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ABSTRACT: A proper solution for cross-functional service optimization makes a case for the existence of a federated 

data architecture with respect to information integration between cross-functional services and argues the need for 

information supplied in strict accordance with the rules set forth for Logical Data Modeling. From a systemic 

perspective, a properly structured service catalog is conducive to optimum service optimization and constitutes the key 

to effective cataloging of supported services within a company. The offered solution uses strategic information 

integration models to optimize governance or stewardship of service-related data. The concept of a strategic service 

catalog constitutes an additional contribution. Once all the data in an enterprise is served by a data governance policy 

and each data source visualizes information according to a home-BIA rule within a Logical Data Model (LDM), data 

opens new avenues toward a federated information architecture. Orchestrating the services enables knowledge sharing 

and reuse of service consumption. The implementation of a business service catalog that fulfills these requirements 

becomes a critical step toward a successful federated data architecture. 

 

Service optimization in Large-Scale Enterprises (LSEs) can draw on a range of synergies through the orchestration of 

cross-functional services. A proper solution for this cross-functional service optimization makes a case for the existence 

of a federated data architecture with respect to information integration between cross-functional services. The argument 

focuses on the need for information supplied in strict accordance with the rules set forth for Logical Data Modeling and 

maintains that, from a systemic perspective, a properly structured service catalog is conducive to optimum service 

optimization. Such a catalog constitutes the key to effective cataloging of supported services within a company. The 

solution uses strategic information integration models to optimize governance or stewardship of service-related data. 

The concept of a strategic service catalog constitutes an additional contribution. 
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I. INTRODUCTION 

 

Strategic Information Integration Models for Cross-Functional Service Optimization in Large-Scale Enterprises Large-

scale enterprises are confronted with coping with so-called service process and service function–related information, 

necessary to support their business functions and especially their business processes. Service process-related 

information is either used in business process management (BPM) systems for runtime execution or is part of 

background knowledge stored in knowledge management (KM) systems. Service function–related information supports 

the definition of technical service functions and ultimately technical service processes. Such types of information can 

be organized in a functional service catalog in addition to the business service catalog for BPM systems. Both catalogs 

are made available to business service owners and technical service managers via a service catalog management (SCM) 

system, enabling cross-organizational service optimization within a cross-organizational service model. 

 

This is especially relevant for cross-organizational service optimization since it addresses the underlying information 

management issues that affect cross-functional services within large-scale enterprises when utilizing a federated data 
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architecture. To close the information quality gap, the significance of data governance and stewardship is highlighted, 

before strategic information integration models are introduced that reduce the quantity of so-called master data within 

the overall information landscape of the enterprise, thereby contributing to higher information quality. 

Mathematical Formulas:  

 

 

1. Information Quality Score (IQ) 
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Where   = weight of dimension  ,   = quality score (accuracy, completeness, consistency, currency, timeliness) 

 

2. Data Governance Compliance Index (DGCI) 

 

     
          

      

     

 

Where           = compliant data records,       = total data records 

 

3. Service Catalog Coverage Rate (SCCR) 

 

     
          

      

     

 

 

4. Federated Data Distribution Ratio (FDDR) 

 

     
      

               

 

 

 

      = fully federated;       = fully centralized 

 

5. Cross-Functional Service Optimization Index (CSOI) 
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Where   = efficiency of service  ,   = utilization rate of service   

 

6. Information Provenance Trust Score (IPTS) 

 

                 
 

Where  = accuracy,  = custodianship clarity,  = traceability;         

 

7. Service Level Agreement Fulfillment (SLAF) 

 

       
         

      

 

 

Where          = SLA violations,       = total SLA commitments 
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8. Strategic Roadmap Alignment Score (SRAS) 

 

     
∑  

 

   
      

∑   
 
   

 

 

1.1. Information Quality and Provenance 

Information quality dimensions—data accuracy, completeness, consistency, currency, and timeliness—are fundamental 

for effective information integration. Other dimensions, such as relevance, understandability, accessibility, 

trustworthiness, acceptability, and usability, form a more general set of criteria. These criteria and application-specific 

requirements have to be fulfilled in order to derive value from properly integrated data. 

 

Specific dimensions can be more or less critical depending on how data are consumed. For instance, the dimensions of 

relevance and understandability become foremost when data producers and consumers are completely separated. 

Information quality also requires provenance management, allowing the act of tracing the origin of a piece of 

information or the sources of data, processes, or other artifacts used to generate or modify a piece of data. Information 

provenance helps users ascertain the trustworthiness of a data source. 

 

Table 1: Strategic Information Integration Models 

 

Model Core Focus Ownership Pattern Best Use Case Expected Benefit 

Federated 

Integration Model 

Distributed data 

control 

Data producers and 

domain stewards 

Multi-unit enterprises with 

regional autonomy 

Better local 

accountability and reuse 

Centralized 

Integration Model 

Enterprise-wide 

data quality 
Central business owner 

High-risk or compliance-

heavy data environments 

Stronger control and 

consistency 

Hybrid Governance 

Model 

Balanced control 

and flexibility 

Shared between 

enterprise and business 

units 

Large-scale service 

ecosystems 

Improved scalability and 

governance 

Service Catalog 

Integration Model 

Unified service 

visibility 

Service owners and 

catalog managers 

Cross-functional service 

orchestration 

Reduced silos and better 

demand planning 

 

 
 

Fig 1: Information Quality Dimensions – Federated vs. Centralized 
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2. Theoretical Foundations of Information Integration 

A federated architecture realizes a strategic information integration model in which information is governed by a 

collaborative distribution of ownership and expertise involving all stakeholders. This model is well suited to 

organizations whose management have prioritized decentralized control and localized expertise over the centralized 

retention of information resources. Provenance information about status, custodianship and quality is crucial and should 

be explicit. It is captured and stored by assigning ownership to relevant parties. Responsibility for currency, utility and 

selection of information and for its use in specific instances rests with the users. By ensuring that these parties are well-

placed to identify quality problems, a distributed approach to quality management is supported. Specialized data 

stewards can be appointed to focus on the creation and maintenance of data sources demanded by multiple users. 

 

In contrast, a centralized architecture realizes a strategic information integration model that emphasizes the quality of 

information for enterprise-wide use. The information is owned by the business function with the greatest need for 

currency and richness. Users can be expected to have less knowledge of potential quality issues but should be able to 

monitor performance adequacy. Centralized models work best in organizations where management has emphasized 

quality and risk management through control over critical data sources and associated data management processes. 

 

 
 

Fig 2: Cross-Functional Service Optimization Scores 

 

2.1. Data Governance and Stewardship 

The growing importance of data in organizations has given further impetus to the implementation of Data Governance 

programs. In large enterprises, the Data Governance activities are closely coordinated with the Data Owners, Data 

Stewards, Data Custodians and Data Users to ensure the fulfillment of relevant organizational roles and responsibilities. 

Business Entities in these organizations provide the subject matter knowledge for pragmatic and effective Data 

Governance. However, Data Governance Models should always be developed in the context of Application-Security-

Quality-Privacy-Compliance-Security (ASQPCS) Information Management frameworks. The focus of Data 

Governance becomes even more critical in the context of multiple Business Entities providing Data as a Service for 

Cross-Functional Services. 

 

Table 2: Information Quality Dimensions 

 

Dimension Meaning Role in Service Optimization 

Accuracy Correctness of data Reduces service errors 

Completeness Availability of required data Supports full process execution 

Consistency Uniform data across systems Avoids conflicting decisions 

Currency Updated information Enables timely service response 

Timeliness Data availability at right time Improves operational speed 

Trustworthiness Reliability of source Supports confident decision-making 

Usability Ease of use Improves adoption by users 
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Data Quality and Provenance Flow 

 

 
 

III. STRATEGIC MODELS FOR INFORMATION INTEGRATION 

 

Fundamental operational choices behind information integration models and structures focus on whether, in a federated 

model, data and systems remain under the executive responsibility of the actual data producers, or whether, in a 

centralized model, data become owned by, and made available through, services offered by, the data consumers. In 

large-scale enterprises, such as banks or telecommunications companies, that process customer information and 

perform payments, it is a strikingly clear mandate of privacy that usually inhibits data storage outside the law or in 

external vendor infrastructures, actively personalizing service offerings. At the same time, service cataloging and 

information orchestration are necessary to achieve full information quality, modeling the requirements and quality of 

available provider services. By now being restricted to technical matters, both formal foundations of transactional 

control and system security will dynamically derive from the opportunity to perform a central orchestration of the 

constituent subsystems. 

 

When data can be owned primarily by the originator—who has full responsibilities with regard to their quality and 

provenance—one clear advantage lies in having an incentive, through local system architectures, to populate any 

repository naturally. In the presence of a well-defined catalog of services that includes those available for data 

satisfaction, they can be accessed without security infringement also by other organizational units if the local source 

does not reap an advantage or is not involved in a service. Data quality will finally not need to include measures on 

recency or fulfilment since only fully effective data have value. 

 

 
 

Fig 3: Data Governance Maturity Model – Capability Progression 
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3.1. Federated vs. Centralized Data Architectures 

Federated and centralized data architectural approaches have multidimensional aspects, particularly regarding the 

geographic distribution of data over a large area among multiple country and region organizations. 

 

In business, federated data modeling supports information propagation throughout an organization while preventing the 

centralization of data within a single repository. Noncritical information is kept close to the source instead of being 

transferred to central repositories. Central stewards define the data model; domain specialists within business units 

assume responsibility for data quality and use; a quality certificate is required from acknowledging data customers. A 

federated data model is recommended where business units participating in a strategy process dominate market activity 

in their region 

. 

Table 3: Governance Roles in Cross-Functional Service Optimization 

 

Role Responsibility Contribution 

Data Owner Defines ownership and accountability Ensures strategic control 

Data Steward Maintains quality and metadata Improves data reliability 

Data Custodian Manages technical storage and access Ensures secure availability 

Data User Consumes and reports issues Supports feedback-driven improvement 

Service Owner Manages service definition and SLA Aligns service delivery with business needs 

 

IV. CROSS-FUNCTIONAL SERVICE OPTIMIZATION 

 

Cross-functional service optimization plays a strategic role in large-scale enterprises. Information services provided by 

internal organizations (e.g., departments) and external service providers (e.g., cloud service providers) represent diverse 

forms of IT capabilities utilized by business units in support of business operations and processes. Demand peaks for 

certain internal services and growing consumption of external services require business units to utilize these services 

efficiently. The integration of service catalogs offers decision makers visibility for catalog coordination and 

orchestration that transgresses operational silos, helping establish cross-functional service orchestration and demand 

management. 

 

Service catalogs provide an institutionalized way of communicating and delivering deployed services—capturing 

service-related information for consumers and service providers. For internal service consumers, catalogs capture 

services offered by IT and non-IT internal organizations. For IT service consumers, catalogs depict services provided 

by non-IT internal organizations to support IT services management practices. For the business units involved in 

decision making and demand management, catalogs capture both internal and external services. Partial catalogs 

published by operational organizations (e.g., business units) are difficult to orchestrate, if at all. With these 

considerations, the integration of all service catalogs within a large enterprise into a consolidated catalog is advocated 

. 

 
 

Fig 4: Architecture Performance Comparison – Federated vs. Centralized 
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V. IMPLEMENTATION CONSIDERATIONS IN LARGE-SCALE ENTERPRISES 

 

Strategic Models for Information Integration in Large-Scale Enterprises: Implementation Considerations. In recent 

years, a plethora of technical solutions and business best practices for cross-functional service optimization have 

emerged. Nevertheless, for all sizes of enterprises, especially large-scale ones, the potential of service optimization 

continues to lay unfulfilled. These companies usually operate with interdependent functions but without sufficient 

collaboration and alignment. Service optimization at cross-functional level fosters differentiation and yields additional 

business opportunities. The presented research identifies implementation considerations for strategic information 

integration models within large-scale enterprises. Implementation Considerations for Strategic Models for Information 

Integration in Large-Scale Enterprises: Roadmapping and Strategic Alignment Various organizations have an 

information management strategy that considers aspects such as information provenance, information quality, business 

context of the information consumption, data modelling, technologies to store data, and use cases for data usage. 

Nevertheless, for large-scale enterprises, especially for those that experience a federated information architecture, 

adequate information integration is still missing. Therefore, large-scale enterprises should pursue a strategic 

information integration model to support cross-functional service optimization initiatives. A careful and gradual road-

mapping of the implementation plan is highly recommended, aligning it with the already existing information 

management strategy. 

 

In large-scale enterprises, the support of information management and scientific areas such as ontology management, 

knowledge management, and data stewardship, is necessary for service optimization initiatives to be complete. The 

management and optimization of the set of information-related services—valuable for BPM but still neglected—

operationalize information as a core part of the business. The development of an innovative and up-to-date service 

catalog should be supported by an orchestrator and play a central role in the long-term activities of large enterprises. 

Thus, its construction will bring major advantages although it can be designed and implemented in parallel with other 

information services. 

 

 
 

Fig 5: Service Catalog Integration Roadmap – Phase-wise Metrics 

 

5.1. Roadmapping and Strategic Alignment 

Strategic alignment provides the foundation for effective roadmapping, a linkage architecture that assembles business 

initiatives and contexts across time horizons into coherent programs. Emerging from enterprise architecture, 

roadmapping confluences three distinctive aspects of integration. It assembles relevant resources, programs, operational 

initiatives, schedules, and resource utilizations into a horizontal linkage across distinct periods, and translates the long-

term strategic intentions of the enterprise into actionable terms. Information integration and connectivity are crucial 

dimensions of an enterprise’s roadmapping -- the “who, what, how, and when” of organizational assembly over time. 

Investigating the development of roadmaps and the relationship to enterprise architecture reveals compelling 

similarities in integration strategy, leading to the formulation of a roadmapping capability model and a description of 

synchronization-based roadmapping for large-scale, multi-unit enterprises. Strategic roadmaps also provide a 

foundation for supporting the integration of information, product, service, project, and program initiates. Roadmapping 

assists enterprise transformations for new properties and objectives, spanning business and operations, marketing and 
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deployment programmes, and detailed dependencies. Roadmaps also consolidate developmental and operational 

programmes across complexity cascades for roll-up, summary monitoring and orchestration. 

 

Table 4: Service Catalog and Orchestration Components 

 

Component Purpose Enterprise Value 

Business Service Catalog Lists business-facing services Improves visibility 

Technical Service Catalog Lists IT and infrastructure services Supports technical planning 

Service Orchestrator Coordinates service interactions Enables cross-functional optimization 

SLA Framework Defines performance commitments Improves accountability 

Provenance Layer Tracks origin and transformation Builds trust in shared information 

 

VI. CONCLUSION 

 

The exploration of information quality and information provenance, along with related strategic information integration 

models, contributes to the design of an integrated environment for service optimization. Information quality is 

increasingly recognized as a foundational factor that directly influences enterprise service optimization through data 

provisioning. Well-defined data governance and data stewardship processes clarify who is responsible for information 

quality issues and provide for information quality assurance processes beyond the temporal authority of a specific 

service provider. Information provenance is crucial for determining the quality of information (also in terms of practical 

usefulness for a particular task) and provides essential details for supporting trust between different parties involved in 

the usage of the same piece of information. Finally, the choice between a federated and a centralized data architecture 

has a significant influence on the quality of the information shared between different departments, which in turn affects 

the quality of the services provided by the department, the enterprise, and all external partners involved in special 

processes. 

 

Beyond these aspects, the provisioning of cross-functional services implies that coherent service catalogs are 

established for the departments. Service catalogs represent an essential corporate asset for business service-oriented IT 

planning and for the identification of business process and service orchestration opportunities. The process of naturally 

growing service catalogs should be driven by the necessity of providing public services to other departments, supported 

by service-level agreements that assume the role of a mutual commitment from the department offering the service for 

its quality and promptness and from the department using the service for the detection of possible problem areas, thus 

ensuring feedback for service quality improvement. 
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