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Chapter 1: Foundations of the Autonomous Data 

Enterprise 

1.1. Introduction 

With rapid technological and market changes, companies face more complexity and 

uncertainty—and better-informed competition—than ever before. The pandemic 

accelerated many existing trends, exposing weaknesses in static business models and 

operations. Some companies are capitalizing on the turmoil by developing new, more 

resilient business designs, using advanced data and analytics to strengthen their product, 

service, and go-to-market offerings, to focus and improve their execution, and ultimately 

to enhance their economic performance. Such capabilities form the foundation of what 

is termed an Autonomous Data Enterprise (ADE). The concept marks the culmination 

of more than two decades of development in enterprise data architecture, offering 

companies the opportunity to support the rapidly rising demand for insight, direction, 

and decision-making at all levels of the business. 

Data-driven decision-making is not new, of course. But the pivotal role of data for real-

time management of every aspect of the business has taken on new urgency. Digital 

transformation efforts have been hampered by inadequate decision-making at local, 

operational levels of the business. Mastery of a data-driven culture requires progressing 

through an adoption curve that gradually shifts the burden of data preparation, discovery, 

and analysis to the business teams. Moreover, the rapidly accelerating demands for 

advanced analytics, machine learning, and artificial intelligence at scale can no longer 

be met by manual provisioning, infrequent updates, and stovepiped implementation. An 

ADE brings such capabilities together. 

1.1.1. Background and Significance 

Because the Autonomous Data Enterprise is grounded in capabilities and governance 

required to provide data at scale, early development focused on data quality and trust in 
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data. Ensuring sufficient data quality in the broader sense (including coverage, 

reliability, timeliness, renewal, and accessibility) requires consideration of the end-to-

end data-factory processes. These data-factory processes can be automated, and subject 

to patterns like automated refresh, self-service prodution, and external data feed, but the 

appropriateness of the automation decisions depends on patterns in data demand. 

 

Fig 1.1: Foundations of the Autonomous Data Enterprise 

Autonomous enterprise data capability is not new; it has evolved over multiple decades. 

Growth of the internet facilitated wider access to and greater reliance on data. The 

proliferation of analytics and the emergence of advanced analytics, artificial intelligence, 

and machine learning in particular, increased demand for data that could support alpine 

levels of analysis. The combination of these two forces drove the emergence of data 

ecosystems—sharing and collaboration between enterprises to fill data gaps for 

analytics. Telco companies, for instance, have worked with financial services to 

monetize insight for credit scoring—using telco data to enhance financial modelling. 

Through these ecosystems, a data offering enabled faster, more flexible, and, oftentimes, 

cheaper insight compared with traditional internal services. An earlier stage of evolution 

in the data-and-analytics capability was the self-service capability providing BI tools to 

business users, which supported tapping into the data lakes. 
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1.2. Conceptual Framework of the Autonomous Data Enterprise 

Research design follows standard social science practice. First, the research question is 

identified and translated into two models. To help answer the Core Concept questions, 

Core Components models are developed. Each model is progressively populated to build 

a Conceptual Framework. This Framework answers four Conceptual Framework 

questions: 1. What drives enterprises to seek autonomous data capability? 2. How is that 

capability achieved? 3. What value is created? 4. What change is needed to realise that 

value? These contextual questions guide research at multiple levels using qualitative and 

quantitative methods. 

Research question and models 

The Autonomous Data Enterprise Proposition claims that Data autonomy is a business-

quality indicator related to enterprise capability to create business value from data. Value 

creation depends on three Core Components: Data Governance, Data Platform, and 

Analytics. Each is defined, and autonomous capability is measured using 

theoretical/empirical benchmarks to establish current position, adoption stage, and 

degree of change required to create business value. These answers guide subsequent 

research. 

Model-driven design is applied, where a modelling approach identifies enterprise 

characteristics, valuables, strategy, shortage, and feasible solution. The model is 

interrogated to determine industry drivers, the pervasive shortage requiring a solution, 

related business norm, and resolution pathways. The resulting models establish direction 

for subsequent work. 

1.2.1. Research design 

The main part of the research consists of a theory-based investigation of data autonomy 

in data management and analytics. Theory is drawn from the disciplines of economics, 

organizational theory, information systems, and data science. The objective is to show 

that data autonomy is fertile ground for the generation of formal and practical theory. 

The empirical basis consists of several in-depth case studies supported by benchmarks 

and interviews with experts, practitioners, and consultants. The basic design of the 

research is a logic model that brings together the determinants of adoption, autonomous 

outcome levels, value measure and creation, change management, and risk topics such 

as compliance, cybersecurity, and ethical norms. 

The development of a seriously autonomous data capability is often hampered by data 

quality, trust, and provenance issues. Data autonomy on the production side is supported 

by data integration and transformation. On the consumption side, the need to provide 
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reliable data services for advanced analytics at scale leads naturally to automation 

patterns—clear, well-defined, and frequently used combinations of data preparation and 

provision activities that lend themselves to automation and orchestration, including 

escalation procedures. Data services for advanced analytics at scale also call for a high 

degree of orchestration across production and consumer activities, to enable efficient 

and rapid response to the demands of self-service analytics and exploratory analytics 

such as data discovery. 

1.3. Core Components: Data Governance, Data Platform, and Analytics 

An Autonomous Data Enterprise integrates three complementary core components: Data 

Governance, a Data Platform, and Advanced Analytics at Scale. Data Governance 

determines how data and analytics assets—models, algorithms, datasets, applications, 

and physical resources—are created, managed, and used. The data platform provides the 

infrastructure for data and analytics and supports their development, testing, production, 

and administration. Advanced analytics enables the enterprise to create and operate 

models that deepen understanding of its ecosystems and partners, improve decision-

making, and help achieve contextualized outcomes. These components interrelate, 

interact, and affect one another in complex ways. A failure to prioritize any of the three 

can degrade the efficacy of all and thus the overall level of autonomy. 

Data Governance in an Autonomous Context 

The establishment of an effective Data Governance capability is a foundational 

requirement for building an Autonomous Data Enterprise. No organization can be truly 

autonomous unless it is able to define and enforce how the data, models, algorithms, 

applications, and systems used by its citizens are created and managed, how they can be 

consumed and deployed, and who can take decision-risk on their quality and risk 

assessments. Yet in many organizations, business access to trusted data remains 

hamstrung by a lack of clear data ownership and decision rights. 

The growing use of advanced analytical techniques—particularly AI—adds urgency to 

the governance mandate. While it is difficult to architect appropriate principles for many 

traditional use cases, it is almost impossible to do so for complex AI models that draw 

on multiple data sources and span multiple business areas. The risks of using advanced 

analytical techniques also far outweigh the potential rewards, as recent headlines clearly 

illustrate. Thus, Data Governance must not only fulfill the conventional role of allowing 

business users to discover, trust, and use data assets safely but also set the strategic 

direction for AI and support its deployment by identifying priority use cases, putting the 

appropriate controls in place, and addressing both ethical and compliance considerations. 
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Fig 1.2: Core Components Data Governance, Data Platform, and Analytics 

1.3.1. Data Governance in an Autonomous Context 

The foundation of autonomous data capability is an effective Data Governance Program. 

A Data Governance Framework defines the principles, policies, standards, roles, 

responsibilities, decision rights, and accountabilities to ensure that Data Owners can 

protect data as a valuable enterprise asset and to strive for the Secure, Trusted, and 

Provenable premises. In an Autonomous Data Environment, the core focus of Data 

Governance is to establish the right level of protection for data to foster the desired level 

of trust and the appropriate level of automation for different types of transactions so that 

the desired Operational Efficiency and Risk-Adjusted Return can be achieved. 

Building on the established foundations and practices of Data Governance, future-

oriented enterprises will create an Autonomous Data Environment with a Data 

Governance Framework that empowers Data Owners to establish and maintain the 

Secure, Trusted, and Provenable premises. These premise characteristics of data can be 

achieved through appropriate investment in the underlying Data Governance 

Framework. It is the level of desire to strengthen these premise characteristics that 

determines the level of investment. Establishing and maintaining these key 

characteristics of data will enable higher levels of Risk-Adjusted Return and Operational 

Efficiency. 
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1.3.2. The Autonomous Data Platform Architecture 

A platform-based architecture is fundamental for data to be discoverable, sharable, 

interoperable, and composable. It consists of multiple layers: the physical infrastructure 

layer—a cluster in the cloud or on-premises—provides resources; the storage layer, built 

on inexpensive hardware, has intrinsic data redundancy and fault tolerance; the 

processing layer abstracts resources via a distributed execution engine; and the 

orchestration layer manages the execution across multiple data engines. Above the 

prosaic storage and processing layers sit the vault, data marketplace, feature 

marketplace, AI training, and knowledge layer. 

Platform architectures describe different types of products—cloud providers, application 

platforms, data platforms—and services. A global cloud provider forms a multi-layer 

global platform, but companies require their own data platform supporting multiple data 

engines. Such an autonomous data platform acts as a broker organizing data and 

processes that support integrated operations across different business functions and 

divisions of the enterprise. 

Multiple data engines executing on the same data sets, enabled by logical data fabric 

solutions, simplify the management of these complex architectures. Such execution 

patterns, together with orchestration engines exposing the services and processes 

available in the data marketplace, define the data-as-a-platform concept. 

1.3.3. Advanced Analytics and AI at Scale 

Advanced analytical techniques and artificial intelligence are deployed in the 

Autonomous Data Enterprise to deliver insights and automations at scale. These can 

include supervised learning models (e.g., classification and regression), unsupervised 

models (e.g., clustering and dimensionality reduction), and complex spatial-temporal 

models. Such models may use any data sources, including unstructured and streaming 

datasets, and can be deployed in batch or online modes. 

Each model’s application comes with its own considerations for deployment, use, and 

governance. The Autonomous Data Enterprise provides the necessary infrastructure and 

supporting mechanisms to enable coordinated execution and responsible scaling of 

complex analytical techniques. 

Automated analytics may be generated by data scientists, business analysts, or business 

users. Characterizing the full deployment scope of advanced analytics comprises three 

steps. First, an inventory of models requirements and an as-is inventory of models in 

production or near-production is developed. Secondly, these are supplemented with a 

list of additional models required by Enterprise stakeholders. Finally, all model 
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requirements are classified by who has the best position to implement, manage, monitor, 

and maintain these models. 

1.4. Economic and Organizational Impacts 

In an age of mounting economic pressures, companies face strong demands to use 

analytics-based insight to reduce costs and achieve efficiency. Overlaying the 

technology adoption curve are multiple digitally driven pressures on an organization’s 

culture. The growth of fast-moving digital-only companies makes newer hires less 

tolerant of traditional hierarchy and bureaucracy. Fewer people are willing to stay within 

an organization for their entire working life. Therefore, the large organizations that want 

to leverage their resources and brand to compete need to shift to being faster, less 

expensive, and more engaging to work for. 

The concept of the autonomous data enterprise has core implications for achieving value 

from data while also recognizing the underlying organizational culture and management 

changes that must be addressed. Surveying more than 100 individuals from over 50 

organizations in multiple sectors, insights into the technology and people-related aspects 

were revealed. 

The idea of the autonomous data enterprise leverages three core areas—data governance, 

orchestration, and automation—to empower organizations to achieve advanced analytics 

and artificial intelligence (AI) at scale while enabling the technology-focused business 

community to deliver the same speed-to-value. The result is a compound effect: speed, 

scale, reduced cost, and reduced risk in producing consumable and trusted data products. 

Such products can then be used by different business units to drive their business 

outcomes, producing a bottom-line impact through improved sales performance, reduced 

costs, or improved customer insights. 

1.4.1. Value Creation and Measurement 

Three interrelated lines of inquiry concern the business value of advanced analytics 

initiatives: demonstrable returns on investment, metrics for responsive, data-driven 

decision making, and formal value realization strategies. Despite a decade of extensive 

academic and practitioner research and writing, substantial evidence confirming the 

contribution of analytics and associated technologies toward enterprise profitability and 

other performance indicators remains elusive, and firms still struggle to consistently 

execute effective analytics projects. 

Measurable ROI calculations remain dependent on careful calculations across a wide 

range of inputs, many of which are soft measures that do not lend themselves to accurate 
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ongoing maintenance. Distinguishing the value created from deep domain knowledge 

embedded into a mathematical model from the additional value of implementing the 

model upon an automated platform becomes challenging. Indeed, the pure multiplication 

of business impact achieved through advanced analytics alone easily results in 

overstating value despite the multitude of unexploited opportunities. Neither recent 

academic research exploring changes in companies’ stock market performance 

surrounding the announcement of analytics-related acquisitions nor comprehensive 

industry surveys provide clear, consistent signals regarding the impact of analytics and 

AI investments on financial metrics. 

As a consequence, organizations engage in advanced analytics not to maximize revenues 

but to embed data analysis directly into their decision-making processes in order to 

enhance real-time responsiveness. Formalized frameworks for proactively tracking and 

embedding the rapidly changing set of identified projects into company-wide operations 

and decision-making cycles remain rare. 

1.4.2. Change Management and Skill Requirements 

Adoption of the Autonomous Data Enterprise has a characteristic curve, with early 

adopters achieving significant economic and organizational benefits. Subsequently, 

speed-to-value tapers, and it can take several years for the majority to traverse the chasm, 

reflecting the time and investment required to mature the supporting capabilities. Most 

organizations find that initiatives targeting governance, risk, and compliance offer the 

best early return, with automation, orchestration, and self-service spanning the divide 

between the early and late majority. Algorithms and models soon follow, being 

inherently difficult to automate, while advanced analytics and AI at scale, although less 

prevalent in sectors such as insurance, are often viewed as the holy grail. 

Part of the appeal of an autonomous capability is the promise of democratization, of 

enabling a wider base of users to apply algorithms and models to their data. However, 

the opposite is usually true: demographic talent shortages mean that training programs 

are required to create skilled practitioners, while dedicated teams of data scientists still 

produce the most valuable business outcomes. Support from change management 

practitioners with a good understanding of AI technology is advisable to drive outcomes. 

An autonomous data capability, like any data strategy, is a top-down initiative, and 

governance needs to change to reflect the non-hierarchical nature of the capability's 

inception. 
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1.4.3. Risk, Compliance, and Ethics 

Enterprises deploying Autonomous Data capabilities must consider risk and compliance 

across operational, reputational, regulatory, legal, and ethical dimensions. Norms, 

controls, and accountabilities must be assigned across these dimensions for each 

automated process and analytical model. Risk management, compliance, and ethics 

functions must clearly articulate how they will exert the right level of control over 

autonomous technologies while also enabling new types of self-service solutions to 

deliver additional value. Investments in new governance technologies will likely play an 

important part in a successful implementation. 

Autonomous Data capabilities can improve compliance with internal policies and 

external regulations and enable the discovery of previously unknown risks. Advanced 

technologies, including Natural Language Processing (NLP) and Machine Learning 

(ML), can help automate the mapping of business terminology to formal policy 

statements and regulatory requirements. NLP and ML can also improve ethical and 

reputational risk management.  

1.5. Methods for Building Autonomy: Automation, Orchestration, and Self-

Service 

Automating, orchestrating, and promoting self-service in analytics reduce dependency 

on central resources, increase speed, and decrease costs of delivery, and both companies 

and platforms are embarking on these journeys. 

Data Quality, Trust, and Provenance 

A self-service environment cannot fulfill its potential if the data being consumed are not 

trusted. Trust requires good-quality data, clearly labelled, perhaps certified trustworthy 

by the data governance function. Such quality has to be underpinned by sound measures 

for detection and remediation, supported by data lineage, and reduction of data quality 

issues has to be a key metric of any self-service initiative. Automated checks and quality 

metrics that are reported back to the user community can facilitate effective and efficient 

use of data by all. Data provenance capabilities capture and report how data are created, 

transformed, and deleted, thus enabling data users to understand how trustworthy a data 

source is likely to be. 

Automation Patterns and Governance 

Most companies today would say that they automate certain frequent and repeatable 

processes in data management. Marketer’s journey, and controlled automation patterns 

guide others through the automation process. However, there is seldom a true enterprise-

wide catalogue of data management automation patterns (including the requisite 
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management systems, preparation, building, and run–check and fix components) and 

hence no overarching control. Plugging this gap self-service journey means having a full 

catalogue of the automated patterns including.  

 

Fig 1.3: Methods for Building Autonomy Automation, Orchestration, and Self-Service 

1.5.1. Data Quality, Trust, and provenance 

Data quality, trust, and provenance are fundamental attributes for autonomous data 

enterprises. Poor data can result in wasted analytic engagements, decision failures, and 

loss of user trust. Although a substantial body of data quality management and assurance 

research exists, many enterprises still struggle to ensure quality data, corruptions and 

anomalies persist, and trust levels are low. For many organizations, data quality still 

needs to be fully understood or defined, let alone ensured through continuous monitoring 

and validation. 

Key construct attributes are commonly identified in the data quality literature, including 

accuracy, consistency, completeness, and relevance. A data quality guild or data quality 

czar can help to establish and maintain an enterprise-wide data quality profile resulting 

in higher trust levels. Measurable data quality metrics should be established for the most 

important datasets. Automated controls should ensure that online processed and should 

identify when data quality breaches or deteriorations occur. Provenance records for 

important processed data sources should be encoded as they are created. Provenance 

records should also be made discoverable to data consumers so that they are aware of 
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the presence of quality metrics and controls, along with having additional contextual 

knowledge to help them assess quality. 

1.5.2. Automation Patterns and Governance 

Automation of routine processes has progressed rapidly, aided by technologies such as 

artificial intelligence (AI), robotic process automation (RPA), natural language 

processing (NLP), and intelligent document processing (IDP). Automation technique 

categories relevant to data and analytics include RPA for business processes; data 

science automation for machine learning pipelines; data warehouse, data lake, and data 

preparation automation; and text, computer vision, and speech automation for content 

understanding. 

Automation management defines such features as what to automate, the level of 

automation, roles with governance responsibilities, quality and process checks, error 

resolution, escalation of exceptions, and all other aspects associated with management 

of an automation ecosystem. Organizations should identify the patterns of automation 

best suited for their data, analytics, and data-related business processes. A catalog of 

suitable automation patterns can be developed, along with the associated roles and 

management features required to ensure successful automation deployment. 

Comprehensive consideration of automation patterns empowers organizations to 

prevent, manage, and recover from failures and other issues efficiently and effectively. 

Control and validation checks for data quality management during automation training 

and onboarding, and alternative processing paths in the event of automation failure, are 

illustrative, non-exhaustive examples of the measures that should be defined in 

conjunction with the identification of suitable automation patterns. 

1.6. Case Studies and Benchmarks 

Empirical Evidence and External Validation: Enduring Innovation 

The case for data autonomy rests upon extensive, evidence-based research and a 

technology roadmap leading to the development of the necessary technical capabilities. 

Over a decade of application and progressive realization in enterprise settings have 

underpinned these concepts. Activities directed toward fully realizing the vision of a 

self-driving enterprise continue. Although traditionally a competitive differentiator, 

establishing these capabilities may now be essential for survival in environments 

characterized by digital transformation, post-pandemic economic conditions, and the 

raging generative AI arms race. Consequently, organizations with expanded autonomous 
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data capability are being scrutinized as examples and models for others. The challenge 

of leveraging the full market potential of such capabilities is daunting. 

Designing and supporting an autonomous data ecosystem has been long recognized to 

involve a confluence of talent, technology, process, and adherence to a well-defined set 

of best practices. Market leaders—particularly leaders in the data platform and 

automation tools categories—have produced demonstrabie patterns of success achieving 

ever-increasing degrees of data autonomy. (Patterns that characterize enterprise success 

in continuously striving toward these objectives are informed, catalogued, and made 

easily accessible by marketing organizations; by industry analysts; by consultancies; and 

through peer-reviewed publication.) Increasing data autonomy is proving to deliver 

expanded market growth potential while simultaneously reducing data-related 

operational risk. To be fully effective, however, fulfilling the promise of data autonomy 

requires concurrent, conscious investments in data quality, data trust, data lineage, 

compliance readiness, and a comprehensive pattern library for the resulting automation 

and orchestration systems. 

1.7. Challenges and Strategic Considerations 

The establishment of autonomous data capability is a strategic choice that depends on 

the specific context and motivation of the enterprise. The associated challenges are 

complex and multifaceted, ranging from the economic rationale for action to the 

identification of skills that need to be developed and the management of new or increased 

risks. Ultimately, the introduction of autonomous characteristics should be viewed as 

imbued with a significant element of change, which must be appropriately planned and 

controlled to facilitate a successful transition through the various stages. As with any 

change, an enterprise becomes efficient when it is staged along an appropriate adoption 

curve, progressing through time and space to reach the most productive point. The 

stages, the timing and the spatial dimension are influenced by the readiness of people to 

support and exploit the change. 

Three main concepts emerge from the challenges that autonomous characteristics are 

meant to address: costs and benefits for business change, the transformation of enterprise 

capabilities and the transferability of different aspects of data, analytics and AI capability 

development. Cost–benefit analysis is at play throughout the establishment of an 

autonomous capability: the objective of any investment in data-enabled decision-making 

and action is to ensure that the business benefits far outweigh the costs. The degree of 

cloudiness of the cost–benefit analysis usually increases with the level of autonomous 

capability. Assumptions about the relationship between cost and full capability vary: 

some enterprises believe that an autonomous capability will deliver lower total costs in 

associated data activity over time; others argue that, at least in the near term, the activity 
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will be more expensive but that such expenditure will be accompanied by an increasing 

rate of business benefit. 

 

Fig 1.4: Foundations of the Autonomous Data Enterprise 

1.8. Conclusion 

A Data Hub Enterprise model is proposed for evolving data intelligence capabilities, 

moving Data Analytics toward an Autonomous Operation model through the key 

strategic axes of Orchestration of All Data Tasks, Business Self-service and Control, 

Formalization of Data Task Automation, Enhancement of Data Task Quality and Trust, 

Increase of Data Task Speed, Release of IT Capacity, Expansion of Data Task Flexibility 

and Range and Support for Sustainable Decision Making in Companies. By connecting 

each of these axes with the main trend in the evolution of Companies, the Autonomous 

Data Enterprise is depicted and formalized, highlighting the need for models prepared 

for the challenge of Advanced Analytics and AI at scale, with key principles to be 

followed for maintaining cost control and risk mitigation. 

The Autonomous Data Enterprise model is consolidated by establishing the impact at 

the point of view of Autonomous Evolution, its proposed evolution model, methodology 

for advance evaluation and positioning, main challenges and proposed solution 

strategies, and the evolution plan combining four key dimensions: the Autonomous Data 

Capability Deployment Cycle, the Data Intelligence Evolution Dimensions Canvas, the 

Data Intelligence Strategic Roadmap and the Data Intelligence Capability Sweetshop. 

By connecting each of these models with the main trends in the evolution of Companies, 
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the Autonomous Data Enterprise is derived, formalized and consolidated, highlighting 

the need for companies to evolve Data Analytics capabilities as part of their data 

Klondike.. 
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