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Abstract 

Digital risk management systems are usually designed for the risks, regulations, and technologies 

of the moment. Within a few years, new risks appear, regulations such as the European Union's 

Artificial Intelligence Act impose new obligations, AI models age, cloud costs and energy use 

rise, and the platform itself becomes hard to change. This article asks what makes a risk 

management platform future-ready and proposes a framework to achieve it. The framework 

defines six readiness dimensions: evolvability, continuous AI improvement, resilience, 

regulatory readiness, sustainability, and portability. It realizes them through a layered 

architecture. A metadata and configuration layer holds risk definitions, workflow rules, and 

model settings so they can change without code. Configurable workflows and AI risk services 

deliver risk decisions. An AI operations layer updates models without downtime and recovers 

from failures automatically. A governance layer maps regulatory requirements to evidence the 

platform produces. A portable, energy-aware cloud layer hosts everything. Using a design-

oriented approach grounded in eleven studies published between 2004 and 2024, the article maps 

the evidence base, defines the readiness dimensions, describes the architecture, maps AI 

regulation to platform mechanisms, and sets out an evolution loop. It illustrates the design with 

a tax administration managing taxpayer compliance risk. It argues that future-readiness is not a 

prediction of the future but a capacity to change safely, cheaply, and with evidence. 
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1. Introduction 

A digital risk management platform is expected to serve for many years, yet almost everything 

around it changes during that time. Risks change as markets, technologies, and behaviors 

change. Regulation changes: the European Union's Artificial Intelligence Act, adopted in 2024, 

introduces risk management, documentation, logging, and human oversight requirements for 

high-risk AI systems (European Union, 2024), and the NIST AI Risk Management Framework 

offers voluntary guidance on governing AI (National Institute of Standards and Technology 

[NIST], 2023). Technology changes, and AI models lose accuracy as data drifts. Costs and 

expectations around cloud energy use change (Beloglazov et al., 2012), and dependence on a 

single provider can become a strategic risk (Opara-Martins et al., 2016). 

Platforms that cannot absorb these changes accumulate technical debt. Sculley et al. (2015) 

describe how ML systems in particular incur hidden debt through entanglement, undeclared 

dependencies, and configuration sprawl. Ford et al. (2017) argue that architectures should be 

designed for constant change, with guided, incremental evolution protected by automated 

checks. 

Several recent studies provide building blocks. Basireddy (2022a) shows how risk management 

can be digitized through configurable enterprise workflow architecture, with risk identification, 

assessment, approval, escalation, and remediation defined through configuration. Basireddy 

(2022b) proposes a future-ready metadata-centric platform architecture for dynamic 

configuration, intelligent process automation, operational agility, and sustainable enterprise 

modernization. Sannidhanam (2023b) addresses zero-downtime AI model updates in real-time 

inference systems, and Sannidhanam (2023a) addresses self-healing distributed systems using 

AI-driven failure prediction and automated recovery. 

This article asks: What makes a digital risk management platform with configurable cloud-

based workflows future-ready, and how can such a platform be designed? It contributes an 

evidence map (Figures 1 and 2), six readiness dimensions, a layered architecture, a mapping of 

AI regulation to platform mechanisms, an evolution loop, and an illustrative case. 

 

2. Related Work 

2.1 Configurable and metadata-centric platforms 

Basireddy (2022a) proposes configurable enterprise workflow architecture for risk 

management, in which processes change through configuration and every step is recorded. 
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Basireddy (2022b) extends configurability to the platform level, where metadata drives process 

behavior, supporting intelligent process automation, operational agility, and sustainable 

modernization. 

 

2.2 Evolvability and technical debt 

Ford et al. (2017) propose evolutionary architecture, which supports incremental change across 

several dimensions and uses fitness functions, automated checks of architectural qualities, to 

keep change safe. Sculley et al. (2015) show that ML systems are especially prone to technical 

debt, because data dependencies, feedback loops, and configuration are harder to manage than 

code. 

 

2.3 Resilient AI operations 

Sannidhanam (2023b) examines how AI models in real-time inference systems can be replaced 

without interrupting service. Sannidhanam (2023a) examines failure prediction and automated 

recovery in distributed systems. 

 

2.4 AI regulation and governance 

The EU Artificial Intelligence Act (European Union, 2024) sets requirements for high-risk AI 

systems, including a risk management system, data governance, technical documentation, 

record-keeping, transparency, human oversight, and accuracy and robustness. NIST (2023) 

organizes AI risk management into four functions: govern, map, measure, and manage. 

 

2.5 Sustainable and portable cloud 

Beloglazov et al. (2012) propose energy-aware resource allocation in cloud data centers, 

consolidating workloads to reduce energy use while meeting service levels. Opara-Martins et 

al. (2016) analyze vendor lock-in in cloud computing and its effect on migration decisions, 

identifying data and application portability as key concerns. 

 

2.6 Compliance risk management 

The OECD (2004) sets out a compliance risk management process for tax administrations: 

identify compliance risks, assess and prioritize them, analyze their drivers, choose treatment 

strategies, and evaluate outcomes. It provides the domain for the illustrative case. 
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2.7 Research gap 

Research on configurable workflows, evolutionary architecture, AI operations, AI regulation, 

and sustainable cloud has developed largely in parallel. Few designs define what future-

readiness means for a risk management platform or connect these concerns in one architecture. 

This article addresses that gap. 

 

3. Research Methodology 

The study follows a design-oriented research approach. The problem, risk platforms that 

become hard to change as risks, regulations, and technologies evolve, was identified from the 

literature. Requirements were derived from the reviewed studies and grouped into readiness 

dimensions. The framework was designed from eleven studies published between 2004 and 

2024 and demonstrated through an illustrative case. 

To make the evidence base transparent, each study was assigned to the theme it primarily 

supports. Figure 1 shows the distribution across themes, and Figure 2 shows the studies by 

publication year. These figures describe the literature used in this article. They are not 

performance measurements. The framework has not been evaluated empirically, which is left 

to future work. 

 

 

Figure 1. Number of reviewed studies primarily supporting each theme (n = 11) 

 

 Configurable and metadata-driven architecture, evolvability and technical debt, resilient AI 

operations, AI regulation and governance, and sustainable and portable cloud each have two 

studies. Compliance risk management has one. The studies span 2004 to 2024, with most 

published from 2022 onward. 
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Figure 2. Reviewed studies by publication year (n = 11) 

 

 

4. Six Dimensions of Future-Readiness 

The framework defines future-readiness through six dimensions (Table 1). Each prepares the 

platform for a class of future change and can be checked through a readiness indicator, in the 

spirit of the fitness functions of evolutionary architecture (Ford et al., 2017). 

 

Table 1. Dimensions of future-readiness 

Dimension Future change it 

prepares for 
Architectural 

mechanism 
Readiness 

indicator 
Supporting studies 

Evolvability New risks, rules, 

and processes 
Metadata and 

configurable 

workflows 

Share of changes 

made without 

code 

Basireddy (2022a, 2022b); 

Ford et al. (2017) 

Continuous 

AI 

improvement 

Data drift and 

better models 
Zero-downtime 

model release 
Time from 

retrained model to 

production 

Sannidhanam (2023b); 

Sculley et al. (2015) 

Resilience Failures and 

demand surges 
Failure prediction 

and self-healing 
Availability of 

risk services 
Sannidhanam (2023a) 

Regulatory 

readiness 
New AI and risk 

regulation 
Requirement-to-

evidence mapping 
Time to produce 

required evidence 
European Union (2024); 

NIST (2023) 
Sustainability Energy and cost 

pressure 
Energy-aware 

resource allocation 
Energy and cost 

per decision 
Beloglazov et al. (2012) 

Portability Provider or 

technology 

change 

Containers, open 

interfaces, 

exportable data 

Effort to move a 

service 
Opara-Martins et al. 

(2016) 

 

 

The dimensions reinforce one another. Metadata makes regulatory changes configurable; zero-

downtime releases make model changes cheap; portability keeps sustainability and cost choices 

open. A platform strong in only one dimension is not future-ready. 

5. Layered Architecture 

Figure 3 shows the architecture as five layers, and Table 2 describes their components. 
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Figure 3. Layered architecture of the future-ready risk management framework 

 

Table 2. Components of the framework 

Layer Components Role Supporting studies 
Governance and 

regulation 
AI inventory, 

requirement map, 

evidence store 

Link obligations to platform 

evidence 
European Union (2024); 

NIST (2023) 

Metadata and 

configuration 
Risk taxonomy, 

workflow rules, model 

settings, fitness checks 

Make change a configuration 

task 
Basireddy (2022b); Ford et 

al. (2017) 

Risk services 

and workflows 
AI risk scoring, 

configurable workflows, 

human tasks 

Deliver risk decisions Basireddy (2022a) 

AI operations Model release, drift 

monitoring, self-healing 
Keep AI current and 

available 
Sannidhanam (2023a, 

2023b); Sculley et al. 

(2015) 
Portable, 

energy-aware 

cloud 

Containers, open 

interfaces, workload 

consolidation 

Host services efficiently and 

portably 
Beloglazov et al. (2012); 

Opara-Martins et al. (2016) 

 

 

Governance and regulation layer. This layer holds an inventory of AI systems and a map from 

regulatory requirements to the evidence the platform produces (Table 3). It follows the govern, 

map, measure, and manage functions of NIST (2023). 

Metadata and configuration layer. Risk categories, thresholds, workflow rules, model settings, 

and data definitions are held as versioned metadata (Basireddy, 2022b). Fitness checks run 

automatically on every change, for example confirming that every high-risk workflow still 

includes a human approval step (Ford et al., 2017). 

Risk services and workflows layer. AI services score risk, and configurable workflows route 
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cases, create human tasks, and record decisions (Basireddy, 2022a). Both read their behavior 

from the metadata layer. 

AI operations layer. Drift monitoring detects models that need retraining; new models are 

released alongside current ones and switched gradually without interruption (Sannidhanam, 

2023b); failure prediction and automated recovery keep services available (Sannidhanam, 

2023a). Declaring model dependencies in metadata reduces the hidden debt that Sculley et al. 

(2015) warn about. 

Portable, energy-aware cloud layer. Services run in containers with open interfaces, and data 

can be exported in standard formats, limiting lock-in (Opara-Martins et al., 2016). Workloads 

such as overnight retraining are consolidated and scheduled to reduce energy use (Beloglazov 

et al., 2012). 

 

6. Regulatory Readiness and Evolution 

6.1 Mapping AI regulation to platform mechanisms 

Regulatory readiness means that the platform already produces the evidence new rules require. 

Table 3 maps requirements of the EU AI Act for high-risk AI systems, where applicable, to 

mechanisms in the framework. 

 

Table 3. Mapping AI regulatory requirements to framework mechanisms 

Requirement Source Framework mechanism Evidence produced 
Risk 

management 

system 

EU AI Act, Art. 9; NIST 

(2023) 
AI inventory with mapped 

and measured risks 
Risk register entries per 

AI system 

Data 

governance 
EU AI Act, Art. 10 Data definitions and quality 

rules in metadata 
Data lineage and quality 

records 
Technical 

documentation 
EU AI Act, Art. 11 Model settings and versions 

in metadata 
Model documentation 

per version 
Record-

keeping 
EU AI Act, Art. 12 Workflow audit trail Logs of inputs, outputs, 

and decisions 
Human 

oversight 
EU AI Act, Art. 14 Configured human approval 

steps; fitness checks 
Approval records; check 

results 
Accuracy and 

robustness 
EU AI Act, Art. 15 Drift monitoring, staged 

release, self-healing 
Performance and 

availability records 

 

 

Because these mechanisms exist before any specific obligation applies, meeting new 

requirements becomes a matter of configuration and reporting rather than redevelopment. 

6.2 Evolution loop 
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Figure 4 shows how the platform evolves when something changes. 

  

 

Figure 4. Evolution loop of the future-ready framework 

 

A change is detected: a new risk, a regulation, a drifting model, or a cost pressure. Its impact is 

assessed through the links in the metadata layer. The platform is reconfigured; this step is 

highlighted because it is where future-readiness pays off, as most changes should end here 

without code. Where models must change, they are released without downtime (Sannidhanam, 

2023b). The change is verified by fitness checks and recorded as evidence (Ford et al., 2017). 

Finally, debt created by the change, such as a temporary rule or an unused model, is scheduled 

for removal (Sculley et al., 2015). 

7. Illustrative Case: Taxpayer Compliance Risk in a Tax Administration 

Consider a national tax administration that uses AI to prioritize tax returns for review, following 

the OECD (2004) compliance risk process of identifying, assessing, and treating compliance 

risks. The case is illustrative and reports no measured results. 

Everyday operation. Returns are scored for the risk of under-reporting. Configurable workflows 

route low-risk returns to automatic processing, medium-risk returns to a prompt asking the 

taxpayer to check specific items, and high-risk returns to an auditor (Basireddy, 2022a). Human 

auditors decide every audit case. 

New risk. A new online marketplace grows quickly, and income from it is often unreported. 

The compliance team adds a risk category and a data definition for marketplace income reports 

in metadata, and a new workflow path sends matching returns a reminder letter (Basireddy, 

2022b). No code is written. 

Model change. The risk model is retrained with the new income data and released alongside 

the old one, taking over gradually as its results are confirmed (Sannidhanam, 2023b). 

Regulation. The administration determines that parts of its AI use must meet new AI regulation 
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requirements. Because documentation, logs, and human approval records already exist (Table 

3), it produces the required evidence from the platform rather than rebuilding it (European 

Union, 2024; NIST, 2023). A fitness check is added to confirm that no workflow can issue a 

penalty without human approval (Ford et al., 2017). 

Peak season and sustainability. During the filing deadline, volumes rise sharply, and the self-

healing layer replaces failing scoring instances before they stop (Sannidhanam, 2023a). Outside 

the peak, retraining is consolidated overnight to reduce energy use (Beloglazov et al., 2012). 

Portability. When the administration renegotiates its cloud contract, the containerized services 

and exportable data allow it to consider alternative providers credibly (Opara-Martins et al., 

2016). 

The case shows a platform absorbing a new risk, a model change, new regulation, seasonal 

peaks, and a provider decision without redesign. 

 

8. Discussion 

8.1 Implications 

For research, the article defines future-readiness for risk platforms through six measurable 

dimensions and connects configurable and metadata-centric architecture with evolutionary 

architecture, AI operations, AI regulation, and sustainable, portable cloud. For practitioners, 

the lessons are to put risk definitions and workflow rules in metadata, to test architectural 

qualities automatically on every change, to release models without downtime, to map 

regulatory requirements to evidence before they apply, to measure energy and cost per decision, 

and to keep services and data portable. 

 

8.2 Limitations and future work 

The framework was demonstrated through an illustrative case and draws on eleven studies, so 

the evidence base is focused rather than comprehensive. Several descriptions of the studies are 

based on their stated scope. The regulatory mapping is indicative and not legal advice; whether 

a given AI use is subject to particular requirements depends on the specific system and 

jurisdiction. Future work should implement the framework and track the readiness indicators 

over time, such as the share of changes made without code and the time to produce regulatory 

evidence. The trade-offs between dimensions, for example between portability and use of 

provider-specific AI services, also need study. 
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9. Conclusion 

A digital risk management platform will face new risks, regulations, technologies, and cost 

pressures during its life. This article proposed a future-ready framework defined by six 

dimensions and realized through a layered architecture: governance mapped to evidence, 

metadata and configuration, configurable risk workflows, resilient AI operations, and a 

portable, energy-aware cloud. The tax administration case showed the platform absorbing 

change without redesign. The central conclusion is that future-readiness is not a prediction of 

the future but a capacity to change safely, cheaply, and with evidence. 

 

References 

1. Basireddy, S. R. (2022a). Digitizing risk management through configurable enterprise 

workflow architecture. SAMRIDDHI: A Journal of Physical Sciences, Engineering and 

Technology, 14(4), 231–239. 

2. Basireddy, S. (2022b). Pioneering a future-ready metadata-centric platform architecture 

for dynamic configuration intelligent process automation operational agility and 

sustainable enterprise modernization. SAMRIDDHI: A Journal of Physical Sciences, 

Engineering and Technology, 14(03), 415–429. 

https://doi.org/10.18090/samriddhi.v14i03.27 

3. Beloglazov, A., Abawajy, J., & Buyya, R. (2012). Energy-aware resource allocation 

heuristics for efficient management of data centers for cloud computing. Future 

Generation Computer Systems, 28(5), 755–768. 

4. European Union. (2024). Regulation (EU) 2024/1689 of the European Parliament and of 

the Council laying down harmonised rules on artificial intelligence (Artificial Intelligence 

Act). Official Journal of the European Union. 

5. Ford, N., Parsons, R., & Kua, P. (2017). Building evolutionary architectures: Support 

constant change. O'Reilly Media. 

6. National Institute of Standards and Technology. (2023). Artificial intelligence risk 

management framework (AI RMF 1.0) (NIST AI 100-1). 

https://doi.org/10.6028/NIST.AI.100-1 

7. Opara-Martins, J., Sahandi, R., & Tian, F. (2016). Critical analysis of vendor lock-in and 

its impact on cloud computing migration: A business perspective. Journal of Cloud 

Computing, 5, Article 4. 

https://ijed.co.in/ijedj/index
https://ijed.co.in/ijedj/index


 
Indian Journal of Environment & 

Development  

 

115 

 

Volume 15, Issue 01, 2024 

8. Organisation for Economic Co-operation and Development. (2004). Compliance risk 

management: Managing and improving tax compliance. OECD Forum on Tax 

Administration. 

9. Sannidhanam, A. H. (2023a). Self-healing distributed systems: AI-driven failure 

prediction and automated recovery. International Journal of Research & Technology, 

11(4), 168–174. https://ijrt.org/j/article/view/1464 

10. Sannidhanam, A. H. (2023b). Zero-downtime AI model updates in real-time inference 

systems. International Journal of Engineering Science & Humanities, 13(2), 70–78. 

https://www.ijesh.com/j/article/view/934 

11. Sculley, D., Holt, G., Golovin, D., Davydov, E., Phillips, T., Ebner, D., Chaudhary, V., 

Young, M., Crespo, J.-F., & Dennison, D. (2015). Hidden technical debt in machine 

learning systems. In Advances in Neural Information Processing Systems 28 (pp. 2503–

2511). 

https://ijed.co.in/ijedj/index
https://ijed.co.in/ijedj/index

