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ABSTRACT

Contextual decision intelligence delivers tailored decision support in complex domains, addressing the challenge of synthesizing information from diverse
sources. Enterprise-wide operational automation extends automation capabilities to all routine operational functions, facilitating task execution with
minimal human involvement. A digital cognition framework integrates both research streams, fostering interplay between contextual decision intelligence
and enterprise-wide operational automation.

Operational automation has long been an aspiration but remains elusive, hindered by previously insufficient levels of decision support. Recent advances in
contextual decision intelligence address this issue; contextualized dashboards, for example, provide decision-makers with tailored support. As contextual
decision intelligence matures, it becomes appropriate to extend operational automation to all routine operational functions, enabling tasks to be achieved with
little human involvement. Operation-specific digital cognition grows from limited deployment, enabling the progressive automation of associated activities.
Contextual decision intelligence informs operational automation, which, in turn, influences the performance and timeliness of operational decision support.

Empirical exploration of enterprise-wide operational automation and tangible technical advancement of digital cognition further enrich knowledge in these
areas. The growing body of discovery-based contextual decision intelligence case studies lays the groundwork for enterprise-wide operational automation.
Addressing operation-specific requirements in the limited-domain supervision of operational functions broadens the scope of automation. Opportunities
to enhance contextual decision-intelligence performance via increased reliability, scalability, timeliness, or trustworthiness are identified, with assessment

suitable for any digital-cognition deployment.
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Introduction

Achieving effective Contextual Decision Intelligence (CDI)
requires the democratization of decision support for collective
impact generation across enterprises. The sizable give-and-take
interactive feedback loops between decisions and execution must
be considered in order to achieve Enterprise-wide Operational
Automation (EOA). EOA entails the use of technology and
real-time data to oversee and consolidate enterprise processes.
Automation of enterprise operations takes place at three levels:
technical, procedural, and organizational. The aim of promoting
enterprise decision support systems is to amplify and augment
human capabilities and address Complex Adaptive System
challenges.

The real-time, low-latency, and high-throughput nature of
enterprise processes engenders new risks around system stability,

reliability, performance, and security. Data availability and
quality remain the primary considerations impacting decision
quality, along with the cognitive load on the knowledge workers
and autoresponders (AI/ML-based automated responses). The
exploration of contextual intelligence for Evidence-led Decision-
Making and developing a digital doppelgénger for industry-leading
manufacturing companies is a topical focus.
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Figure 1: Radar Chart — CDI Evaluation Metrics (Validity,
Reliability, Scalability, Timeliness, Explainability) comparing
Traditional DSS vs CDI vs CDI+EOA

J Mater Sci Manufac Res, 2024

Volume 5(7): 1-7



Citation: Siva Hemanth Kolla (2024) Digital Cognition Frameworks for Contextual Decision Intelligence and Enterprise Wide Operational Automation. Journal of
Material Sciences & Manufacturing Research. SRC/JMSMR-269. DOI: doi.org/10.47363/JMSMR/2024(5)228

Contextualization Strategies for Decision Support
Contextualization strategies facilitate contextual decision
intelligence by laying groundwork for deployment: characterizing
methods and differentiating layers. Strategies clarify the context
of a decision, identifying the available data, models for analysis,
and user interfaces employed in delivering insights. Sources of
context include external drivers of change, operational constraints,
and stakeholder requirements. Effectiveness depends on validity
correctness of the insights provided, suitable for the intended
purpose and reliability consistency of performance across multiple
analyses.

Three major classes of strategy can be considered: static context,
dynamic context through data-driven approaches, and dynamic
context through model-driven approaches. Static context supports
scenarios where insight requirements are relatively fixed over time.
Constraints placed on the sensing and analysis of data increase the
quality of the insights presented. Careful selection of the specific
presentations, and the collation of multiple modes of presentation,
can enhance the quality of the sensing for such scenarios. The role
of user interaction in the sensing, generation, and presentation
of insights becomes critical. Appropriate user-centric designs in
either the information architecture or even the greater experience,
are vital if context-driven data analysis is used to satisfy demands
for operational analysis that appear to be perennial.

Dynamic context through data-driven approaches provides a more
temporal sensing capability, allowing responsive sensing and the
generation of awareness rather than analysis of data. The detection
of canonical trends and especially anomalies likely to rupture the
patterns becomes an important part of the sensing.

Table 1: Core Components of Digital Cognition Framework

models

Component Description Enterprise Role Expected
Outcome
Perception Layer | Collects data from Data Acquisition Real-time
enterprise systems and awareness
sensors
Representation Converts data into Knowledge Contextual
Layer meaningful digital Modeling understanding

Reasoning Layer

Applies inferential
logic and analytics

Decision Support

Intelligent
recommendations

Action Layer Executes automated Process Operational
operational workflows | Automation efficiency

Feedback Layer Monitors outcomes and | Continuous Adaptive learning
updates models Improvement

Theoretical Foundations of Digital Cognition

Digital cognition transcends the boundaries of traditional
computing by closely mirroring human cognitive capabilities of
perception, representation, and reasoning. Such parallels have
been more clearly established for perception and representation,
where the use of models, grounded in statistics provides
systems with an understanding of data and artifacts. Despite
the ability to incorporate reasoning into computing systems
through rule engines and deductive databases, such approaches
generally remain contingent upon the models used for describing
the environment. Consequently, reasoning has often been
regarded as an auxiliary process, playing a secondary role in
the functioning of digital systems. This tendency has also been
marked in the area of contextual decision intelligence, where
the quest for operationalization and the emphasis on appropriate
contextualization strategies have often relegated the contribution

of reasoning processes to a position of relative darkness.

Three distinct aspects of digital cognition assist in understanding
how strategic considerations and concerns for contextualization can
be addressed in a coherent manner. These aspects—namely, the use
of digital ontologies, statistical models as digital representations,
and the adoption of an inferential architecture directly concern
perception, representation, and reasoning, respectively. Moreover,
regardless of the particular theoretical affiliations of the component
models or frameworks, the architectural structure allows for a
consistent association of the respective processes to specific
contexts within the data-flow structure of decision-support systems.
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Figure 2: Horizontal Bar — Enterprise Automation Maturity Levels
across Technical, Procedural, Organizational, CDI and EOA tiers

Evaluation Metrics for Contextual Decision Intelligence

The validity, reliability, scalability, timeliness, and explainability of
a decision support system operating in a contextual cognition mode
constitute its key evaluation metrics. Validity denotes the degree to
which the system yields correct outcomes. Reliability characterizes
the propensity of the system to yield correct outcomes. Scalability
gauges the performance of the system in adapting to an increasing
workload and more complex configurations. Timeliness indicates the
duration of the processing cycle from signal acquisition to decision-
making support generation. Explainability denotes the clarity with
which the generated decision-making support can be rationalized.

Measurement procedures typically comprise the specification
of benchmarking datasets and the ensuing executables aimed at
automatically generating the metrics of interest. To substantiate
particular evaluations, concrete datasets are curated and made
available, while other metrics remain defined but not yet assessed.

Layer 2: Selection Criteria

Flexibility
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Architecture Selection for CDI and EWOA

Contextual Decision Intelligence: Concepts and Mechanisms
Contextual decision intelligence provides the foundation and
rationale for the automation of knowledge work in enterprise
contexts. The subsequent analysis establishes a common perspective
on the core concepts of contextual decision intelligence, presents
the mechanisms through which these concepts work together to
create intelligent decision support, and outlines a broad vision of
how this fundamental component integrates with a multi-layer
architecture supporting the automation of decision-making,
intervention, and monitoring activity in a complex system such
as an enterprise.
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The approach maps the constituent data flows, sensing and
inference loops, and action loops that support a comprehensive
sense—act—adapt cycle. The construction and performance of
contextual intelligence technical systems that make it possible
to efficiently automate support and execution of decisions are
then chronicled at the level of detail required to emphasize the
modalities of building decision-support systems that fully realize
contextual intelligence qualities, including data provenance,
validation of output, and performance testing and benchmarking.

Mathematical Formulas
*  Contextual Decision Intelligence Score
CDI = (validity + reliability + explainability) / timeliness

V+R+E

CcDI =
T

*  Operational Automation Efficiency
automation_efficiency = automated tasks / total tasks

AT

AE = —
T

e Decision Quality
decision_quality = data_quality * model accuracy * context
relevance

DQ = DO, X MA X CR

e Timeliness Index
timeliness_index = 1 / processing_time
TI = !
T
*  Scalability Measure
scalability = throughput / workload

TP

S=—1
WL

*  Reliability Score
reliability = successful decisions / total decisions

SD

R=—
TD

*  Enterprise Automation Impact
automation_impact = efficiency_gain + cost_reduction + error_
reduction

EAI=EG+CR+ER

*  Context Adaptation Score
context_score = static_context + dynamic_data_context +model
context

CAS=SC+DDC+MC

*  Risk Governance Index
governance index = compliance score * security score *
auditability score

RGI=CS*S85x4S

* Digital Cognition Performance
digital cognition performance =
representation_score -+ reasoning_score

perception_score +

DCP=PS+RS+RSN

Perception, Representation and Reasoning in Digital Systems
The perception, representation, and reasoning of digital systems
remain crucial for decision quality. Cognitive architectures
for intelligent agents, hybrid schemes employing different
complementary mechanisms, and decision-support systems for
complex tasks have attracted a considerable deal of interest.
Symbolic, statistical, and hybrid models deliver complementary
strengths and exhibit distinctive weaknesses, remaining inadequate
for critical tasks. Declarative, hermeneutic, and generative systems
complement each other in addressing the challenges of complexity.
Ontologies ensuring shared understanding, language-agnostic
embeddings facilitating translation, and inferential architectures
enabling causal explanations are important domains of ongoing
research.

Compared to univariate cognition, corroborated decision
intelligence relies on multiple digital minds operating in
parallel and supporting each other through modular perception,
representation, and reasoning.

CDI & EOA Performance Trajectory
Decision Intelligence Metrics Over Time
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Figure 3: Line Chart — CDI & EOA Performance Trajectory
(Decision Accuracy, Automation Coverage, Operational
Efficiency) over 12 Quarters

Enterprise-Wide Operational Automation: Scope and
Architecture

Digital systems automate processes or parts thereof with little or
no human intervention. Enterprise-wide operational automation
encompasses the mechanization of business processes executed
within or between organizations. It operates at a lower level than
contextual decision intelligence, which supports humans or digital
agents in strategic and tactical decision making. However, the
two domains must be integrated to attain optimal performance
for complex systems. Organizational and process boundaries
lose meaning over increasing granularity, with their dissolution
further facilitated by microservices and event-driven architectures.
Although deployment often requires redesign of business
processes, many use cases can be realized by vertical integration.

Enterprise-wide operational automation differs from digital
process automation in layer, component, and interface structure.
At the lowest level, multiple production execution systems support
the transaction layers of enterprise resource planning systems.
Higher-level components interact across organizational boundaries
through trading partner relationships. Contextualization strategies
for such system-scoped decision support must be identified. Digital
systems are governed by risk management and compliance policies
and procedures. A trustworthy operational environment must
address privacy, accountability, and bias issues.

J Mater Sci Manufac Res, 2024

Volume 5(7): 3-7



Citation: Siva Hemanth Kolla (2024) Digital Cognition Frameworks for Contextual Decision Intelligence and Enterprise Wide Operational Automation. Journal of
Material Sciences & Manufacturing Research. SRC/JMSMR-269. DOI: doi.org/10.47363/JMSMR/2024(5)228

Table 2: Contextualization Strategies for Decision Support

Strategy Type Characteristics Advantages Typical Use
Cases
Static Context Fixed operational High stability Compliance
conditions reporting
Data-Driven Real-time data Fast response Anomaly
Dynamic Context | adaptation detection

Model-Driven Predictive contextual High intelligence Strategic planning
Dynamic Context | reasoning
Hybrid Context Combines data and Better accuracy Enterprise

model adaptation automation

Governance, Compliance and Ethical Considerations
Governance, compliance, and ethics are intertwined and critical
considerations, since the design, development, deployment, and
operation of digital systems must be supervised to guard against
adverse outcomes for individuals, groups, and society at large.
Enterprise-wide operational automation encompasses many aspects
of the system landscape, including the provisioning and operation
of the middleware and communication environment, the support of
vertical and horizontal integration, and the orchestration of internal
and external services. The complexity of the overall system calls
for management, governance, and assurance mechanisms for
operation within risk appetite; regulatory compliance and formal
auditability; and data privacy, protection, and security.

A wide variety of factors drive the definition of these controls; for
example, a banking enterprise must take care to protect customer
data and transaction history even in the development and training
of its operational automation, and the pharmaceutical industry
must carefully manage the use of experimental clinical trial data
so that individual patients cannot be identified. Business practices
must maintain the expectation of confidentiality required for the
smooth operation of mergers, acquisitions, and takeovers. The
consumer products sector must continuously monitor the media
for signs of emerging trends in social acceptance that could cause
a brand to lose its appeal. These and many other considerations
make the definition of these controls more complex and nuanced
than in less regulated sectors.

Digital Cognition and Enterprise Automation Integration
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Figure 4: Grouped Bar — Integration Architecture Pattern
Comparison (Monolithic vs Microservices vs Event-Driven)
across 5 Criteria

Integrating Contextual Decision Intelligence with Operational
Automation

Contextual Decision Intelligence (CDI) can complement
Enterprise-Wide Operational Automation (EWOA) by providing

contextualized support for performance-critical operations. CDI’s
decision-support capabilities respond to evolving circumstances
and market dynamics that influence the desirability and viability
of prospective actions. In turn, operational automation generates
environmental observations that require time-critical responses,
such as risk mitigation and disruption recovery. These interactions
can be formalized as a set of integration patterns that specify
data and control flows, performance implications, reliability
considerations, and security implications.

The integration patterns identify commonalities and differences
between CDI and EWOA; present three categories of integration
architecture monolithic, microservices, and event-driven;
propose criteria for selecting an architecture; clarify patterns
for integrating different types of decision-support functions;
and offer both deployment and interoperability considerations.
Combined, these elements can help practitioners to devise and
implement effective strategies for integrating these systems and
their respective functions.

Jpres—— E———

i ot Vs

Sense—Act—Adapt Digital Cognition Cycle

Architectural Patterns for Integration

Contextual decision intelligence and enterprise-wide operational
automation are mutually relevant in various ways. Systems for
operational automation rely on contextual decision intelligence
for improved accuracy and interpretability of rules, and contextual
decision intelligence benefits from operational automation to
ensure that decisions are enacted in a timely and efficient manner.
The most straightforward way to establish this integration is
to adopt a monolithic architecture where contextual decision
intelligence and operational automation are implemented in a
single software system or environment. However, a monolithic
architecture may limit the degree of separation between contextual
decision intelligence and operational automation— separate
development, management, and governance frameworks may be
required to control machine learning-based contextual decision
intelligence in a multi-stakeholder context. In addition, custom
development is needed where a monolithic architecture becomes
too constricting for effective functionality, especially where
specialized operational automation systems are being created.

Digital Cognition Framework Adoption
by Industry Domain
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Figure 5: Donut Chart — Digital Cognition Adoption by Industry
Domain (Manufacturing, Smart Cities, Aerospace, Nuclear,
Maritime, Building Automation)
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Case Studies and Empirical Evidence

The penultimate section summarizes diverse case studies as an
empirical foundation for contextual decision intelligence. Reported
application domains include aerospace, nuclear power, building
automation, smart cities, and autonomous maritime systems; a
manufacturing-focused cogitation serves as a detailed industry
example.

Aerospace uses digital twins integrated in a simulation and training
environment supporting crew collaboration and interaction with
flight systems. The decision-support strategy encompasses sensor
data analysis, dynamic simulation, and crew perception of training
scenarios. Proof-of-concept implementation of a nuclear plant
integrated operator model provides early warning and decision-
support data on severe accidents. A real-time warning layer
senses and interprets data from a supervisory control and data
acquisition system, assessing risks associated with exospheric
conditions for satellites. A maritime example realizes a digital-
command cognition architecture enabling vessel autonomous
operations and multisource data ingestion. The naval-skilling
strategy demonstrates deep-learning training of the variable wind
component using sensor data during existing sailing for predicted
arrival time.

Table 3: Evaluation Metrics for Contextual Decision

Intelligence
Metric Definition Measurement
Indicator

Validity Accuracy of Decision correctness
decisions (%)

Reliability Consistency of Failure rate
outputs

Scalability Ability to handle Throughput increase
growth

Timeliness Response speed Latency (ms)

Explainability Transparency of Interpretability score
recommendations

Industry Case: Manufacturing and Logistics

A case study on manufacturing and logistics illustrates how digital
cognition strengthens contextual decision intelligence, enterprise-
wide operational automation, and their integration. Focused on
three major companies in the sector, the study examines the
development and deployment of digital cognition across the full
breadth of business functions. Measurable business, financial,
environmental, and social outcomes support the business case,
while broader lessons address key implementation challenges and
considerations for inter-company transferability.

Collaboration at different stages is key. Early-stage implementations
benefit from applying the same principles and operating paradigm
to closely aligned functions—such as sales and operations planning
or demand and supply chain fulfilment—within a single company.
These digital cognition implementations also create meaningful
business momentum, generating excitement and interest for further
projects both within and across companies. In the later stages,
industries profit from solving shared problems. Common interests
create a natural forum for collaboration, drawing participants from
across the sectors in the major regions of demand and supply.
Frequent engagement, often in a workshop format, enables
participants to steer the focus, content, and investment of cross-
company initiatives.
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Figure 6: Scatter Plot — Contextualization Strategy Effectiveness:
Static vs Data-Driven vs Model-Driven dynamic context against
decision accuracy

Conclusion

In summary, the investigation confirms that a novel research
direction focusing on contextual decision support and enterprise-
wide operational automation can yield significant advances in
the performance of human-centered digital systems. Contextual
Decision Intelligence offers a framework for defining, structuring,
and evaluating user-enabled digital systems that interact with data,
models, and external agents in context-sensitive and adaptive
ways. Integrating Contextual Decision Intelligence and Digital
Cognition thus equips a Wide Operational Automation System
with greater capabilities for reliable, trustworthy, and high-
quality operation over extended periods. These contributions are
especially relevant for Industry 4.0 environments, where feedback
loops between sensor-actuator pairs can be closed across the entire
enterprise [1-70].

Contextual Decision Intelligence has the potential to help assess
and ultimately close the gap between human cognition and Digital
Cognition, thus establishing the foundations of more informative
digital twins that Involve Humans in Their Operations in a Context-
Sensitive Way. Successful Digital Cognition enables an enterprise
to sense, learn, and act in ways that are synchronized with the
operation of the physically embedded systems in its factories and
logistics networks.
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