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Chapter 10: Future Directions in Self-Evolving Data
Ecosystems

10.1. Introduction

Data ecosystems that evolve over time without requiring the direct involvement of their
users hold high significance and promise high impact. Previous research has focused on
specific aspects, such as self-healing, self-organization, and adaptation, but has not
attempted to holistically identify and analyze the main principles and factors that can
lead to the self-evolution of a data ecosystem. A set of foundational principles that such
systems should ideally satisfy is first identified. These principles emerge from concepts
relevant for self-evolving systems in general but are articulated within the context of
data ecosystems. Next, candidates for such data ecosystems are classified according to
their architectural design, with viable architectures being those that can evolve while
minimizing risk. The considered architectural designs have been identified throughout
the years among both academic and non-academic developments. The last two groups
summarize factors that can help an autopoietic data ecosystem to maintain and raise its
trustworthiness.

Emerging trends in technologies, services, and tools such as edge computing, federated
learning, and self-healing systems can be conceived as steps towards the realization of
self-evolving data ecosystems. The resulting model is not intended as a blueprint that all
future data ecosystems should follow; rather, it suggests a specific design lens.
Theoretically sound arguments for self-evolving systems in general exist, but the
principles and factors can be formalized in more detail, allowing important questions to
be addressed and opening new lines of inquiry. Finally, practical validation of these ideas
with real-world data ecosystems is still limited but represents a crucial next step: if
validated, the principles can guide researchers and practitioners in designing, analyzing,
and developing new self-evolving data ecosystems.
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10.1.1. Background and Significance

Reflecting on the dual role of data as both dynamic catalyst and structured product,
developments in self-evolving data ecosystems are traced and placed in the broader
context of data systems that continuously adapt to environmental changes and inherent
instabilities. These systems self-generate and modify data and other information-bearing
constituents, supporting applications across domains. A myriad of opportunities and
challenges emerge, primarily concerning compliance, reliability, quality, and
governance.

The notion of self-evolving data systems has recently received traction from innovations
in distributed ledger technologies and self-managing machine-learning-based
components for data integrity and quality verification. Despite the promise, such self-
evolution conceivably leads to policy misadaptation and quality degradation, and hence
to risks in governance, compliance, and reliability. Remaining a largely unaddressed
challenge is the practical and theoretical design of privacy-preserving self-evolving data
ecosystems. These systems combine key traits of self-evolving properties: of
continuously adapting and refining their data ecosystem while maintaining continuous
compliance with specified policies and aligned with data quality requirements within
collaborative service scenarios.

Equation 1: Adaptive Data Evolution Function

Dt+1=Dt+a- f(Ut,Mt,Et)Dsyq = Dy +a- f(Uy, My, E;)Dt + 1
= Dt+ a - f(Ut, Mt, Et)

Meaning:

e DtD_tDt: State of the data ecosystem at time ttt

e UtU_tUt: User interactions

e MtM_tMt: Machine learning outputs

e EtE_tEt: External signals (APIs, sensors, environment)
e o\alphaa: Learning/adaptation rate

10.1.2. Research design

A design-oriented approach plots future directions for self-evolving data ecosystems and
explores their significance for research. The discussion moves from the implications of
self-evolving systems to methods of empirical validation and subsequent development
of a more systematic theoretical foundation. These ideas are motivated by the recognition
that all data-supporting information systems evolve against the wider changing data
landscape. The self-evolving dynamic of a system's data-generating base, moreover,
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opens opportunities for deeper exploring the concept of intelligent data systems serving
the intelligent data ideal. By enabling intelligence in the wider data ecosystem—
optimally that in the wider data systems for which it all supports intelligent
functioning—the self-evolving aspect of intelligent data systems becomes essential
research groundwork. Empirical analyses exploiting the self-evolving dynamic therefore
provide key opportunities for added future theoretical work on intelligent data systems
in any data domain.

The review covers self-evolving data systems in general before focussing on self-
evolving data exploration in the fields of bias and quality monitoring, policy conflict
resolution, and incorporation of data protection. It concludes by identifying important
remaining questions to guide future research. Distinguishing self-evolving data systems
from those that mimic biological organisms, the self-evolving dynamic refers to the self-
evolving transformation of the data-generating base that drives change in all data-
supporting systems for which data is generated. Data exploration exploiting this dynamic
offers two major advantages, either integrating into the wider changing data governance
framework through mechanisms for policy conflict resolution in compliance with
governing mandates, or enabling deeper self-evolving incorporation of data protection
and privacy principles incorporating the specific-context aspect of such principles in a
self-evolving manner.

10.2. Theoretical Foundations of Self-Evolving Data Ecosystems

These sections summarize several core mechanisms that drive the self-evolution of data
ecosystems. The first section introduces autopoiesis as a framework to formalize the self-
creation, maintenance, and evolution of data ecosystems. Two key elements are
identified: the capacity of data to be dynamically created, integrated, and reconfigured
to reflect changes in tasks, goals, and contexts; and the degree to which this process
supports system autonomy. The second section discusses self-organization in distributed
data ecosystems, identifying mechanisms that allow for decentralized coordination
without central control.

*Theoretical Foundations of Self-Evolving Data Ecosystems*

The proposed encapsulation of self-evolving data ecosystems also highlights key
mechanisms. Autopoiesis—Iliterally, self-creation—is a property of biological systems
that enables their continuous self-reproduction and self-maintenance. The autopoietic
properties of data ecosystems can be defined in terms of two criteria. A data ecosystem
is autopoietic if it has: (1) the capability to dynamically create, integrate, and reconfigure
data in order to cope with changes, e.g., in tasks, goals, or context and (2) the capability
to perform this process with a degree of autonomy, e.g., without the direct involvement
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of human operators. Self-organization can also be seen as a particular aspect of
autopoiesis.

10.2.1. Autopoiesis and Data Dynamism

Autopoiesis enables and requires dynamism at all levels of a self-evolving ecosystem.
The autopoietic system supports dynamism in a self-evolving ecosystem by advocating
the principles of the self-generation of its components and the self-re purposing of those
components for the present context. The assumption of a self-evolving ecosystem is that
the self-generation of a component may be constrained in order for it to be produced
only when it is going to be used within the ecosystem. Therefore the supply of resources
for the creation of a component can be planned in advance so that the products are
available at the point in time of a request.

Fig 10.1: Future Directions in Self-Evolving Data Ecosystems

A self-evolving ecosystem calls for self-generation on-demand for all possible data,
processes, and services. Data dynamism is introduced into the architecture. Self-
evolving ecosystems and their solutions are able to afford the latency associated with
ondemand data generation that is often mitigated in traditional systems by maintaining
local caches. Traditional systems expose a trade-off between the cost of extra latency
and the extra resources required to maintain caches that lower latency. It has been shown
that through a careful orchestration of the system resources, especially at the core, a self-
evolving architecture can reach a more optimized point than a traditional one.
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10.2.2. Self-Organization in Distributed Data

In addition to internal autonomy and resilience, self-evolving data ecosystems also rely
on self-organization for coordination, collaboration, and emergent behaviors, which
facilitate scalability and allow systems with distributed architectures to tolerate faults
more gracefully. Decentralized coordination based solely on locally available data and
information gives rise to unexpected behavior patterns that external observers typically
regard as a higher form of order. If orchestrated by an external entity, such behavior
would be classed as centrally organized; by contrast, self-organization emerges without
a single point of control or organization, but is instead a collective emergent behavior of
multiple interacting components. Such emergent behaviors have been widely discussed
in ecological, social, and computer-networking contexts. They also help to explain why
collective response times in natural systems tend more closely to power-law than to
Gaussian distributions, a feature often associated with intelligent and adaptive behavior.

In distributed data ecosystems, self-organization often refers to the property whereby a
system spontaneously adapts to changes in its environment, either internal (e.g., changes
in node characteristics) or external (e.g., variations in data demand), without requiring
any external resource or global control. As a dynamic characteristic of open systems, it
underpins their ability to function in a continually changing environment. And since low-
power or short-range devices are intrinsically more exposed to possible devices failures,
current approaches emphasize self-organization capabilities that promote fault tolerance,
allowing the system to operate under conditions of increased component damage without
operator intervention. Self-organizing mechanisms are thus important for achieving
stability and resilience in distributed and open systems.

10.3. Architectural Paradigms

The examination of specific architectural paradigms supported by extensive exploration
of the quality, reliability, and governance dimensions of self-evolving systems leads to
design recommendations addressing self-repair ability, provenance-aware metrics
connected to quality assessment, autonomous adaptation of policies and rules, and
privacy-preserving methods. Three architectural styles are consistent with recognized
objectives: modularity for adaptation, an edge-to-cloud continuum for data locality, and
decentralized approaches for achieving resilience through system self-organization.

The presence of modularization design patterns that enable rapid adaptation to changing
requirements is fundamental to self-evolving information systems. Flexibility is fostered
when contracts specifying the behavior expected of modules that communicate with the
system are made explicit. Specialized plug-in components enable the main system to
deal with contingencies and meet new requirements. The classical tension between
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rigidity and flexibility is addressed by a graded approach to adaptability. Information
systems for real-time applications, in which the structure of input data and queries are
known in advance, become extremely efficient, but changing conditions call for
solutions that introduce, remove, or modify modules during runtime.

The benefit of modular design and adaptable architectures is often undermined by the
rigidity they impose: an isolated design pattern may become obsolete over time as the
system evolves and new, advanced requirements emerge. Future self-evolving systems
must therefore strike a careful balance: they must be sufficiently modular to support
adaptation to unforeseen situations while remaining sufficiently integrated to avoid the
drawback of rigid modules that ultimately undermine system evolution in the first place.

Equation 2: Feedback-Driven Intelligence Amplification

It+1=It+L - (Dt XLt)—y -Ntlyyy =1, +B-(Dy X L) —y- NIt +1
=It+pB-(DtxLt)—y- Nt

Meaning:

o Itl_tit: Intelligence level of the system

¢ DtD tDt: Available data

e LtL_tLt: Learning efficiency (models, algorithms)
e NIN_tNt: Noise, bias, or data entropy

o [,y\beta, \gammapf,y: Scaling factors

10.3.1. Modular and Adaptable Architectures

Self-evolving data systems must accommodate unforeseen requirements over their life
cycles. Adequate support typically relies on modular design patterns: the interfaces that
govern interactions among modules constitute contracts that define their expected
relationships and behaviour. For instance, adapting performance can be achieved by
adjusting the resources assigned to specific modules (for example, traffic filtering at the
network edge) or by allocating additional resources to specific performance dimensions.
These resource allocations may be governed by service-level agreements binding the
system, an external organisation, or end users. Other forms of modularity include plug-
in components that provide additional features or variable components that enable
different behaviours, such as data encryption for compliance with different legislation
frameworks.
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10.3.2. Edge-to-Cloud Continuums

Edge-to-cloud architectural continuums subsume local devices, networks, and back-end
computing or storage resources within a coherent model for evolving data ecosystems.
These layers exhibit diverse requirements for data locality, latency, privacy, autonomy,
availability, and orchestration. Consequently, governance structures, qualitative
consistency, and verifiability necessitate distinct considerations at every technological
and administrative level. Emerging solutions constrained to specific layers (e.g., edge
Al), whether in the base technology or data-quality realms, ultimately follow a highway
robbery logic, as they seldom address the full spectrum of edge-cloud computing
opportunities and risks.

The storage computing continuum comprises a hierarchy of resources arranged
according to the common user-data-storage-patterning principle: workloads are executed
in or near the cloud only when they cannot be executed in or near the origin of the
workload-triggering events. Such a data-governance advertisement is posted at the origin
and continues to be updated throughout the storage architecture. Latency, privacy, and
governance advertisement jointly define the conditions for maintaining data consent
within any compliance framework. For example, if the granted consent permits a local
agent to process the data, a smart camera can store the data in the cloud only if the cloud
query allows it to be freely used for a specific surveillance purpose.

10.4. Data Quality, Reliability, and Verification

Self-evolving data management systems must ensure high-quality and reliable data to
maintain user trust. User-provided data can often be noisy; consequently, efficient
mechanisms for automatic detection of abnormalities, their possible repair, and the
uninterrupted continuity of the supplied services are required. Self-evolving systems
must also define and assess data quality metrics that consider the provenance of the data.
The inclusion of provenance information in the evolving system generates additional
possibilities: in case of future failures or irregularities in the data, it is possible, at least
on paper, to determine from where the faulty data stemmed and to take preventive
measures.

The semi-automatic detection of abnormal data flow can be achieved through systems
that are capable of detecting anomalies [10.5.1]; however, the detection latency and the
rates of false alarms must be maintained at acceptable levels. Once an abnormal situation
has occurred, the core of the problem becomes providing the right approach to repair the
abnormality. Having a normal and reliable situation repaired is important, but checking
the repaired situation is also critical to guarantee the integrity and reliability of the
system.
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Fig 10.2: Data Quality, Reliability, and Verification

10.4.1. Self-Repair and Anomaly Detection
Work Title: Future Directions in Self-Evolving Data Ecosystems

Research Question 10.4.1: How can self-repair mechanisms for fault detection, healing,
and continuity be realized, and what are the effects of detection latency and false-positive
rate?

Self-repair mechanisms automatically detect and mitigate faults, allowing a self-
evolving data ecosystem to continue operating within the bounds of its governance
policies. Anomalies manifest as deviations from expected behavior; these anomalies are
detected and, if necessary, can trigger self-repair procedures. Detecting anomalies as
early as possible and preventing faults before they happen is always ideal, but practical
considerations often lead to accepting a finite latency with which anomalies are detected.
Even if corrective actions are available, it is not always possible to heal the system
successfully or within a particular time window. Self-healing procedures must therefore
be defined to restore acceptable behavior. During healing, continuity of operation is
often a major concern. When continuity is not preserved and continuity of service is
essential, fallback mechanisms can reduce the impact on users. Fallback mechanisms are
defined and can be activated when specific anomalies are detected. The impact of
detection latency on the quality of repair is also often a determining factor in a self-
repairing system. Accepting an increase in the detection latency results in a lower false-
positive rate but a reduced capacity to repair the system, while a decrease in detection
latency leads to a significant increase in the false-positive rate.
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Detecting anomalies involves identifying data, sources, users, or systems whose
behavior deviates significantly from expected patterns. Such behavior differs from the
expectations of a user or system—in other words, its meaning and perception differ
between users or systems. Expected behavior depends on contextual information and is
expressed by models. The models indicating deviation can be conventional or cognitive.
Conventional models are usually built from historical data, while cognitive models
exploit human knowledge, such as the behavior of expert users or documents detailing
useful sources.

10.4.2. Provenance-Aware Quality Metrics

Provenance-aware quality metrics take data provenance into account, revealing that the
choices made throughout the data lifecycle influence the quality results. By linking these
elements, quality inspection and maintenance are further enhanced with capabilities such
as auditability, traceability, and regulatory compliance. The primal notion of provenance
is recognized as the history of data and its material, embodying all transformations
applied to it and all models merged into it. A more complex definition of provenance
incorporates the entire data lifecycle, from collection to communication, highlighting the
interdependency between data flow and quality. The connection established here
correlates data lineage with its quality status in self-evolving data ecosystems.

In provenance-aware data systems, visual graphs illustrate data sources and links,
enabling inspection and audit of quality problems while increasing user trust. Quality
guarantees become valuable in regulated domains with high-risk data, where such
systems must provide compliance proofs for regulatory agencies. Undoubtedly, data
lineage constitutes a key element for data quality management, and unavoidably, any
data process stage influences the possible quality degradation effects of a subsequent
one. Hence, tracing back the provenance of the data in an application reveals not only its
data sources and transformations but also the quality properties in their original context.
Identifying possible low-quality data sources in the lineage of final data is certainly
valuable for any data consumer. Provenance-aware data systems also allow inspecting
the quality produced and maintained by a data service or related services, enabling trust
into these services guarantee.

10.5. Governance, Compliance, and Ethics

Self-evolving data ecosystems create and align their governing policies with the
objectives of their stakeholders. These policies, often expressed as a set of constraints,
typically cover usability, security, regulatory compliance, and other aspects such as
governance transparency, privacy, or ethical considerations. With the change of the
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ecosystem, the policies need to be adapted. This adaptation may need to address
conflicting or opposing requirements, such that the design space for quality, compliance,
and utility may be reduced rather than expanded. Additionally, allowing some flexibility
in the governing policies offers the possibility of planning for loss of control over certain
aspects. Without such a plan, there is no guarantee that exposition to a malicious or
selfish environment will not misadapt a self-evolving ecosystem’s governing policies
into something undesirable for the original stakeholders.

Policies may have to adjust to changing environments, in conflicts with other policies or
stakeholders. Environments may evolve dynamically. Stakeholders such as service
providers or customers may no longer be present. The set of stakeholders may be
widened, with new stakeholders appearing. A set of autonomous, self-evolving data
services operates as a community, and these services or their customers may have
conflicting requirements on available maximum response time submitted jobs. Such
conflicts may need to be resolved by the self-evolving community.

Ecosystems tend to predict such needs or conflicts through trend analysis. However,
concerns and requirements beyond those of the usually potential risks of security,
privacy, reliability, and so forth cannot be anticipated but rely on the worry of real or
fictitious stakeholders. During crisis conditions (e.g., War), new needs such as new
ethical or privacy requirements of deployed services may appear. The extra critical
requirements should lead to extra governing policies. Consistent redundancy is sought.
However, redundancy and extra complexity may diminish quality in normal times; thus,
it is a way of coping only with rare, high-risk situations.

Equation 3: Autonomous Ecosystem Self-Optimization
n
N=max <z i = 1nVi(Di, Ai) — C(Ri)) Q = max Z V;(D;,A;) — C(R;) |02
i=1

= max <Z i = 1nVi(Di, Ai) — C(Ri))
Meaning:

o Q\OmegaQ: Overall ecosystem performance

e ViV_iVi: Value generated by each data agent/node

o DiD_iDi: Data quality/availability

e AiA_iAi: Autonomy level of agents

e C(RI)C(R_I)C(Ri): Cost of resources (compute, storage, governance)
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10.5.1. Autonomous Policy Adaptation

Data ecosystems, by their very nature, are dependent upon external controllers
establishing policies that direct data management and govern inter-agent collaboration.
Yet such externally imposed policies can be irrelevant, inappropriate or even harmful
within dynamic environments. If compliance-driven policy generation is supportable by
the ecosystem’s own data without human intervention, even better. Consideration here
is limited to the other side of the coin: that is, self-evolving data ecosystems should be
capable of policy adaptation without external authority whenever local data indicate such
a course of action would benefit the ecosystem. Yet without obtaining a consensus
among controlling agents, conflicts may arise if autonomous adaptation produces
contradictory modifications to an identical policy. Resolution mechanisms can restore
coherence, strengthen compliance support whenever such data become available, and
avoid detrimental control changes.

Policy domains and hierarchies may be organized into directed acyclic graphs, with
dependencies between elements allowing conflicts to be detected without complete
policy representation. The agent duplicating remote domain information is responsible
for detecting conflicts within local domain changes: if confirmed, these changes are
suppressed until the conflicting remote modification propagates to local observation.

10.5.2. Privacy-Preserving Self-Evolving Systems

To ensure data privacy, systems must originate from the design stage with such
protective measures integrated from their inception (Schneier, 2016). Dynamic data
ecosystems depend on consent and require mechanisms that verify legitimate data use
while managing explicit user consent. Privacy-preserving self-evolving systems must
thus follow the concepts of privacy by design. Any information shared or stored can
create a risk of disclosure or misuse. Privacy-preserving self-evolving systems scramble,
encrypt or anonymize data as needed for computations with other parties and incorporate
the following properties into the design: 1) minimize information permits only the
collection of the information required in a given situation; 2) cover purpose requires
organizations to declare the purpose(s) of data collection and retention; 3) consent
management permits citizens to make informed decisions over justifiable purposes.

Privacy-preserving mechanisms can also minimize the disclosed information needed to
perform a calculation by employing homomaorphic encryption methods and allowing a
third-party organization to perform calculations without accessing the raw data. Other
strategies can support secure multi-party computation, such as Shamir's secret sharing,
guarantee secure derivation of statistical aggregates among organizations, and perform
calculations on anonymized data using differential privacy methods and privacy budgets
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to allow individual presence or absence in query results. These mechanisms ensure that
either data never leave the local environment, encrypted information travels over the
network, or organizations never see each other's information. Where required for utility
and practicality purposes, the mechanisms can enable the sharing of individual data with
a pool user with the least amount of effort.

Fig 10.3: Future of secure data ecosystems

10.6. Conclusion

To successfully remain relevant, data collections must evolve in response to ever-
changing operational contexts. The ultimate degree of autonomy needed to address data
dynamicity closely resembles that of prior self-evolving data systems. Such self-
evolving capability offers an exciting direction, yet much foundational theory remains
undeveloped. To address this gap, insights from self-evolving data systems have been
synthesized and generalized for broader applicability. These insights clarify how fifteen
design traits, drawn from established mechanisms of Autopoiesis and Self-Organization,
can collectively enable, enhance, or otherwise influence the implicit or explicit self-
evolving dynamic.

The practical realization of fully self-evolving systems requires further theoretical
exploration and development, especially regarding Self-Repair, Anomaly Detection,
Provenance-Aware Quality Metrics, Autonomous Policy Learning, and Privacy-
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Preserving Mechanisms. These themes represent practical focal points that will be
increasingly researched, developed, and implemented across multiple data domains in
response to an ever-expanding data-deluge. Empirical validation and application-driven
refinement remain vital future steps. Nevertheless, recent developments of smart
contract technology for Blockchain, initially considered largely orthogonal to data-
enablement, provide a first breakthrough towards self-evolving supply-side data
ecosystems.

10.6.1. Emerging Trends

Self-evolving data systems have emerged from two decades of research in systems
designed for autonomous evolution. The late 2020s may mark momentum for
autopoiesis principles and aspects of self-organization in a wider range of data
ecosystems: properties that enable systems to generate their own content, integrate
external elements dynamically, and reconfigure internal structures. The proximate
environments of many data-centric services are experiencing an increased density of
sensors or devices such as the edge tier of the cloud ecosystem and the buildings,
vehicles, or other surroundings near the endpoints. Self-organization processes, which
manage distributed systems without a centralized controller, can support growing
numbers of elements, relevant interactions, and evolving capabilities or partnerships,
while enhancing resilience to local failures. Nevertheless, self-organization has relied on
manual configuration and lacks a formal design methodology.

Research on self-evolving systems has likewise advanced distributed governance
mechanisms for autonomous adaptation to new policies or regulations. Such flexibility
can facilitate compliance with regulatory conditions and recent shifts in public policy
favouring data minimization. Yet allowing the system’s governance to drift poses risks:
when monitoring necessitates continual human attention, the system may adapt
incorrectly, or policies may conflict. Recent work has introduced formal logic to express
potential conflicts and constraints in a human-understandable language suitable for Al
recognition. Adaptation mechanisms are therefore more robust against misadaptation. It
is also necessary to institute safeguards limiting the extent or the direction of conflict-
induced adaptation. With careful design, privacy-protective mechanisms can be
implemented in privacy-by-design principles through both data-minimization and
privacy-preserving techniques, ensuring utility while meeting the principles..
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