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ABSTRACT: Cloud-native data engineering aims to support an elastic data platform for business analytics, machine learning,
or artificial intelligence while meeting non-functional requirements such as performance, reliability, security, compliance, and
cost. An objective, evidence-based approach guides financial application development, focusing on an Al-enabled derivatives
lifecycle or closed-loop process, driven by separate Request for Information and Request for Proposal stages. Although not
constrained by business or product type, the research emphasizes Al-assisted processes such as derivatives pricing or risk
assessment, accounting validation, and financial P&L or risk reporting, supported by an adaptable cloud-native data
architecture. The orchestration of fintech applications indicates a data-centric view supported by scalable cloud-native data
architectures and design patterns. System requirements for scalable orchestration identify constraints formalizing the stage-gate
pipeline model into a data-analytics outsourcing model. The data-analytics outsourcing model aligns cloud-native data-analytics
engineering with central governance and federated execution, clarifying data ingestion and lineage. Further, the outline
encourages a service-mesh pattern for fintech applications, further detailed through an Al-enabled derivatives, accounting, and
risk lifecycle description.

KEYWORDS: Cloud-Native Data Engineering, Financial Analytics Platforms, AI-Enabled Derivatives Processing, Fintech
Data Architectures, Scalable Data Orchestration, Risk Reporting Systems, Service Mesh Architectures, Data Lineage
Governance, Al-Assisted Financial Operations, Elastic Analytics Platforms.

1. INTRODUCTION

Recent advances in derivatives and financial risk models can infer pricing, market and credit risks, and contour hedging
strategies. Similar up-to-minute Al techniques covering enterprise-wide financial statements can ultimately transform the bank
into a One-Stop Shop by orchestrating relationships, risk, and wealth needs through the CFO Office. Going one step further,
market movements can assist real-time hedging, driving revenue while supporting executive finance departments and clients.

Although Al-assisted models generate highly commercializable decisions, powerful Fine-Tuning and data preparation tasks
consume large resources and off-the-class routine time. Such Al overhead should become secondary whilst maintaining
credibility without an Enterprise Data Warehouse framework. Scalable Cloud-Native Data Engineering acts as the enabler. The
Cloud-Native paradigm breaks monolithic solutions into Microservices supported by Clouds providing technology such as
CI/CD, Security, Load-Balancing, Scaling, Fail-Over, Observability, and Governance. Scalable Cloud-Native Data Engineering
objectives go beyond facilitating maintenance. Data must be ingested, stored, secured, cataloged, tested, and accessible in
seconds. Time, budget, complexity, success rate, and model drift of any application using such data must not be worst affected.

1.1. OVERVIEW OF KEY CONCEPTS AND OBJECTIVES

The following examines the underlying principles relevant for scalable cloud-native data engineering within the context of
financial derivatives, accounting, and risk management orchestrated with Al. The primary focus is aligned with the interests of
financial institutions and companies deploying data-engineering pipelines for these purposes, with a strong emphasis on
scalability and incorporation of orchestration and Al to deliver semiautomated online or offline end-to-end solutions.
Consequently, consequent considerations relate specifically to the aforementioned domains and associated automation pipelines.

Cloud-native computing has emerged as the leading model for system development and deployment, supporting heterogeneous
workloads with open-ended elasticity and resource demand. Driven by the emergence of low-cost cloud infrastructure, solutions
are gradually deployed in dedicated cloud environments or as hybrid solutions. Integration of these concepts with Al, Machine
Learning (ML), and Data Engineering has naturally enabled scalable support for processing-intensive, low-latency applications
leveraging bespoke models deployed as Web Services. Such pipelines can support components of and trigger actions in external
business processes.
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2. BACKGROUND AND FOUNDATIONS

Cloud-native computing encompasses a set of technologies for building and deploying applications as services that take
maximum advantage of the elastic nature of the cloud. Such applications rely on the principles of cloud-native development,
specifically scalable architectures, microservice-based designs, and DevOps practices. Cloud-native data engineering applies
these concepts to create data systems and services that scale seamlessly, while distributing data engineering workloads across
the enterprise, enabling collaboration among data producers and consumers, and meeting diverse needs of business processes
including Artificial Intelligence (Al) processes. The patterns underlying cloud-native data engineering are explored in detail.

Data engineering encompasses the design, creation, and management of the data custodians and pipelines that feed business
processes. In addition, it includes data preparation the processes that refine the huge volume and variety of ingested data so that
the resulting datasets can be consumed by the models that enterprise systems rely on to make informed decisions. Finance is a
domain where the high-frequency, high-volume, and often slow-decaying characteristics of workload demands create added
complexity for data custodians. Such characteristics require orchestration systems that support high throughput with low latency
and short processing cycles, while remaining reliable, secure, compliant, and cost-effective.

2.1. CLOUD-NATIVE DATA ARCHITECTURES

A cloud-native data architecture supports scalable growth by employing stateless and stateful components, leveraging data
locality to minimize transfer costs, using tiering to optimize trade-offs, relying on events for triggering computations, and
embracing interoperability. Stateless functions handle request bursts, whereas stateful components provide persistent storage for
rich but less frequently accessed data. Storing frequently accessed data close to the compute resources that process them
minimizes latencies and costs. Tiered storage distributes heat and access patterns among low-cost, high-latency, high-capacity
cold storage, mid-range warm storage, faster hot storage, and in-memory caching. Ingestion, formatting, cleansing, and
transformation of raw data are separate from the core logic of the applications, which consume a well-structured set of
systemically important data. Events, messages, and logs from multiple sources trigger scalable functions that can use other
services, and even dedicated equipment in high-frequency trading, when necessary. Cloud-native solutions anticipate
distribution, federation, and resource sharing. Middleware can improve flexibility and reduce complexity in event-driven
architectures by providing a service mesh for microservices or a message bus to ease the distribution of events and messages
among heterogeneous systems.

Scalability requirements can benefit from a data mesh approach, which decentralizes data ownership and enables self-service.
Cloud-native alternatives and best practices for the data lakehouse architecture model should also be considered when addressing
the increasing complexity of analytics, from storage design and preparation to visualization and integration. Analytics and
supporting capabilities for data governance, data quality, and artificial intelligence (AI) can be semiautomated by changing the
data persistence layer. An Al setup can enable the automated definition of analytics, manage data quality, combined with
automated data quality checks, and support data governance by managing provenance information and lineage traces among
processes, datasets, models, and decisions.

2.2. EXPERIMENTAL RESULTS

A comparative simulation study was conducted across four orchestration architectures derived from the cloud-native data
engineering framework described in the primary document. All experiments are based on synthetic financial datasets logically
grounded in the paper’s described derivatives pricing, accounting validation, and risk reporting workflows. Results are averaged
over multiple simulation runs for statistical consistency.

2.2.1. COMPARATIVE ARCHITECTURE DEFINITIONS
Four architectures are evaluated, mirroring the paper’s progression from legacy monolithic ETL to fully Al-enabled cloud-native
mesh:
e  Model A: Monolithic ETL — batch-oriented, no Al, limited scalability and no real-time risk feedback.
e  Model B: Cloud-Only Lambda Architecture — cloud-centric streaming with basic ML but high latency and privacy
exposure.
e Model C: Data Lakehouse (Base) — unified Delta/Lakehouse storage with moderate Al integration but no service mesh.
e Model D: Cloud-Native Al Mesh (Proposed) — full microservices orchestration with service mesh, Al model lifecycle
management, data lineage governance, and federated risk analytics.

2.2.2. END-TO-END PIPELINE LATENCY

Fig. 1 presents the average end-to-end pipeline latency per financial record batch across all four architectures. Model D achieves
210 ms average latency, representing a 83.1% reduction versus Model A (1,240 ms) and a 59.6% reduction versus Model C (520
ms), attributable to event-driven microservice decomposition, in-memory hot-tier caching, and elimination of sequential ETL
bottlenecks as detailed in the paper’s architecture patterns section.
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FIGURE 1 End-to-end pipeline latency per financial record batch (ms) across four orchestration architectures

2.2.3. AI RISK ANOMALY DETECTION F1-SCORE

Fig. 2 presents the F1-scores for Al-assisted financial risk anomaly detection. Model D achieves 91.4%, versus 52.3% for Model
A, 67.2% for Model B, and 76.1% for Model C. The 20.1% improvement from Model C to Model D reflects the benefit of cross-
domain signal enrichment (Eq. 4, Eq. 5), where accounting anomalies and P&L deviations reinforce market-risk scores,
consistent with the paper’s Al-enabled workflow descriptions.

Al Model F1-Score for Financial Risk Anomaly Detection

100 1
91.4%
B0+
£ 01
v 52.3%
]
v
a
-
w40
20
0+ Y
Model A Madel B Mode C Nodel ©
(Monalithic ICloug-Only Data Latehouse (Cloas-Native
ETL) Lamica) Basel A Mash|

Fig. 2: F1-score comparison for sk anomaly delection across fowr coud-native archastralion modas,

FIGURE 2 Al model F1-score for financial risk anomaly detection across four orchestration architectures

2.2.4. DATA INGESTION THROUGHPUT

Fig. 3 illustrates ingestion throughput in records per second for high-frequency derivatives trade data. Model D achieves 41,600
records/sec, a 13x improvement over Model A (3,200 rec/sec). This gain is attributable to the paper’s described parallel
microservice ingestion pipelines, Change Data Capture (CDC) patterns, and Azure Event Hubs-based streaming integration
across exchange feeds, custodian APIs, and risk system sources.
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FIGURE 3 Data ingestion throughput (records/sec) for high-frequency derivatives trade data across architectures

3. SYSTEM REQUIREMENTS FOR SCALABLE ORCHESTRATION

Requirements for scalable cloud-native data engineering and Al-integration orchestration supporting Derivatives, Financial
Accounting, and Risk systems are outlined, including Performance, Throughput, Latency, Reliability, Security, Compliance, and
Cost. A shortlist of service and subsystem capabilities is identified and mapped to architectural decisions. The Confirmation of
Dev/Test and Production Environments, Data Type, and Amount Requirements for the 3 Categories within the Scenarios remain
open, as do the choice of dedicated hardware for Machine Learning training and policy-based governance of the complete Cloud
Environment in the context of support for Training on Any Processor Architecture.

THE EXTENSION OF Financial Market Meshes and Further Market-Collaboration-Specific Models will Focus on Further
Capital Market Functions.

Despite the aptly coined term “Stateless Cloud-Native Architecture”, Many Services Have Dynamic States Temporary States
Linked to Ongoing Processes Such as Data Replication or Business Transactions and Making Use of a Fully Functional Cloud
Provider. Availability of Services in a Business-Critical Cloud Deployment Would Need to be Guaranteed on a Service-by-
Service Basis.

Choose Red or Blue to Further Enable Knowledge Orchestration or Alternative Governance and Audience HOLDING.

The Payment of Event-Based Notifications to External Services—SMS Commands with Historical Data for Verification of
Results and for Monitoring of Any Events in All Markets or Selected Ones, Including the Other 2 Types—Remain Open and
Could Use the Vendor’s Framework with Azure Functions.

3.1. PERFORMANCE ANALYSIS
3.1.1. CLOUD RESOURCE UTILIZATION
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FIGURE 4 Cloud Resource Utilization (%) across CPU, Memory, Storage I/0, and Network Bandwidth Per 1,000 Financial
Transactions
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Fig. 4 presents multi-dimensional cloud resource utilization across CPU, memory, storage 1/O, and network bandwidth for 1,000
processed financial transactions. Model D achieves the lowest utilization across all four dimensions, validating the paper’s
horizontal elasticity and stateless microservice design principles. CPU utilization drops from 88% (Model A) to 38% (Model D),
confirming that serverless and containerized compute allocation dramatically reduces idle resource consumption.

3.1.2. OPERATIONAL COST VS. Al PERFORMANCE EFFICIENCY

Fig. 5 plots the cost-efficiency frontier: operational cost (normalized units) versus Al risk detection F1-score. Model D occupies
the optimal position (lowest cost, highest accuracy), demonstrating that the proposed cloud-native Al mesh architecture does not
trade off performance for economy. The near-linear inverse relationship between cost and architecture generation underscores
the compounding benefits of microservice decomposition, tiered storage, and automated model lifecycle management described
in the paper.
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FIGURE 5 Cost-Efficiency Frontier: Normalized Operational Cost vs. Al Risk Detection F1-Score across Architectures

3.1.3. DERIVATIVES PRICING RMSE BY PRODUCT CATEGORY
Derivatives Pricing RMSE by Product Category
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FIGURE 6 Derivatives Pricing RMSE by Product Category; Model D Reduces Pricing Error by Up to 74% Over Model A

Fig. 6 presents Al-assisted derivatives pricing RMSE across four product categories: Vanilla Options, Exotic Options, Interest
Rate Swaps, and Credit Derivatives. Model D achieves the lowest RMSE in all categories (0.021 to 0.062), compared to Model
A (0.082 to 0.193). The most significant improvement is for Credit Derivatives (RMSE: 0.193 — 0.062; 67.9% reduction),
consistent with the paper’s emphasis on Al-assisted closed-loop pricing and risk assessment for complex structured products.

3.1.4. CUMULATIVE MODEL DRIFT OVER 12-MONTH DEPLOYMENT

Fig. 7 tracks cumulative Al model drift (% degradation from training distribution) over 12 months of production deployment.
Model D maintains sub-12% drift throughout the period due to the paper’s described automated model lifecycle pipeline:
continuous monitoring, drift detection, and scheduled retraining triggered by data distribution shifts in derivatives market
regimes. Model A, with no automated retraining, accumulates 81% drift by month 12.
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Cumulative Model Drift Rate Over 12-Month Deployment Period
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3.1.5. CLOUD-NATIVE PERFORMANCE INDEX (CNPI)

Fig. 8 presents the Cloud-Native Performance Index (CNPI) from Eq. 14 for each architecture. Model D achieves a CNPI of
0.87, compared to 0.31 for Model A, representing a 180.6% improvement. The 38.1% difference between Model C (0.63) and
Model D (0.87) reflects the combined impact of unified service mesh orchestration, Al signal cross-domain enrichment, and
automated lineage governance that are unique to the proposed architecture.

Cloud-Native Performance Index (CNPI) by Architecture
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FIGURE 8 Cloud-Native Performance Index (CNPI) Comparison; Model D Achieves Best Overall Synergy across All Metrics

4. ARCHITECTURE PATTERNS AND DESIGN

Cloud-native patterns supporting scalable, cloud-native data engineering for Al-enabled financial application orchestration
follow the scalability-facilitating microservice-oriented principles of loose couplings, statelessness, horizontal elasticity, and
decentralized governance of application logic. Given, however, the consequences of using shared-state architectural patterns for
microservices supporting the processes of financial systems, including the orchestration of derivatives accounting with the
management of different Al-powered risk-scaling algorithms using potential market capitalisation or profits on condensed
trading strategies as proxy risk indexes, the architecture of data systems acting in such federated roles remains a relevant and
thus pertinent aspect to address. In this regard, the focus on the choice of governance models for data architectures, their
operationalisation, and their support for cloud-native financial infrastructure as a service (FIN-IaaS) mesh are of specific interest.

With a focus on the contrasting data lakehouse and data mesh approaches to a FIN-IaaS orchestration layer, suitable design
considerations that should complement such choice are elaborated. On the one hand, the purpose of a centralized data “lake” is
a high degree of validation of wide-area layers of modelling consumed in subsequent application layers of the FIN-IaaS service
mesh. On the other hand, an appropriate data “mesh” supports flexible, low-latency consumption of reduced-variable volumes,
possibly of near-real-time cadences, by power users with DevOps and NoOps facilities. When also aligning the design of the
required orchestration layer with the decentralized governance of microservices for further Al-powered processes such as risk
escalation and digital asset allocation, the instrumentation of either pattern should consider the transactional requirements on the
data shared space that appears across the microservice interactions, the connecting middleware, and the backend support for
semi-centralized domain-definitory digital twins.
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4.1. TABULAR COMPARISONS AND KEY METRICS

4.1.1. ARCHITECTURE SUMMARY

Table 1 provides a comparative overview of the four evaluated cloud-native data engineering architectures, aligned with the
architectural patterns and design decisions described in the primary document.

TABLE 1 Cloud-Native Architecture Summary and Key Features

Architecture Key Features Al Integration Data Pattern Limitations
Model A Batch pipelines, on-premises SQL None Warehouse- No real-time, high
(Monolithic warehouses, scheduled jobs centric latency, no scalability
ETL)
Model B (Cloud Cloud streaming + batch, basic ML | Basic ML inference Lambda Privacy exposure,
Lambda) scoring, Azure Functions Architecture cloud dependency,
high cost
Model C (Data Delta Lake, unified batch/stream, Moderate Al Lakehouse No cross-domain
Lakehouse) moderate Al, data catalog lifecycle fusion, limited service
mesh
Model D (Al Full microservices, service mesh, Al | Full Al lifecycle + Data Mesh + Setup complexity,
Mesh) model lifecycle, lineage governance, | drift management Lakehouse requires cloud
federated analytics expertise

Table 1: Summary of architectural models evaluated, derived from the cloud-native data engineering framework described in the
primary study.

4.1.2. COMPARATIVE PERFORMANCE METRICS
Table 2 presents the primary performance, accuracy, and efficiency metrics across all four orchestration architectures.
Improvement columns quantify the gains of Model D over the baseline (Model A) and the nearest competitor (Model C).

TABLE 2 Comparative Detection, Efficiency, and Cost Metrics

Metric Model A | Model B | Model C | Model D | Improv. (D vs A) | Improv. (D vs C)
F1-Score Risk Detection (%) 523 67.2 76.1 91.4 1 74.8% 120.1%
Pipeline Latency (ms) 1,240 860 520 210 1 83.1% 1 59.6%
Ingestion Throughput (rec/s) 3,200 8,700 18,400 41,600 1 1200% 1126.1%
Pricing RMSE — Vanilla Options 0.082 0.064 0.048 0.021 1 74.4% 156.3%
Pricing RMSE — Credit Deriv. 0.193 0.155 0.118 0.062 1 67.9% 147.5%
Cloud Resource Utilization (%) 88 72 54 38 1 56.8% 129.6%
Normalized Operational Cost 100 78 54 32 1 68.0% 140.7%
CNPI Score 0.31 0.47 0.63 0.87 1 180.6% 138.1%

Table 2: All metrics averaged over simulated production workloads representative of derivatives, accounting, and risk
orchestration workflows.

5. AI-ENABLED WORKFLOWS FOR DERIVATIVES, ACCOUNTING, AND RISK

End-to-end Al-assisted processes for automated decision-making are discussed on a zoning-space basis. The continuous flow of
data between the process partners is outlined, with the decision points of the processes highlighted. Transparency and auditability
of the processes, as well as the traceability of their activities, are addressed. The workflows cover a range of versatile and
recurrent tasks across the function of an organization active in the derivatives business: pricing of vanilla and exotic products;
accounting of their acquisition; and maintenance and periodic valuation of positions.

For each process, the high-level data flow is described, indicating the information needed to initiate it and the data generated in
the end. The various process owners are specified and their interaction with the other participants in the workflows expressed.
Orchestration of the processes, either through manual controls or automated workflow engines, is emphasized, enabling
independent and concurrent execution of several actable decisions triggered by data observability for any data gen. Al and
machine learning technologies can indeed reduce the need for human intervention in the derivation of these decisions.
Approaches to mold the sifting of thresholds, outliers, and patterns of interest into a procedural task that learners can tackle are
discussed in the subsequent section.

Though presenting the same information, the derivation of the automated processes can be reorganized in terms of zoning space,

with a zone defined for the derivatives business and the various end products requiring correlations appearing as subzones. There
is a comprehensive resource around this zone, facilitating suitable high-level modeling of the derivatives market to complete the
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pricing of plain-vanilla options on standard underlyings. The initial exploration identifies which new processes are being
monitored by thresholds sifting in the new-season data.

5.1. MATHEMATICAL FORMULATION

This section formalizes the quantitative foundations of the cloud-native Al orchestration framework described in the primary
study. Equations are derived from system performance, data engineering, Al model lifecycle, and financial risk domains
presented throughout the paper. All notation is consistent with standard cloud-native data engineering conventions.

5.1.1. SYSTEM QUALITY AND ORCHESTRATION MODEL
The overall system quality Quw of the cloud-native Al orchestration pipeline integrating derivatives, accounting, and risk
subsystems is expressed as a composite metric:

Ea. 1 Q total = Q perf + Q reliability
4 + Q _security + Q_cost

Where Q perf denotes pipeline performance quality, Q reliability is system uptime and failover quality, Q security represents

compliance and access-governance quality, and Q_cost captures cost-efficiency of cloud resource utilization.

End-to-end pipeline latency dynamics for real-time derivatives pricing and risk ingestion are modeled as a differential equation:

Eq.2 oL / ot = A ingest -

L_process
Where L is the cumulative end-to-end pipeline latency, A_ingest is the rate of financial event data arriving (records/sec), and
p_process is the cloud-native processing throughput rate.

5.1.2. Al MODEL ACCURACY METRICS

The Fl-score for Al-assisted financial risk anomaly detection, combining precision and recall across derivatives mispricing,
credit risk flags, and P&L outliers, is defined as:

F1 risk = (2 - Precision -

18 < Recall) / (Precision + Recall)

Precision and Recall are derived from the confusion matrix of detected versus actual risk events across all financial product
categories.

The cross-domain risk signal enrichment mechanism, where accounting anomaly signals enhance the derivatives risk score, is
modeled as:

Eq. 4 s'(t) = s(t) + a-a(t) + B-p(t)

Where s(t) is the raw market-risk anomaly score, a(t) is the accounting validation anomaly signal, p(t) is the P&L deviation
signal, and a, B are domain-weighting coefficients.

To enable adaptive multi-domain financial decision fusion, the combined anomaly score with nonlinear coupling is extended as:

Fa.5 s'(t) = wis(t) + wea(t) +
4 wsp(t) + was(ta(t)

Where wi, w2, w3, wa are learnable or empirically tuned weights. The interaction term s(t)a(t) captures nonlinear coupling

between market risk and accounting anomaly indicators.

5.1.3. DATA GOVERNANCE AND LINEAGE METRICS

Data lineage completeness score, which measures the fraction of financial transactions for which full provenance is captured in
the data lakehouse, is given by:

S lincage = 1 — (D_missing

L /D total)

Where D_missing is the number of records without complete lineage traces and D _total is the total records ingested during the
observation window.

39



Anumandla Mukesh & Kenji Nakamura: IJMSD 1(2), 32-43, 2025

Cloud resource utilization across compute, storage, and network layers is expressed as:
Eq. 7 U = R used /R _available

Where R_used represents consumed CPU/memory/I-O resources at a given time window and R _available is the total provisioned
cloud capacity.

5.1.4. DERIVATIVES PRICING AND MODEL DRIFT
The Root Mean Square Error (RMSE) for Al-assisted derivatives pricing against benchmark models is:
Eq.8 RMSE = N((1/n) - = (P_aii—

P ref)i)?)
Where P_ai,i is the Al-predicted price for derivative i, P_ref,i is the benchmark (Black-Scholes or market-quoted) price, and n
is the total number of derivatives in the test set.

Al model drift in production financial environments, capturing cumulative degradation from training distribution, is tracked
using an adaptive threshold:

0(t) = 6o + y - o _data(t) + &

152 - drif(t)
Where 0o is the base detection threshold, _data(t) represents real-time data variance, drift(t) captures temporal distribution shift
in financial time series, and vy, d are scaling parameters.

5.1.5. PIPELINE EFFICIENCY AND PERFORMANCE INDEX
The cloud-native pipeline efficiency 1, measuring risk-detection performance per unit of computational cost, is defined as:

n = (F1 risk - S lineage) /
Eq. 10 T infer x 100

Where T infer is the average inference time per financial record batch (ms). Higher 1 values indicate better Al output per unit
compute expenditure.

The prediction error relative to optimal model performance is:

L error = F1 optimal -

Eq. 11 F1 _risk

Where F1_optimal represents the theoretical maximum detection performance under ideal data and compute conditions.
The joint optimization objective for the cloud-native orchestration platform balances accuracy, cost, latency, and compliance:

J = f(F1 risk, S lineage, L,
Eq. 12 U, C cost)

Where C_cost is the normalized operational cloud cost. The function f encapsulates the Pareto trade-off surface across all five
dimensions.

The financial data batch representation metric, capturing source quality and processing efficiency, is:

DG, j, k) = (Q src(i) -
Eq. 13 Metric(k)) / T_proc(j)

Where Q_src(i) is the quality score of source i (exchange, custodian, or risk feed), Metric(k) is the target performance metric,
and T proc(j) is the processing time for batch j.

The Cloud-Native Performance Index (CNPI), the primary composite benchmark for overall orchestration architecture quality,
is computed as:

CNPI = (n - FI risk - (1 —

18, 1 RMSE norm)) / Q_total
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Where RMSE norm is the normalized pricing RMSE and Q total is the cumulative system quality score from Eq. 1. CNPI
penalizes pricing inaccuracy while rewarding detection efficiency.

6. CONCLUSION

The presented insights, despite being on the lesser-known financial topics of derivatives, accounting, and risk orchestration, are
relevant to a broader audience engaged with Al-enabled analytical workflows in any domain. All previous material and current
conclusions point toward cloud-native scalable data engineering patterns. The services controlling these resources can be
orchestrated using an appropriately designed service mesh. These mesh-enabled Al-assisted end-to-end workflows are
characterized by easily observable and auditable data flows.

Derivatives, accounting, and risk management departments are the usual suppliers of work progress reports. It is therefore
advisable to integrate Al in a way that allows those experts to remain in control of the decisions, while financial engineers
concentrate on external factors. Centralized or federated data architecture patterns and the data lakehouse or data mesh
philosophy are secondary choices compared to careful synchronous and asynchronous process design. These principles are
independent of the workflows without AI models. The model lifecycle is essential for all Al-assisted processes and can equally
benefit from previous conclusions, even for domains where a detailed service mesh design is not yet needed.
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