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Abstract 

 
Knowledge-Centric Enterprise Intelligence combines 

autonomous reasoning with contextual information retrieval 

to support decision-making that is transparent and evidence-

based. Autonomous reasoning automates portions of 

enterprise decision-making, particularly for problems that 

recur, must be resolved in real time or at short intervals, or 

follow predictable patterns. Realizing its predictive potential 

requires reducing reliance on manual configuration, so that 

decisions are made in ways that account for uncertainty in 

the underlying causal models while remaining interpretable 

within the context of the system that produced them. While 

autonomous decision support shares similarities with case-

based reasoning, its distinguishing focus is on managing the 

decision-making process itself, rather than merely 

generating a final recommendation or organizing support for 

human decision-makers. This work examines the goals, 

capabilities, limitations, and evaluation metrics of 

autonomous reasoning in business settings, comparing three 

paradigms: rule-based, probabilistic, and hybrid approaches. 
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1. Introduction 

Knowledge-Centric Enterprise Intelligence 

integrates autonomous reasoning and contextual information 

retrieval to enhance decision-making with transparent, 

evidence-based processes. Enterprise Intelligence makes 

specific decisions based on situational circumstances, 

beyond purely predictive techniques. Advanced enterprise 

architectures share a structural dependency with Knowledge 

Graph solutions. Similarities with Knowledge Graph 

management mechanisms and contextual information 

retrieval are evident. Both approaches focus on dynamic 

databases and the interplay among the data management, 

knowledge management, decision support, and knowledge 

representation layers. 

Table 1. Components of the Knowledge-Centric Enterprise 
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Autonomous Reasoning is contrasted with 

predictive reasoning. Goals, capabilities, and drawbacks of 

reasoning paradigms applicable to the enterprise decision-

making context are summarized. Rule-based, probabilistic, 

and hybrid reasoning paradigms are examined. 

Complementary evaluation criteria across three distinct 

qualities required for Autonomous Reasoning—autonomy, 

explainability, and reliability—are defined. 

A. Autonomous Reasoning Paradigms 

- Knowledge and Vision Evaluation: Evaluation of 

the capability of complex systems to generate and update 

transparent Knowledge Bases that capture the Knowledge 

and Vision of the enterprise on any topic of interest 

- Semantic Reasoning Evaluation: Analysis of the Novelty 

and Impact of Inferences made by a Semantic Reasoning 

Component that can independently reason and detect hidden 

valid knowledge not present in the Knowledge Base that 

could be either true or false 

Other evaluations guarantee adequate performance, namely: 

- Explanation Evaluation: Evaluation of the 

capability of a complex intelligent system to explain all its 

decisions and recommendations 

- Privacy Evaluation: Evaluation of the Privacy Guarantees 

provided by the intelligent system and its components 

Table 2. Comparison of Autonomous Reasoning Paradigms 
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2. Foundations of Knowledge-

Centric Enterprise Intelligence 

Knowledge-Centric Enterprise Intelligence 

integrates autonomous reasoning and contextual information 

retrieval to enhance decision-making with transparent, 

evidence-based processes. 

The Shaping Tomorrow’s World initiative aims to 

create an autonomous and contextual information-centric 

enterprise intelligence. Such systems support decision-

making or action selection and reduce associated workloads. 

Operation is supported by evidence- augmented information 

retrieval. Exploring the autonomous reasoning aspect 

identifies automation goals and capabilities, considered 

primarily from an enterprise perspective. Next, the 

capabilities and limitations of reasoning paradigms are 

summarized and compared—rule-based, probabilistic, or 

hybrid systems. To facilitate meaningful comparisons and 

informed technology selection, metrics for autonomy, 

explainability, and reliability are defined. 

Table 3. Data Layer and Knowledge Layer Comparison 

Feature Data Layer Knowledge Layer 

Storage Type 
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Database 
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Modern enterprises amass extensive data stores 

over time, but current approaches do not account for this 

depth of knowledge. Instead, proponents often assume and 

exploit a conceptual knowledge structure. Retaining this data 

access provides potential for augmented information 

retrieval from reference or contextually matched data. Data 

workloads can be increased by retrieval operations. Full 

integration of information-retrieval workloads permits 

action selection while preserving contextual coherence. The 

integration of provenance tracking and associated auditing 

directly aligns enterprise workload distribution with 

regulatory considerations. 

A. Knowledge Representation and Ontologies 

Data interpretation and sense-making in complex, 

dynamic worlds requires extra information beyond the 

available raw or pre-processed data. Knowledge represents 

the content of that extra information, which pervades and 

influences every aspect of intelligent reasoning, learning, 

and decision behaviour. While critical to intelligent 
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behaviour, it is notably one of the weakest elements in 

today’s cognitively-inspired systems. Two requirements, 

among others, for a more convincing treatment of 

knowledge are 1) a proper degree of realism, with 

embedding ontological prior knowledge that finances richer, 

more reliable, faster learning; and 2) support for knowledge 

evaluation and validation, which is especially pertinent for 

large-scale, crowd-sourced knowledge bases. 

With this foundation, the specific aspects of 

knowledge representation and ontologies that require 

treatment within Knowledge-Centric Enterprise Intelligence 

(KCEI)—simplified demonstrations of the benefits of 

knowledge-driven, rather than data-driven, reasoning as 

applied to EIs—are carefully outlined and motivated. These 

aspects include the design criteria underpinning ontologies, 

the specification of domain ontologies using conceptual 

schemas, the construction of domain-specific taxonomies 

and other kinds of ontologies, the principles governing the 

alignment of these specific ontologies with one another, and 

the advantages of leveraging upper ontologies to facilitate 

semantic interoperability among the data sources of the 

enterprise and the reasonable controllers thereof. 

Table 4. Evaluation Metrics for Knowledge-Centric 

Enterprise Intelligence 

Metric Description Measurement 
Expected 

Objective 

Autonomy 

Score 

Degree of 

automated 

decision 

making 

Percentage Maximize 

Explainability 
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Correct 
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Metric Description Measurement 
Expected 

Objective 

Retrieval 
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retrieval 
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Retrieval 
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Recall High 
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High 
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Rate 
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3. Architectural Frameworks 

To achieve Knowlodge-Centric Enterprise 

Intelligence in a seamless manner it is beneficial to clearly 

separate the data layer of an information system from the 

knowledge layer. Such Architectural Frameworks are 

common in data lakes and knowledge graphs. In these 

architectures, the information stored in the data layer 

constitutes a Data Store frequently implemented in a 

traditional relational DBMS. The information stored in the 

Knowledge Store, usually an information store 

implementing a Knowledge Graph, is produced by a set of 

processes or procedures. These processes or procedures 

consume information from the Data Store and produce 

information for the Knowledge Store. These two layers are 

loosely coupled making it possible to operate and manage 

these layers independently. Communication is usually 

achieved source-produting SQL query against the Data Store 

and SPARQL query against the Knowledge Store. Since, due 

to the heterogeneity of the data sources composing the Data 

Store, information staled in the Data Store may become 
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inconsistent in short time, it is important to provide all the 

information necessary to keep the Knowledge Store 

consistent and up-to-date. 

Mathematical Formulas:  

1. Enterprise Intelligence Decision Function 

𝐷𝑡 = 𝑓(𝐾𝑡 , 𝐶𝑡, 𝑅𝑡, 𝐺𝑡) 
 

Where 𝐷𝑡is the enterprise decision, 𝐾𝑡is knowledge state, 

𝐶𝑡is contextual information, 𝑅𝑡is reasoning output, and 𝐺𝑡is 

governance constraint. 

2. Contextual Retrieval Score 

𝐶𝑅(𝑞, 𝑑) = 𝛼 ⋅ 𝑆𝑖𝑚(𝑞, 𝑑) + 𝛽 ⋅ 𝑅𝑒𝑙(𝑑, 𝐶) + 𝛾 ⋅ 𝑇𝑟𝑢𝑠𝑡(𝑑) 
 

Where 𝑞is query, 𝑑is document, 𝐶is context, and 

𝑇𝑟𝑢𝑠𝑡(𝑑)is source reliability. 

3. Autonomous Reasoning Output 

𝑅𝑡 = arg⁡max⁡
𝑎∈𝐴

𝑃(𝑎 ∣ 𝐾𝑡 , 𝐶𝑡, 𝐸𝑡) 

 

Where 𝑎is an action, 𝐾𝑡is knowledge base, 𝐶𝑡is context, 

and 𝐸𝑡is evidence. 

4. Knowledge Graph Consistency 

𝐾𝐶 = 1 −
𝑁𝑐𝑜𝑛𝑓𝑙𝑖𝑐𝑡

𝑁𝑡𝑜𝑡𝑎𝑙
 

 

Where 𝑁𝑐𝑜𝑛𝑓𝑙𝑖𝑐𝑡is the number of inconsistent triples and 

𝑁𝑡𝑜𝑡𝑎𝑙is the total number of knowledge triples. 

5. Knowledge Layer Update Function 

𝐾𝑡+1 = 𝐾𝑡 + Δ𝐷𝑡 + Δ𝑃𝑡 
 

Where Δ𝐷𝑡represents new data updates and Δ𝑃𝑡represents 

provenance-enriched updates. 

6. Provenance Reliability Score 

𝑃𝑅𝑆(𝑥) =
𝑉𝑥 + 𝑇𝑥 + 𝐴𝑥

3
 

 

Where 𝑉𝑥is validity, 𝑇𝑥is traceability, and 𝐴𝑥is auditability 

of data item 𝑥. 

7. Explainability Index 

𝐸𝐼 =
𝑁𝑒𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑

𝑁𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑠
 

 

Where 𝑁𝑒𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑is the number of decisions with 

explanations and 𝑁𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑠is the total number of decisions. 

8. Autonomy Level 

𝐴𝐿 =
𝐷𝑎𝑢𝑡𝑜

𝐷𝑡𝑜𝑡𝑎𝑙
 

 

Where 𝐷𝑎𝑢𝑡𝑜is the number of autonomously executed 

decisions and 𝐷𝑡𝑜𝑡𝑎𝑙is the total number of decisions. 

9. Retrieval-Augmented Reasoning Score 

𝑅𝐴𝑅 = 𝜆𝑅𝑡 + (1 − 𝜆)𝐶𝑅𝑡 
 

Where 𝑅𝑡is reasoning confidence, 𝐶𝑅𝑡is contextual 

retrieval score, and 𝜆controls reasoning–retrieval balance. 

10. Decision Reliability 

𝐷𝑅 = 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 × 𝑇𝑟𝑢𝑠𝑡 × 𝐶𝑜𝑛𝑠𝑖𝑠𝑡𝑒𝑛𝑐𝑦 

 

Where 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦, 𝑇𝑟𝑢𝑠𝑡, and 𝐶𝑜𝑛𝑠𝑖𝑠𝑡𝑒𝑛𝑐𝑦measure the 

correctness, source reliability, and knowledge coherence of 

enterprise decisions. 

Knowing the inconsistency of the information 

inside the Data Store, updating the information in the 

Knowledge Store deriving from the Data Store become 

crucial. Latency may be a problem in Knowledge Graph 



 

6 | P a g e  
 

Enrichment since processes may take time to produce the 

enriched Knowledge Graph. For this a caching mechanism 

can be implemented, keeping the enriched Knowledge 

Graph in memory. In this case during the caching time the 

un-enriched . 

A. Data Layer and Knowledge Layer Separation 

Intelligent agents rely on a combination of 

different sources of knowledge to answer queries in real 

time. The Knowledge-Centric Enterprise Intelligence 

approach separates commonly used data stores from 

expensive knowledge stores and determines a strategy to use 

both types of storage transparently. Imitating an enterprise 

environment, two storage layers are defined: a traditional 

data layer, which follows the relational data model, and a 

knowledge layer, where content is represented using an 

ontological model. These two storage mechanisms are 

persistently synchronized and interact with each other 

through specific operations. Such a division allows an 

efficient management of both types of storages, taking 

advantage of fast data access while still allowing expressive 

reasoning and inference. 

 

Fig 1: Reasoning paradigm comparison — Bar chart 

contrasting rule-based, probabilistic, and hybrid systems 

across five key dimensions (autonomy, explainability, 

reliability, adaptability, scalability). 

While both data stores and knowledge stores are 

used in parallel, the data layer usually answers most queries. 

This is possible because the files stored in the data layer are 

normally accessed many times during a query. Therefore, the 

strategy consists of caching in the data layer all data required 

by the knowledge layer, either by proxying the queries or by 

preloading the data. When the query that requires the 

knowledge store does not return invalidation messages, this 

query response is cached in the data layer. When the amount 

of cached information in the data layer increases, a purge 

mechanism is executed to remove unused elements, it is also 

possible to track which elements of the knowledge layer are 

being used by the data layer, and therefore make the purge 

mechanism smarter. 

 

Fig 2: KCEI architectural framework — Structural 

diagram of the two-layer architecture with the strict 

data/knowledge layer separation and caching middleware in 

between. 

4. Methodologies for Integration 

Knowledge-Centric Enterprise Intelligence 

capabilities are applied within enterprise systems, in 

particular the features of autonomous reasoning, to enable 

and improve information retrieval tasks when supported by 

known and trusted information sources. These features are 

enabled through the application of specific methodologies 

tailored for integration-level concerns, such as the 

construction of the underlying information ecosystem or the 

enforcement of data governance. Although the emphasis is 

placed on autonomous reasoning, aspects of contextual 

information retrieval and their interaction with knowledge 
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creation and exploitation functions are noted in some of the 

presented methodologies. 

 

Fig 3: ADE metric radar — Radar chart of the four 

Autonomous Decision-making Evaluation sub-metrics, 

comparing target capability against a typical system 

baseline. 

Implementation of these integrations begins with 

a focus on data governance and information provenance, two 

aspects that open and close the integration loop. Formal 

policies and guidelines ensure that data remains in the 

expected conditions throughout its lifecycle and that all 

resulting knowledge usage and modifications can be reliably 

traced, thus supporting the complex background knowledge 

indispensable for the formal verification of enterprise 

decisions and actions during subsequent provenance-based 

information retrieval operations.  

5. Conclusion 

Progressively maturing knowledge-centric 

enterprise intelligence that integrates autonomous reasoning 

with contextual information retrieval is emerging. 

Autonomous reasoning aims to support complex decision-

making processes by inferring conclusions from sparse 

information with minimal to no human intervention. 

Emphasis has shifted from the cognitive capacities of such 

systems to the cognitive and explicit aspects of their 

operation. Contextual information retrieval aims to enhance, 

enrich, or explain the decisions made by autonomous 

reasoning through the targeted retrieval of supplementary 

information stored in structured and semi-structured 

databases rather than unstructured data sources. 

The performance of autonomous reasoning is 

commonly evaluated against a set of metrics defined by the 

deployed reasoning paradigm, such as accuracy and 

reliability, explainability, and responsiveness. A knowledge-

based system designed for enterprise environments should 

fulfil the following requirements: operation at varying levels 

of autonomy; transparency in its reasoning processes; a 

complete description of its assumptions and data at the time 

of decision-making; and a clear delineation of when and why 

supplementary information is retrieved. 
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