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Abstract

Financial systems are becoming increasingly decentralized, comprising distributed nodes that interact fluidly with customers,
suppliers, regulators, and other counterparties. These nodes must routinely make fast decisions, and growing evidence shows that
the absence of decisions that are both fast and auditable exposes financial institutions to regulatory and reputational risk.

This work addresses that gap by examining evidence-based mechanisms, formal structures, and governance models that enable

rapid, auditable decision-making across a wide range of financial systems—from payment rails to multi-institutional settlement
waterfalls. We introduce the decision fabric, a conceptually simple architecture consisting of layered abstractions with explicit

contracts between adjacent layers. Decision fabrics are built on three core principles: distributed provenance capture, distributed
operational risk-control governance, and decision governance. Because it is layer-based, a decision fabric can be embedded into
any system or application that requires auditable decision-making.
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Governance;Real-Time Financial Monitoring;Distributed Al Systems;Event-Driven Decision Intelligence;Financial Risk
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1. Introduction

Human decisions in business processes often rely on analytics, whose conclusions must be auditable and supported by a
comprehensive investigation trail. The speed of decision-making is particularly relevant for financial systems, where high core
transaction throughput enables large volumes of non-standard transactions. The nullification of transactions based on standard
business rules may depend not only on a particular transaction, but also on an analysis of a larger group of transactions in real-time,
and in some cases such decisions must be taken as quickly as possible.

Table 1: Key Components of Distributed Decision Fabric
Component Purpose

Decision Layers Organize decision flow across distributed architecture
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Component Purpose
Decision Channels Support rapid communication between nodes
Provenance Descriptor Tracks who performed each decision action
Trust Mechanism Validates reliability of data and decisions
Governance Controls Ensure compliance, auditability, and risk control

Such speed requirements in financial integrity analytics are typically satisfied by heuristic detection models. These
models operate on all transactions in near real-time and raise alerts on potentially non-conforming transactions. However, alert
resolution requires a complex inference process based on the context of the potentially irregular transaction combined with the
details of a specific analytic hypothesis that may require a more detailed investigation. These integrity checks may take time to lift

the alert. If they are implemented through an off-line process, then the integrity detection system remains blind to the alerts raised
until the alert is either confirmed or rejected.

1. Decision Fabric Function

DF ={L,C,P,G}

Where L= layers, C= contracts, P= provenance, and G= governance.

A. Layered Abstractions and Interfaces

Distributed Decision Fabrics for Ultra-Low-Latency Financial Integrity Analytics and Operational Governance. This
work analyzes evidence-based mechanisms, formal structures, and governance models to support rapid, auditable decisions in
financial systems.

Table 2: Decision Fabric Layers

Layer Function

Incentive Layer Enables decision propagation
Contract Layer Defines cross-layer decision rules

Channel Layer Creates virtual decision paths
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Layer Function
Workflow Layer Manages access, approvals, and compliance

The first element is the foundational aspect of Distributed Decision Fabrics. The concept introduces the necessary entities,
roles, and interactions amongst them, as well as formal definitions of provenance and trust. The metrics ensuring the ultra-low-

latency requirements of evidence-driven analytics, indeed the objectives of the Data Provenance and Lineage section, as well as
the consistency guarantees of the decision propagation process and those related to Data Provenance and Lineage, are also present.

2. Latency Constraint

Td = Tmax

Decision time must remain below the maximum allowed latency.

2. Foundations of Distributed Decision Fabrics

The concept of Distributed Decision Fabrics draws on the properties of layered architectures. The first layer provides the
incentives enabling the propagation of decisions across the other layers. The second layer describes an interaction contract allowing
for cross-layer decision propagation with immediate feedback. The third layer supports these protocols by establishing a network
of virtual decision channels that can be integrated into decision pipelines. The flow of propositions and queries across these channels
is organized by workflow engines that ensure role-based access control, auditability, and compliance with business rules, risk
policies, and external regulations.

Table 3: Financial Integrity Analytics Requirements
Requirement Description

Low Latency Decisions must occur within seconds
Real-Time Monitoring Transactions are analyzed continuously
Alert Handling Suspicious events are flagged quickly
Evidence Collection  Decision support data is gathered rapidly
Forensic Archiving  Results are stored for later review

At the heart of any distributed decision fabric is a process that populates a local decision context with evidence, followed
by a process that forms an appropriate judgment based on this evidence. A proposition, therefore, may serve as a kind of request
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for evidence, while a query checks for contradictory evidence. Three simple yet powerful ideas enable such organizations to rapidly
gather the evidence needed to make auditable decisions. First, an evidence-support chain is established to guide such requests for
evidence through the organization. Second, each proposed decision is associated with a provenance descriptor, thereby establishing
who did what to enable a given decision. Third, the resources participating in such decision-making processes detect and
containerize these discussions using a combination of low-latency streaming analytics, common sense, and warning beacons
established by risk control functions. The scope of the research is summarized next.

3. Risk Score

Rs = Pf X If
Where Pyis fraud probability and I¢is financial impact.

A. Conceptual Framework and Definitions

Entities and interactions within a distributed Decision Fabric embrace the concepts of provenance and trust to guarantee
ultra-low latency. respectively, the triggers that Action-Proposition, Trust-proposition and Validation-proposition decisions are
agreed to accompany data flows, supporting data latency below a preset threshold.

Table 4: Governance Channels
Channel Type Main Role
Focus Channel Handles critical decisions needing fast approval
Control Channel  Supports policy-based operational decisions
Delegation Channel Manages standardized lower-risk decisions
At the upper Decision-Fabric level, Risk-Control-proposition requests travel along dedicated Approval-Proposition
routes, enabling role-based approval workflows as well as auditability from local records. Risk-Control decisions capable of biasing

ambient Risk-Control-Proposition decision channels, influence risk-acceptance travel along dedicated Approval-Proposition
routes; thus, enabling role-based conditional approval workflows and auditability from local records.

4. Trust Score

Ty = aP. + BA,

Where P.is provenance reliability and A,.is audit reliability.
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3. Ultra-Low-Latency Analytics for Financial Integrity

A vertically integrated stack of financial integrity evidence-based analytics from edge to center enables ultra-low-latency
operational state classification and forensic insight. Statement-makers generate data for streaming-processing analytics with latency
in the low seconds. The analysis-process result is acknowledged at the center, resynchronized, and reproducibly archived. Evidence
for state classification or decision-making, or for operational-residual forensic analysis, accrues rapidly and to an acceptable quality.
These analyses target the strictest latency requirements of the fabric: classification of the integrity of the state of the statement-
maker's operational control, as expressed through pending state, within seconds. Telecom fault confidence levels suggest a similar-
scale target for a broader set of fraud indicators.

Figure 1, Per-Layer Latency Contribution in the Decision Fabric Stack
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Fig 1: Per-Layer Latency Contribution: bar chart of mean decision latency across the fabric's six layers (ingestion — governance
approval — archival).

The time required to classify the correctness of normal fintech operational state can be reduced, but, like latency, requires
a careful balance between cost and risk. Fintechs already actively mentioned by core telecom fraud controls suggest much higher
confidence in fault occurrence than would rule out being notified after the fault; speed of forensic residual analysis may thus offer
sufficient confidence at an acceptable latency. The case for the maintenance of high telecom fault latency can, however, be
replicated or extended to other fintechs by relating fact-cluster size to elapsed communications infrastructure processing time and
buildup of telecom fraud alert thresholds for incoming operational-control instructions.

5.  Provenance Chain

P, ={51,55,...,5p}

Represents the sequence of sources or transformations.

A. Data Provenance and Lineage
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Provenance ensures evidence-based trust in distributed systems. Data sources are conceptually obvious, yet confidence
in non-trivial transformations and aggregate metrics requires a trail exposing how they were derived. Well-known practices for
selectively recording provenance introduce data stewardship and storage overheads and incur additional latency when validating
data requests. Integrated methods to compute system-wide lineage-agnostic provenance and verify integrity along the whole data
transformation trail have not yet been explored. Exploiting the characteristics of ultra-low-latency decision-making environments
allows elastic data replication to center nodes, where these overheads are amortized. In this approach, any replica can cache the
entire lineage system-wide and respond to provenance validation requests.

Figure 2. Distribution of End-to-End Decision Latency by Fabric Layer
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Fig 2: Latency Distribution: box plots showing end-to-end latency spread per layer.

Provenance is thus one of the analytics core functionalities. Computing and propagating the entire provenance path might
seem exorbitantly expensive, imposing additional latency in evaluating queries or obvious decisions made on the data item under
scrutiny. Integrating the entire system-wide lineage across data sources and aggregations is critical to justify the retention of such
a piece of information as a trade-off. Given the ultra-low-latency requirement, data replicas will also proliferate, and the overhead
can be amortized. Piloting replica nodes with complete lineage allows them to respond to all provenance-related requests without
additional latency.

6. Decision Approval Rule

D _{1, Ry < R,
@710, Rs>R;

Decision is approved if risk is below the threshold.
4. Operational Governance in Distributed Environments

Operational governance objectives, risk mitigation controls, and accountability mechanisms facilitate trusted real-time
decisions across potentially adversarial decision fabrics. These sub-fabrics provide evidence-based, auditable digital trails but can
also be populated and seized by adversarial actors seeking to divert decisions for their own gain. Therefore, information provenance
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cannot be the only control. Any high-speed financial system must be seen to operate within governance constraints acceptable to
its stakeholders.

Figure 3. Latency-Throughput Trade-off in Ultra-Low-Latency
Stream Processing

largel lalency ceiling

p99 decision latency (ms)
= w k=1 ~1 ==} w

w

10? 10t 10°
Transaction throughput (events/sec, log scale)

Fig 3: Latency—Throughput Trade-off: p99 latency vs. transaction throughput for the streaming analytics engine.

This requirement is particularly acute in distributed and cross-organizational deployment scenarios. Legal, regulatory,
and compliance structures are not formally instantiated in the real-time decision-making arena yet; nonetheless, they underpin
traditional and hosted services in finance and indeed in wider society. The lack of operational governance support in such
environments renders any decision fabric naive at best. It fails to capture and contain the set of familiar governance schemas
established by management and operational risk measurement, the supporting risk and control documents, and the testing and
review mechanisms that audit these controls. Assets actively supporting decision-making must therefore be risk-controlled, risk-
managed, and auditable at all times, whether potentially adversarial or not.

7. Alert Generation

(1, S, >6
A‘%,&se

An alert is raised when transaction score exceeds threshold.

A. Decision Governance Structures

Decision channels across a financial organization enable fast decision-making while fulfilling policy requirements. Three
channels are distinguished—focus, control, and delegation—each serving different operational aspects while upholding governance
safeguards. Focused and controlled decisions allow direct implementation upon approval, thus minimizing latency. Delegation is
used for less critical and standardized decisions. Focused decisions also share outbound dependencies with other elements of the
decision fabric, enabling reversal by any higher authority.
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Figure 4. Provenance Overhead vs. Replication Factor
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Fig 4: Provenance Overhead vs. Replication: compares naive per-request provenance recomputation against amortized replica-
cached lineage (Section 3A).

Constituted via contracts associated to the related process clusters, decision approval orders define the groups and roles
authorized to approve a particular decision. Orders may specify time limits for each approval and are audited to guarantee that no
decision lacked proper approval. While each decision channel has distinct usage, proof of proper authorization is equally required
for all of them, achievable via role-based protocols built into the underlying fabric. The auditability of the three channels provides
a further level of guarantee. Every approval request is registered, with the response indicating whether or not it was granted; logs
can thus be used to reconstruct the decision-making process for any focused or controlled decision.

8. Audit Completeness

Where L,is verified logs and Lis total logs.

5. Conclusion

The proposed bank decision infrastructure design defines a coherent set of data-centric decision-processing requirements,
spanning a series of associated decision fabrics that govern the division's business activity along with formal mechanisms and
supporting technologies within each fabric for enabling rapid, auditable decisions. Two of the decision fabrics, those for evidence
provenance and for response governance, are analysed in formal detail, qualifying decision governing technologies within the two
fabrics.

Contributions commence with the description of response controls in distributed environments, identifying the raw
operational governance objectives and role-specific architecting patterns within the control surfaces of each decision fabric. Formal
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detail then refines the component definition of data provenance by articulating its role in guaranteeing the physical integrity of
natural and financial data, surrounding conditions, interdependencies, and patterns within each decision unit's native environment.

References

10.

Ahmed, I. E., Mehdi, R., & Mohamed, E. A. (2023). The role of artificial intelligence in
developing a banking risk index: An application of Adaptive Neural Network-Based Fuzzy
Inference System (ANFIS). Artificial Intelligence Review, 56, 13873-13895.

Bakoush, M., Gerding, E., Mishra, T., & Wolfe, S. (2022). An integrated macroprudential
stress test of bank liquidity and solvency. Journal of Financial Stability, 60, 101012.

Berger, A. N,, Cai, J., Roman, R. A., & Sedunov, J. (2022). Supervisory enforcement actions
against banks and systemic risk. Journal of Banking & Finance, 140, 106222.

Chakilam, C., Suura, S. R., Koppolu, H. K. R., & Recharla, M. (2022). From Data to Cure:
Leveraging Artificial Intelligence and Big Data Analytics in Accelerating Disease Research
and Treatment Development. Journal of Survey in Fisheries Sciences. https://doi.
0rg/10.53555/sfs. v9i3, 3619.

Berger, A. N., Curti, F., Mihov, A., & Sedunov, J. (2022). Operational risk is more systemic
than you think: Evidence from U.S. bank holding companies. Journal of Banking & Finance,
140, 106619.

Chen, Y. (2022). Bank interconnectedness and financial stability: The role of bank capital.
Journal of Financial Stability, 61, 101019.

Chronopoulos, D. K., Wilson, J. 0. S., & Yilmaz, M. H. (2023). Regulatory oversight and bank
risk. Journal of Financial Stability, 64, 101105.

Adusupalli, B. (2023). DevOps-Enabled Tax Intelligence: A Scalable Architecture for Real-
Time Compliance in Insurance Advisory. Journal for Reattach Therapy and Development
Diversities. Green Publication. https://doi. org/10.53555/jrtdd. v6i10s (2), 358.

Cipollini, F., lelasi, F., & Querci, F. (2024). Asset encumbrance in banks: Is systemic risk
affected? Research in International Business and Finance, 67, 102123.

Conlon, T., Ding, R., Huan, X., & Zhang, Z. (2024). Climate risk and financial stability:
Evidence from syndicated lending. The European Journal of Finance, 30(17), 2001-2031.

9|Page



11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

P-ISSN: 3050-9556

EUROPEAN JOURNAL OF
® AnNALYTICS AND

ARTIFICIAL INTELLIGENCE

VOLUME: 03 ISSUE: 01

Das, S. R., Kalimipalli, M., & Nayak, S. (2022). Banking networks, systemic risk, and the
credit cycle in emerging markets. Journal of International Financial Markets, Institutions and
Money, 80, 101633.

DeMenno, M. B. (2023). Environmental sustainability and financial stability: Can
macroprudential stress testing measure and mitigate climate-related systemic financial risk?
Journal of Banking Regulation, 24, 445-473.

Duan, Y., El Ghoul, S., Guedhami, O., Li, H., & Li, X. (2021). Bank systemic risk around
COVID-19: A cross-country analysis. Journal of Banking & Finance, 133, 106299.

Ellis, S., Sharma, S., & Brzeszczynski, J. (2022). Systemic risk measures and regulatory
challenges. Journal of Financial Stability, 61, 100960.

Mashetty, S. (2023). View of A Comparative Analysis of Patented Technologies Supporting
Mortgage and Housing Finance. Educational Administration: Theory and Practice.

Elliott, M., Georg, C.-P., & Hazell, J. (2021). Systemic risk shifting in financial networks.
Journal of Economic Theory, 191, 105157.

Gehrig, T., & lannino, M. C. (2021). Did the Basel Process of capital regulation enhance the
resiliency of European banks? Journal of Financial Stability, 55, 100904.

Karydas, C., & Xepapadeas, A. (2022). Climate change financial risks: Implications for asset
pricing and interest rates. Journal of Financial Stability, 63, 101061.

Kumar, G., Rahman, M. R., Rajverma, A., & Misra, A. K. (2023). Predicting systemic risk of
banks: A machine learning approach. Journal of Modelling in Management, 19(2), 441-469.
Le, A.-T., Tran, T. P., & Mishra, A. V. (2023). Climate risk and bank stability: International
evidence. Journal of Multinational Financial Management, 70-71, 100824.

Lee, C.-C., Wang, C.-W., Thinh, B. T., & Xu, Z.-T. (2022). Climate risk and bank liquidity
creation: International evidence. International Review of Financial Analysis, 82, 102198.

Liu, R., & Pun, C. S. (2022). Machine-learning-enhanced systemic risk measure: A two-step
supervised learning approach. Journal of Banking & Finance, 136, 106416.

Liu, Y., Wang, J., Wen, F., & Wu, C. (2024). Climate policy uncertainty and bank systemic
risk: A creative destruction perspective. Journal of Financial Stability, 73, 101289.

Moratis, G., & Sakellaris, P. (2021). Measuring the systemic importance of banks. Journal of
Financial Stability, 54, 100878.

10| Page



25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

P-ISSN: 3050-9556

EUROPEAN JOURNAL OF
® AnNALYTICS AND

ARTIFICIAL INTELLIGENCE

VOLUME: 03 ISSUE: 01

Narayan, S., Kumar, D., & Bouri, E. (2023). Systemically important financial institutions and
drivers of systemic risk: Evidence from India. Pacific-Basin Finance Journal, 82, 102155.
Pichler, A., Poledna, S., & Thurner, S. (2021). Systemic risk-efficient asset allocations:
Minimization of systemic risk as a network optimization problem. Journal of Financial
Stability, 52, 100809.

Paleti, S. (2023). Transforming Money Transfers and Financial Inclusion: The Impact of Al-
Powered Risk Mitigation and Deep Learning-Based Fraud Prevention in Cross-Border
Transactions. Available at SSRN, 5158588.

Poledna, S., Martinez-Jaramillo, S., Caccioli, F., & Thurner, S. (2021). Quantification of
systemic risk from overlapping portfolios in the financial system. Journal of Financial
Stability, 52, 100808.

Rahman, M. L., Troster, V., Uddin, G. S., & Yahya, M. (2022). Systemic risk contribution of
banks and non-bank financial institutions across frequencies: The Australian experience.
International Review of Financial Analysis, 79, 101992.

Shabir, M., Jiang, P., Shahab, Y., Wang, W., Isik, O., & Mehroush, I. (2024). Diversification
and bank stability: Role of political instability and climate risk. International Review of
Economics & Finance, 89, 63-92.

Shi, Q., Sun, X., & Jiang, Y. (2022). Concentrated commonalities and systemic risk in China's
banking system: A contagion network approach. International Review of Financial Analysis,
83, 102253.

Wang, G.-J,, Chen, Y., Zhu, Y., & Xie, C. (2024). Systemic risk prediction using machine
learning: Does network connectedness help prediction? International Review of Financial
Analysis, 93, 103147.

Xie, Y., Jiao, F., Li, S, Liu, Q., & Tse, Y. (2022). Systemic risk in financial institutions: A
multiplex network approach. Pacific-Basin Finance Journal, 73, 101752.

Tian, X., Tian, Z., Khatib, S. F. A., & Wang, Y. (2024). Machine learning in internet financial
risk management: A systematic literature review. PLOS ONE, 19(4), e0300195.

Conlon, T., Ding, R., Huan, X., & Zhang, Z. (2024). Climate risk and financial stability:
Evidence from syndicated lending. The European Journal of Finance, 30(17), 2001-2031.

11|Page



36.

37.

38.

39.

40.

P-ISSN: 3050-9556

EUROPEAN JOURNAL OF
® AnNALYTICS AND

ARTIFICIAL INTELLIGENCE

VOLUME: 03 ISSUE: 01

Delon, L. (2024). Risk management in commercial banking institutions: An examination of
the cybersecurity challenges for commercial banks in India: Recommendations for Guyana’s
banking sector. Journal of Financial Risk Management, 13(3), 512-530.

Le, A.-T., Tran, T. P., & Mishra, A. V. (2024). Banks’ environmental policies and banks’
financial stability. Journal of International Financial Markets, Institutions and Money, 91,
101927.

Nandan, B. P. (2021). Enhancing Chip Performance Through Predictive Analytics and
Automated Design Verification. Journal of International Crisis and Risk Communication
Research, 265-285.

Conlon, T., Ding, R., Huan, X., & Zhang, Z. (2024). Climate risk and financial stability:
Evidence from syndicated lending. The European Journal of Finance, 30(17), 2001-2031.
Wang, X., Tian, Y., Khatib, S. F. A., & Wang, Y. (2024). Machine learning in internet financial
risk management: A systematic literature review. PLOS ONE, 19(4), e0300195.

12| Page



