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Abstract 

Tasked with reconciling a growing multitude of health data and knowledge sources, the current study presents a framework for the 

autonomous fusion of advanced health knowledge to habilitate predictive optimization of population health. An ontology-based 

predictive modeling methodology is applied in modeling and quantifying multi-factorial health outcomes and the potential impact 

of targeted interventions. Major types of potential data, knowledge, and technology sources are identified, and issues directly related 

to data and knowledge integration addressed. The authors’ evolving knowledge-integration system Structural Health, for example, 

is designed to continuously update advanced causal knowledge by fusing human- and machine-generated evidence. Risk 

stratification, enabling optimal targeting of health promotion resources, is another directly consequential application. Predictive 

optimization of population health has clear and important ethical, legal, and social implications, particularly potential bias and 

inequitable impact of predictive stratification. 

Increased availability of detailed electronic health records opens up new opportunities for implementing risk-stratification models 

that identify the patients at highest future risk of sudden deterioration in health status who may benefit most from targeted 

interventions. However, the associated economic considerations indicate that unless resources devoted to health promotion can be 

best targeted where they will make the greatest difference, implementation is unlikely to be economically justifiable. Hence, PHF 

can be predictive population health aiming to recommend therefore the allocation of health-promotion resources or efforts to 

achieve the greatest overall impact on population health. Predictive optimization of population health is directly consequential. As 

a concept it has appeared in diverse domains requires finally integrating predictive-health-stratification models in the domain of 

data-driven artificial intelligence. Nevertheless, a detailed theoretical and methodological formulation, has yet to be realized. 

Keywords: Predictive modelling, knowledge fusion, health informatics, population health, risk stratification, Health Information 

Exchange, Health Maintenance Organization, Longitudinal Health Survey of Veterans . 

 

1. Introduction 

Technological advances afford unprecedented capacity for processing and analyzing various biomarker, lifestyle, and 

environmental data sources. Key emerging areas within this space include the Internet of Things (IoT), electrocardiogram and 

electroencephalogram, and facial-analysis-enabled systems. However, novel data streams at unprecedented scales remain 

underrepresented in population health decision support systems, preventing the optimization of predictive and prescriptive models. 

Existing knowledge-driven methods and systems usually rely on manually curated, pre-defined transparent knowledge sources, 

and are prone to engineering overheads, scalabilities, and uncertainties that limit prediction quality within risk-stratified predictive 

population health platforms. In consequence, a new autonomous knowledge fusion-based framework is proposed to provide live 

on-demand knowledge sources that dynamically assemble from a multitude of online sources and can automatically scale to support 

risk-stratified and heterogeneous-predictive-requirements population health decision support systems. 

Table 1: Core Components of the Autonomous Knowledge Fusion Framework 
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Component Description Functional Role Expected Outcome 

Data Acquisition Layer 
Collects heterogeneous health-related 

data from multiple environments 

Aggregates real-time and 

historical information 

Comprehensive 

population-level datasets 

Knowledge Fusion Engine 
Integrates structured and unstructured 

knowledge sources 

Combines causal, statistical, 

and semantic relationships 

Unified predictive 

intelligence 

Risk Stratification Module 
Categorizes populations based on 

predicted health risks 
Identifies high-risk groups 

Optimized intervention 

planning 

Predictive Analytics 

Engine 

Applies machine learning and transfer 

learning techniques 

Forecasts disease progression 

and adverse events 

Early preventive decision-

making 

Ethical Governance Layer 
Monitors fairness, bias, privacy, and 

accountability 

Ensures trustworthy 

autonomous operation 

Ethical and equitable 

health optimization 

Intervention 

Recommendation System 
Suggests targeted preventive actions 

Supports evidence-based 

healthcare allocation 

Improved population 

health outcomes 

1.1. Autonomy in Health Informatics 

Conventional health informatics systems are designed to support healthcare professionals, but several emerging areas of research 

indicate that it may be possible to create systems that operate without direct human supervision. These systems, modeled after 

autonomous systems in general, could: (1) sense their environments; (2) take actions to achieve specified objectives; and (3) adapt 

their behaviour in response to the behaviours of their environments. Possible application areas include medical data verification, 

online disease forecasting, automated risk stratification, and optimization of healthcare proactive interventions. These systems can 

operate upon existing medical knowledge (i.e., knowledge fusion) and candidate sources of new knowledge (i.e., knowledge 

integration), without requiring data to be labeled by healthcare professionals or having the professionals to determine when to apply 

these sources. 

Formal modeling processes can be developed to investigate the functional feasibility of communities within both application areas. 

Furthermore, initial implementations can be demonstrated within two application areas—automated risk stratification for rare 

conditions and pregnancy complications—as proof of concept. Research expansions can also be defined to refine the proposed 

foundations, create other autonomous systems within health informatics, and support their use in actual practice. 
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Autonomous Predictive Population Health Intelligence Framework 

2. Theoretical Foundations 

Population health is framed as an enhancement of population health informatics—enriching and augmenting the ability to monitor 

population health state and implement directed interventions. Autonomy systematizes the capacities inherent to population health 

informatics within the Architecture for Autonomy framework. The mission of health informatics is to improve individual and 
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population health while preserving and extending the capacity of the underlying biological system. While advances in technology 

support increased disease prevention and management, health remains suboptimal; it degrades prematurely. 

Population health serves to inform actions in response to this observed state. Although much of health-related activity is 

orchestrated non-systemically, health informatics can give a systemic flavor to these efforts. Virtually all chronic disease results 

from the combination of environmental exposure, poor personal decision making, and government policy. Health informatics offers 

the potential for improved descriptive and predictive knowledge, improved allocation of decision support resources, and improved 

evidence-based adversarial decision support to counter poor individual choices and counter-productive policies. However, in large 

degree, these capabilities have not yet been realized. 

Agents are autonomous enablers for the exploration of the previous pragmatic path. One-on-one interactions with agents supporting 

decision-making, such as monitoring, encouragement, and nudge, are human resource neutral with respect to volume. While 

economic constraints imply finiteness in monitoring and support, these constraints can be alleviated by population stratification 

and the concentration of resources on a small proportion of the population most in need and best able to benefit. 

 

Mathematical Formulas:  

1. Population Health Risk Prediction Equation  
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𝑅𝑝 =∑𝑤𝑖

𝑛

𝑖=1

⋅ 𝑥𝑖  

 

Where: 

𝑅𝑝= population health risk score, 

𝑤𝑖= risk-factor weight, 

𝑥𝑖= health indicator value. 

2. Knowledge Fusion Confidence Model  

𝐾𝑓 =

∑ 𝑐𝑗
𝑚

𝑗=1
⋅ 𝑠𝑗

𝑚
 

 

Where: 

𝐾𝑓= fused knowledge confidence, 

𝑐𝑗= credibility score, 

𝑠𝑗= source significance. 

3. Predictive Intervention Benefit Function  

𝐼𝑏 = 𝑃𝑟 × 𝐸𝑖 
 

Where: 

𝐼𝑏= intervention benefit, 

𝑃𝑟= predicted risk probability, 

𝐸𝑖= intervention effectiveness. 

4. Data Quality Optimization Equation  

𝐷𝑞 =
𝑉𝑐 + 𝐴𝑐 + 𝐶𝑠

3
 

 

Where: 

𝐷𝑞= data quality score, 

𝑉𝑐= validity consistency, 

𝐴𝑐= accuracy level, 

𝐶𝑠= completeness score. 

5. Autonomous Decision Support Function  

𝐴𝑑 = 𝛼𝑆 + 𝛽𝐴 + 𝛾𝐿 
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Where: 

𝐴𝑑= autonomous decision score, 

𝑆= sensed environmental data, 

𝐴= adaptive response capability, 

𝐿= learned predictive behavior. 

6. Risk Stratification Probability Equation  

𝑃(𝑒) =
1

1 + 𝑒−𝑧
 

 

Where: 

𝑃(𝑒)= probability of adverse event, 

𝑧= weighted health-risk variables. 

7. Resource Allocation Optimization  

𝑂𝑟 = max⁡(
𝐻𝑔

𝐶𝑖
) 

 

Where: 

𝑂𝑟= optimized resource allocation, 

𝐻𝑔= health gain, 

𝐶𝑖= intervention cost. 

8. Transfer Learning Similarity Measure  

𝑇𝑠 =
𝐷𝑠 ∩ 𝐷𝑡
𝐷𝑠 ∪ 𝐷𝑡

 

 

Where: 

𝑇𝑠= transfer similarity, 

𝐷𝑠= source-domain data, 

𝐷𝑡= target-domain data. 

9. Predictive Health Outcome Function  

𝐻𝑜(𝑡) = 𝐻𝑏 +∑𝑓𝑘

𝑛

𝑘=1

(𝑡) 

 

Where: 

𝐻𝑜(𝑡)= predicted health outcome over time, 

𝐻𝑏= baseline health condition, 

𝑓𝑘(𝑡)= contributing dynamic factors. 
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10. Fairness and Bias Evaluation Equation  

𝐹𝑏 = 1−∣ 𝐴𝑚 − 𝐴𝑛 ∣ 
 

Where: 

𝐹𝑏= fairness balance, 

𝐴𝑚= majority-group accuracy, 

𝐴𝑛= minority-group accuracy. 

2.1. Knowledge Fusion and Integration 

Knowledge integration in its various forms supports generalizing from data—learning the relationship between features and 

responsibility for target outcomes—and using those learned relationships to develop predictions for a population that shares 

susceptibility features not specifically observed in a training dataset. Exactly how much data are needed for reliable prediction in 

the population is not known in advance, and when the available data do not allow reliable prediction for a desired group, techniques 

of knowledge fusion permit the integration of knowledge from other domains where prediction has been reliably possible. 

Knowledge fusion incorporates diverse kinds of knowledge into an inference process, including deductive knowledge structures 

(ontologies, rules) and even non-numeric know-what or know-why relationships that form the foundation for designing predictive 

features. 

The generality of the notion of transfer learning is targeted towards populations, which can be formed into clusters, and in processes 

which can be expressed in terms of Dynamic Bayesian Networks (DBNs) and the notion of structural and parametric similarity. 

Predictive models support transfer learning in its many forms (covariate shift, domain adaptation, semi-supervised learning, etc.). 

Other strategic problems of data acquisition and experiment design are treated within a knowledge fusion framework, for example, 

model-selection experiments. These and other inductive bias requirements for predictive models can be fulfilled within a knowledge 

fusion context. 

Table 2: Heterogeneous Data Sources Used in Population Health Optimization 

Data Source Type Examples 
Contribution to 

Framework 
Associated Challenges 

Electronic Health Records 

(EHRs) 

Clinical diagnoses, 

prescriptions 
Patient history modeling 

Missing or inconsistent 

records 

IoT and Wearable Devices ECG, EEG, smart sensors Continuous monitoring Data reliability and privacy 

Environmental Data Pollution, climate metrics 
Context-aware risk 

prediction 
Spatial variability 

Social Media Streams Public health discussions Early outbreak indicators Noise and misinformation 

Government Health Reports Epidemiological statistics Regional health surveillance Reporting delays 
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Data Source Type Examples 
Contribution to 

Framework 
Associated Challenges 

Demographic Databases Age, gender, income Social determinant analysis Population imbalance 

Health Information Exchanges Cross-institutional patient data Interoperability enhancement Standardization issues 

3. Methodological Framework 

To evaluate population health by monitoring numerous and diverse risk factors, suitable data sources are crucial. Publicly accessible 

data can both facilitate and improve the predictive quality of population health models. Nevertheless, data quality imposes limits 

on model predictability, and higher-quality data merely help reduce uncertainty. 

The success of any fusion framework relies on the availability and quality of the underlying sources. Several systems have already 

been developed to collect, integrate, fuse, and select knowledge for specific health issues, although their focus has mainly been on 

data collection. Most of these systems, which mainly employ conventional statistical methodologies for health prediction, notably 

lack predictive-intelligence capabilities. With the emergence of intelligent-fusion engine technologies, it is now possible to perform 

predictive risk analysis and monitoring by automatically identifying, specifying, and querying the appropriate data sources at run 

time. 

Table 3: Machine Learning and Knowledge Fusion Techniques 

Technique Purpose Application in Framework Benefits 

Transfer Learning 
Reuse predictive knowledge across 

populations 

Risk prediction in sparse 

datasets 
Improved generalization 

Dynamic Bayesian 

Networks 
Temporal health-event modeling 

Disease progression 

forecasting 
Captures causal dependencies 

Semi-Supervised 

Learning 
Utilize partially labeled data Postal-code risk classification Reduced labeling dependency 

Ontology-Based 

Reasoning 
Semantic relationship modeling 

Knowledge integration and 

inference 
Context-aware predictions 

Density-Based 

Clustering 
Detect low-density unreliable regions Data quality assessment Improved model robustness 

Decision Trees Contextual classification Nearby-region labeling Explainable predictions 
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Technique Purpose Application in Framework Benefits 

Federated Learning Distributed healthcare modeling Privacy-preserving analytics 
Enhanced security and 

collaboration 

 

Autonomous Healthcare Decision Ecosystem 

3.1. Data Sources and Data Quality 

An autonomous predictive population health management framework actively collects incoming information from heterogeneous 

environments, detects, analyses, and resolves events related to population health within the scope of a target territory. Data sources 
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reflect local contextual knowledge on demographic, environmental, sanitary, and epidemiological risk factors while being collected 

from governments, institutes, news feeds, social networks, and other online sources. Population health management requires high-

quality data. A data cleansing procedure identifies and discards inconsistent data and repairs missing values. The predictive risk 

stratification is performed at the standard postal code level. Each code might be inhabited by a few individuals or by thousands. 

Consequently, a massive imbalance emerges due to the small amount of data related with the unusual event evolution. Hence, every 

infected code guarantees just a few examples for supervised learning, which could be complemented by data from nearby codes. 

For this reason, the missing information transference is performed across distance for selected pairs of codes. 

Contextual classifications based on decision trees assign labels for these nearby codes in a semi-supervised way. Machine learning 

risk stratification needs sufficient high-quality data, so a density-based algorithm detects low-density regions that could contain 

unreliable models. Risk indicators reveal a population’s probability of developing an undesirable event that might be treated with 

prevention and intervention actions. The identified populations at high risk could require condition management or targeted 

interventions. Nevertheless, these risk groups should not bias the decision of when to trigger the actions. 

 

4. System Architecture 

One of the central components of the proposed framework is its autonomy-enabling toolkits and technologies. Following that focus, 

a conceptual architecture for health informatics systems in the domain of predictive population health optimization is next 
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presented. The architecture is designed to allow the methodical integration and fusion of diverse data required for health predictive 

modeling while ensuring that the use of sensitive personal data is rigorously guided in terms of ethics, privacy, and relevant legal 

frameworks. The flexible architecture can also guide the evaluation of the effectiveness of predictive health models in addressing 

health risks with subsequent data-driven and evidence-based interventions. An illustrative prototype system developed in the 

context of higher educations centers on predicting the incidence of self-acknowledged mental health difficulties, informally asking 

students to consider thoughts of suicide during the previous 12 months, and evaluating whether mental health support services 

offered prevent these two ailments. 

Architectural design is based on a health informatics perspective that considers people, context, and health aspects to elaborate a 

comprehensive and robust knowledge-based framework that helps respond to the questions of why and how health risk prediction 

is supported and with what purpose. It also adopts the general principles of an autonomous knowledge fusion framework for 

predictive population health optimization. The proposed autonomy-enabling toolbox guides the data-driven and evidence-based 

integration of distinct data for knowledge-driven decision making in using autonomously fused knowledge sources, maintaining a 

shift-left statistical significance when testing or creating models and other services that are evaluated on how effectively they reduct 

or eliminate risk. The focus informs the health informatics system architecture by guiding the search for sensitive personal data 

and anticipating the ethical, legal, and social implications of automatically produced studies. 

Table 4: Population Health Risk Stratification Categories 

Risk Category Population Characteristics Predicted Health Threat Recommended Intervention 

Low Risk 
Healthy individuals with stable 

indicators 
Minimal disease probability 

Preventive awareness 

campaigns 

Moderate Risk Early-stage chronic conditions Potential disease progression Lifestyle monitoring programs 

High Risk 
Multiple co-morbidities and adverse 

SDH 

Elevated hospitalization 

probability 
Intensive care coordination 

Critical Risk Severe instability or rare conditions Sudden deterioration likelihood 
Immediate targeted 

interventions 

Vulnerable Minority 

Groups 
Underrepresented communities Unequal prediction accuracy 

Fairness-aware policy 

adjustments 

4.1. Architectural Overview 

The knowledge fusion framework supports the integration of heterogeneous sources of health knowledge into a unified closed-loop 

ecosystem. Its architectural foundation comprises sources, intermediaries, and targets. 

Fusion supports shared, stored, trustworthy, and actionable knowledge. In support of these goals, both active and passive sources 

of credible knowledge are identified. Sources contribute unfiltered knowledge, which undergoes appropriate cleansing, validation, 

standardization, fusion, and augmentation. The rational basis for acting on such knowledge varies with the source operator and 



 

12 | P a g e  
 

underlying theory—faith without evidence; hearsay; statisticians; epidemiologists and system modellers; regular, causal, or 

spurious correlations; custom-tailored predictors of aberrations, anomalies, outbreaks, spikes, and special events; predictors of 

development; and predictive models. Intermediaries comprise systems, databases, and networks that hold trustworthy health 

knowledge. Relationship-type knowledge embedded in ontologies guides knowledge fusion. Relations provide context and enable 

answers to important questions, such as where, how, and why a source is related to the target. The resulting knowledge supports 

optimally timed preventative-, elective- and targeted-intervention planning, as well as risk stratification, equity, and fairness 

considerations. 

 

Risk Stratification and Intervention Architecture 
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5. Applications in Population Health 

Populations exhibit widely divergent risk profiles for individual health outcomes. These distinctions arise in part from the unequal 

distribution of social determinants of health (SDH). Both likelihood of disease and associated local SDH vary systematically 

between subpopulations, guiding preventive interventions toward the subpopulations at highest risk for disease. Joint distributions 

of disease and SDH conceptually enable stratification of disease risk and targeting of preventive actions toward the communities 

at highest risk. Despite the advantages of risk stratification for predictive optimization of health outcomes, population risk models 

are rarely constructed in practice. 

In population health applications, knowledge-fusion methods enable construction of joint stratification models for the purpose of 

predicting elevated risk for any of several diseases across a single population. Stratification models based on predictive 

representations of key SDH guide resource-intensive preventive interventions toward the subpopulations at highest predicted risk 

for each disease. When joint distributional information is fused into the predictive framework, stratified-resource allocation 
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increases a preventive intervention’s expected return on investment by decreasing the total disease burden per unit of intervention 

cost. 

Table 5: Ethical, Legal, and Social Implications (ELSI) 

ELSI Factor Description Potential Impact Mitigation Strategy 

Algorithmic Bias 
Unequal prediction performance across 

groups 
Healthcare inequity 

Bias auditing and fairness 

constraints 

Privacy Concerns Exposure of sensitive patient information Loss of trust Encryption and federated learning 

Reduced Human 

Agency 
Overdependence on autonomous systems Poor clinical oversight Human-in-the-loop governance 

Data Ownership Issues Ambiguous control over health data Legal conflicts 
Transparent governance 

frameworks 

Misalignment Risk 
System objectives differ from human 

goals 

Ineffective 

interventions 
Ethical evaluation mechanisms 

Accountability 

Challenges 
Difficulty tracing autonomous decisions Regulatory concerns 

Provenance-aware knowledge 

tracking 

5.1. Risk Stratification and Targeted Interventions 

The knowledge fusion process can also support targeted public health interventions. Historical data may enable the identification 

of population groups at elevated risk of adverse health outcomes. Such groups may then be prioritized for intervention, with 

resources allocated according to their relative risk and need. Relative risk creates a basis for planning, as service providers can use 

relative risk information to identify those persons and communities that stand to benefit most from available resources. By targeting 

people at higher risk, return on investment for service providers may be maximized while risk and need are reduced among those 

who receive intervention. However, relative risk stratification is not treatment allocation. It should be viewed as a means of 

optimizing the use of limited intervention resources available to populations with scarce data or large-scale community 

interventions, rather than a basis for individual decision-making or a prescription for particular interventions for specific persons. 

Attention must still be given to the characteristics of individual subjects or small subpopulations. The latter usually have the least 

information, but often the most need and the greatest potential for benefit: they are the persons most likely to suffer an event unless 

they receive an appropriate intervention. 

Relative risk stratification facilitates decision-making by providing population-level information about risk, showing who is likely 

to experience an event of concern, helping to identify potential targets for intervention, and focusing resources on those most likely 

to benefit. It does not replace clinical acumen; it operates on a complementary plane. It cannot anticipate all adverse events, nor 

can it predict the individuals who will be affected. Some knowledge about risk can be incorporated into decision-making even 
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though individual risk is not fully known. In short, it can help guide the difficult allocation decisions that all complex systems must 

ultimately confront. 

Population health problems necessitate diverse knowledge sources and predictive population health optimization needs decision-

making autonomy in data sourcing and analysis. An autonomous knowledge fusion framework formally tackles these challenges, 

incorporating concepts of data mining, knowledge fusion, data-centric AI, and complex adaptive systems. The solution consists of 

four main components: (i) a set of data sourcing, preparation, and analysis strategies that support numerous predictive analyses, 

(ii) role-based reasoning that automates knowledge sourcing and preparation, (iii) a knowledge fusion formalism that preserves the 

identity of sourced knowledge and supports accountability and provenance checking, and (iv) a four-stage execution mechanism. 

Evidence supporting the theoretical, procedural, and ethical soundness of the formulation has been presented. 

 

Closed-Loop Population Health Optimization Model 

 

6. Ethical, Legal, and Social Implications 
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The application of autonomous data science approaches to health informatics holds the potential for scope and scale that satisfies 

the principle of Generality. Furthermore, much of the surrounding infrastructure is being delisted or democratized in a manner that 

is conducive to general use. Nevertheless, Health Informatics speaks to implicit but very real risks. Successful implementation of 

self-driving programs in such a context gives rise to the risk of diminished or abrogated human agency in decision-making. A broad 

ethical framework for such work must take into account concerns about autonomy and responsibility, about quality of life and 

flourishing, and about fairness and equity. 

Diminished agency in Health Informatics results from the rapid growth of a given type of decision support, although it falls under 

the heading of Support rather than Direct. The decision-making body remains human, yet support for the decision process takes 

the form of a recommendation presented as a prescription. Decision-making risk appears in two ways: masking and misalignment. 

Masking occurs when offers of solution predicated on the operator’s data-management and, especially, decision-making capabilities 

dwarf the opportu-nity cost of not using the decision support system. Such offers cease to be “merely” suggests and become 

obligations. Misalignment occurs when success measured in terms of system performance is not aligned with success in terms of 

human decision-making tasks. The risk of fairness also undergoes new scrutiny with applications in predictive population health. 

Bias assessment and mitigation strategies must ensure fairness of decisions made by autonomous systems per se, but also take into 

account the effect of successful operation on human society’s prevailing principles of fairness. 

Table 6: Comparative Analysis of Conventional vs Autonomous Health Informatics Systems 

Feature Conventional Systems Autonomous Knowledge Fusion Framework 

Knowledge Updating Manual and static Dynamic and autonomous 

Data Integration Limited interoperability Multi-source heterogeneous fusion 

Predictive Capability Reactive analytics Proactive predictive optimization 

Scalability Restricted by manual operations Automatically scalable 

Decision Support Clinician-dependent AI-assisted autonomous recommendations 

Adaptability Low adaptability Continuous environmental adaptation 

Ethical Monitoring Minimal Integrated fairness and governance 

6.1. Bias, Fairness, and Equity 

An extension of the preceding section on data quality considered how potential bias in auxiliary data could disrupt health 

informatics applications for a specific target population. In general, real-world data serving population health informatics purposes 

often originate from disparate sources. These usually include the electronic health records of a few institutions, as well as the digital 

footprint of the same or additional individuals posted on social media or data repositories. The data may be fused to launch 

predictive models or decision-support systems. Unintended differences in these data sources can reduce the fairness of the resulting 

solutions. 
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In contexts where visible minority groups are under-represented, these applications can indeed make predictions with high overall 

accuracy but with much lower accuracy for minority groups. Such forecasts could suggest optimal allocation or timing of 

vaccination campaigns, mitigation strategies, or other targeted interventions. Yet, these systems' real-world deployment might 

impose unequal burdens across social groups, violating principles of equity in society. Localized interventions could even 

exacerbate these societal imbalances rather than mitigate them. 

 

7. Conclusion 

Autonomous Knowledge Fusion Framework for Predictive Population Health Optimization: synthesize evidence-based arguments 

with formal structure; emphasize objective analysis, rigorous definitions, and clear causal pathways. 

A response to a core question for population health is now complete, and further research attempts to implement and validate the 

resulting structural, procedural, and ethical foundation. Trust in predictive analytics is difficult to establish and easy to destroy. 

Applying these concepts in a production environment will generate knowledge to underpin confidence and evidence, ensuring 

humans remain in control but allowing the system to operate automatically most of the time. 
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