executed first and their results computed as views of the sources 

in the data layer (that do not execute the operators). The remaining part of the query is then managed as a global query execution 

of all the sources in the datalayer. When the operator classes of the remaining part of the query include bufferable operators, the 

execution plan is pipelined whenever possible. The previous two cases can then be generalized to any federated query execution 

scenario where a distributed query processor is used to produce a query plan. Central to both cases is the means to efficiently 

evaluate a source in the data layer (or the sources executing the operator or operators) for which the data access and output 

characteristics are known. 

6. Multi-Tier Architecture for Enterprise Data 
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Multi-tutorial architecture describes novel component and service arrangements for multi-tier application development that lever 

open standards-driven engineering and run-time execution benefits. Such multi-tier architectures rest on related schemes for open-

source applications and for citizen projects and cities. 

Multi-Tier Architectural Paradigms 

Nature presents many examples of hierarchical layered structures existing within networks and ecosystems. These can be viewed 

as natural multi-tier architectural paradigms that are realised in spatial, temporal and semantic dimensions. Such structures exist in 

bio-diversified civilisations like that we refer to as the Internet. In the Economic space it is evident that greater Wealth Creation is 

feasible through the strategy of richer tiered experiences and satisfaction of the economic domains of Life. 

Addressing these broad principles, yet remaining technically precise, requires an exploration of patterns of tiered multi-layer 

applications in enterprise environment. These, indeed, may be regarded as application DevOps as enterprise Development, Security 

and Operations groups work to prototype on TierOne, which ultimately serves citizens and clients as the customer. These complex 

enterprises achieve competitive advantages usually. and the above patterns and paradigms present opportunities for similar 

advantages in other fields. 

Table 5: Layered Data Model Classification 

Data Model Type Purpose Data Processing Style Key Advantage 

Referential Data Model (RDM) 
Maintains unified ontological 

structures 
Semantic integration 

Common enterprise 

vocabulary 

Ingestion Data Models (I-DM) Handles streaming ingestion Real-time processing 
High-throughput 

scalability 

Deep-Learning Data Models (D-DM) 
Supports AI-driven learning 

layers 
Neural computation Intelligent prediction 

Distributed Logical Schemas (DLS) 
Organizes business logic 

domains 
Federated supervision Domain isolation 

Functionally-Orthogonal Supervised Data 

Models (FOS-DM) 

Manages domain-specific 

constraints 

Controlled access 

processing 
Secure distributed logic 

6.1. Tier One: Edge and Ingestion Layer 

The edge and ingestion layer (Tier One) is responsible for absorbing new data as it becomes available and harmonizing it into 

representations appropriate for its destination and purpose. Raw data from devices and other sources is staged in a temporary, 

usually offline, storage area, such as cloud object storage. These data are not preserved long-term and are used as source material 

only until processed and transformed into higher layers or ultimately deleted. 
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Operational data is processed and staged as soon as the data become available in order to support immediate operational 

requirements. For example, changes in device status, exception reports, and alert messages should be available for actioning as 

soon as possible, even before any subsequent higher-layer aggregations are completed. Product data is staged following the data 

life cycle; for example, a shipment may trigger an event containing a transmission of current product status. These product updates 

are then used in event processing at the control center for sys-tem management purposes. The control center itself may also process 

data containing updates of user default profiles. 

Enterprise Federated Insight Lifecycle 

 

7. Conclusion 

Organizational and global data have become enterprise-critical assets and serve as the foundational capital for Insight Engineering 

and Business Analytics Business Intelligence. Yet, effective and efficient access to these ever-growing pools of data at a motivation-

driven, application-centered, project-based, and incident-based scale is tempered by privacy, security, confidentiality, availability, 

and performance issues. And these issues are practical roadblocks that can rarely be resolved in full, since it is impossible to create 

a complete information model of the systems generating the data. Furthermore, maintaining full-time, one-stop access to, and 

processing of, a complete set of data required by all data stakeholders would be prohibitively expensive. 

Thus, Accessing, processing, and resolving data from organizational and external systems using Data Harmonization have emerged 

as a critical priority for origin-based and function-focused Engineering Science Transformation. DAH paradigm that enables 

business query users and the decision-makers to efficiently, Slice-Dice, drill-down, roll-up, and explore-kick corporate data by 

overcoming data storage, integration, and processing challenges. DAH, however, is an a-priori-defined sequential approach and 

does not enable cost-effective horizon and tempo-based processing of enterprise data. This has given-rise to concepts for Federated 

Business Intelligence—a Federated Intelligence Process Model catering a cross-sectional viewpoint, which ingredients can be 

viewed from a long-term, future-focused horizon—agic and tempo, and DAH conceptualizing Enterprise Data as a Discovery 

Matrix for Engineering System Queries— based on business Axioms and Antonyms Contained-in/Not-Contain-and-Related-to-

and-Related-to Linked with Data Stewardship and Provenance and Engineering Workflows provide a high-level cross-viewcjon-

Data Harmonization processes for BI/DA Query support and Data Governance Process Usage. 

Table 6: Distributed Query Processing Optimization Strategies 

Optimization Strategy Description Processing Benefit Performance Impact 

Operator Pushdown Executes tasks close to data source Reduced network transfer Faster execution 

Query Pipelining Streams intermediate results Lower memory overhead Improved throughput 

Bufferable Operator Scheduling Optimizes operator ordering Reduced processing delays Better scalability 
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Optimization Strategy Description Processing Benefit Performance Impact 

Local Processing Maximization Minimizes centralized computation Lower infrastructure cost Efficient resource usage 

Federated Query Planning Coordinates distributed execution Balanced workload distribution High query efficiency 
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