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Disclaimer: The case study organizations (Company A and Bank B) are anonymized for
confidentiality. The findings are illustrative rather than statistically generalizable (N=2). Organizations

should not expect identical KPI improvements but should recognize the patterns and principles as
broadly applicable to knowledge-intensive domains.

Scope: This paper describes targeted autonomy at two bottlenecks. It is not a recommendation to
automate every knowledge process.

Principle. Use AI where it is useful and where it helps the business. This study is not an
argument for embedding autonomous agents in every process. It is an argument for embedding
them at identified operational bottlenecks — with explicit decision rights, reversible actions,

and continuous governance. Company A’s bottleneck was release velocity and regression cost.
Bank B’s bottleneck was loan cycle time, AML noise, and fraud detection. Those are the sites

of the reported gains. Processes that are rare, cheap, or already reliable were left alone.
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This is not about adding AI tools to existing processes. It is about redesigning the architecture
itself so that AI-capable components exercise decision authority within governed boundaries.

0.1 The Business Case

The business case is local. It holds where a process is slow, expensive, or noisy enough that
governed agents pay for themselves. It does not hold as a blanket ROI for “AI.” The figures
below apply to the process under change, not to the firm-wide economy.

1. Productivity (in the process under change): Cycle time reduced by 61% in software
(18 to 7 days) and approximately 90% in banking (21 days to 48 hours).

2. Quality (in the process under change): Software defects fell 45% (4.2 to 2.3 per
KLOC). In banking, the AML false-positive rate fell from 95% to 65% and fraud detec-
tion rose from under 20% to 85%. Productivity and quality improve simultaneously –
contradicting the long-standing assumption that speed and quality are inversely related.

3. Cost: Observed: positive ROI within 18 months at the process in scope. Projected: 3-year
ROI of 89–145% if those process gains persist. Neither figure is a firm-wide return.

The 18-month figures are observed at the process in scope. The 3-year ROI figures are projec-
tions.
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1 The Architecture: Five Layers for AI-Based Systems

The study proposes a five-layer reference architecture for AI-Based Architecture. This is not a
technology stack – it is an architectural pattern that defines how AI-capable components should
be designed into a system from inception, with explicit interfaces, failure modes, and governance
mechanisms.

1.1 Layer 1: Data and Knowledge

The foundation layer comprises data lakes, knowledge graphs, vector stores, and feature stores.
Every autonomous decision must be traceable to the data that informed it.

Key requirements: Data provenance, data freshness, data quality monitoring, access gover-
nance.

1.2 Layer 2: AI Model and Agent

The cognitive core. This layer includes LLMs for code generation, ML models for anomaly
detection, autonomous agents for task execution, and multi-agent orchestration frameworks.

Key requirements: Model versioning, model validation, drift monitoring, performance track-
ing.

1.3 Layer 3: Decision and Policy

The translator layer converts model outputs into actionable decisions. Decision engines evaluate
model predictions against organizational and regulatory constraints. Approval workflows and
risk thresholds determine which actions require human oversight.

Key requirement: Compliance-as-code – regulatory requirements encoded as machine-readable
policies evaluated in real time.

1.4 Layer 4: Automation and Execution

The execution layer comprises CI/CD pipelines, infrastructure automation, and business process
execution engines. Every autonomous action must be isolated, reversible, and logged.

Key requirements: Execution isolation, action reversibility, comprehensive action logging.

1.5 Layer 5: Observability and Governance

The supervision layer provides monitoring, logging, audit trails, compliance reporting, and policy
enforcement. Governance is not a one-time configuration; it is a continuous process that uses
observed system behavior to refine policies, thresholds, and constraints.

Key requirements: System observability, audit trail completeness, governance feedback loops.
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1.6 Bidirectional Flow

Information flows bidirectionally:

• Data flows upward from storage to execution (raw data → insights → decisions →
actions).

• Governance flows downward from the top layer to every lower layer (constraints →
policies → rules → models).

This bidirectional pattern is what makes it an architecture rather than just a set of tools.

Layer 5: Observability & Governance

Layer 4: Automation & Execution

Layer 3: Decision & Policy

Layer 2: AI Model & Agent

Layer 1: Data & Knowledge

data

insights

decisions

actions constraints

policies

rules

models

Figure 1: The Five-Layer AI-Based Architecture. Data flows upward (solid arrows); governance
flows downward (dashed arrows).

3



White Paper: AI-Based Architecture e-Softworks, Inc.

2 The Maturity Model: Where Does Your Organization Stand?

The study proposes a five-level maturity model that classifies implementations by their degree
of autonomous agency:

1. Reactive (Level 1): AI provides information or suggestions; all decisions and executions
are human. Examples: chatbots, recommendation engines.

2. Augmented (Level 2): AI suggests actions; humans decide and execute. Examples:
AI-generated code reviewed by developers.

3. Automated (Level 3): AI executes predefined tasks within bounded scope; human
oversight is periodic. Examples: automated test selection, AI-gated CI/CD.

4. Adaptive (Level 4): AI self-tunes based on feedback; humans set guardrails and review
aggregate outcomes. Examples: self-optimizing pipelines, AI that adjusts thresholds based
on drift detection.

5. Autonomous (Level 5): AI designs, operates, and self-heals within governance bound-
aries; human involvement is post-hoc. Examples: self-healing infrastructure, autonomous
code quality management.

Key insight: Organizations may be at different levels for different functions. A company might
be Level 3 for test selection, Level 4 for incident response, and Level 2 for code review. The
maturity model is functional, not organizational.

Both case studies in this research reached Level 4 across their core functions. Level 5 remains
largely theoretical, particularly in regulated domains where evidentiary requirements for ex-
plainability and accountability are stringent.

L1: Reactive

L2: Augmented

L3: Automated

L4: Adaptive

L5: Autonomous

Human: all decisions

AI suggests AI executes AI self-tunes AI operates

Maturity

Both case studies reached Level 4

Figure 2: The Five Maturity Levels of AI-Based Architecture. Each step increases AI autonomy.
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3 Case Studies: Empirical Evidence

3.1 Company A: SaaS Company (Software Development)

Context: 120 employees, 18 engineers, four cross-functional squads. Technology stack: Java
17, Kotlin, React, PostgreSQL, Redis, Kubernetes.

Motivation: Product portfolio grew from three to seven services in two years. Production
incidents increased from 3 to 7 per month. Enterprise clients demanded 6–8 week feature cycles.

Investment: $850,000 over 18 months ($180K tooling, $320K infrastructure, $420K hiring,
$50K training).

Timeline: 12 months to core implementation.

KPI Before After
Cycle time 18 days 7 days (61% reduction)
Defect rate 4.2/KLOC 2.3/KLOC (45% reduction)
Deployments/week 2 9 (4.5×)
Lead time 48 hours 30 minutes (99% reduction)
MTTR 4 hours 45 minutes (81% reduction)
Code review 6 hours 90 minutes (75% reduction)

Key mechanisms: AI agent for requirements generation (2 days → 30 minutes). AI pair-
programming (5 days → 2 days). AI-gated CI/CD (60% automated). Auto-rollback (5 minutes,
95% reduction).

3.2 Bank B: US Mid-Size Bank (Financial Services)

Context: 8,000 employees, $45B assets, 12 states. Legacy mainframe (IBM Z/COBOL) with
Java/.NET customer applications. Hybrid cloud (40% on-prem, 60% public).

Regulatory environment: Federal Reserve (SR 11-7), CFPB, FFIEC, SOX, GLBA, Basel
III/IV.

Investment: $2.45M over 18 months ($450K tooling, $680K infrastructure, $890K hiring,
$120K training, $310K regulatory).

Timeline: 18 months to core implementation.

KPI Before After
Loan processing 21 days 48 hours (approximately 90% reduction)
Cost per loan $450 $220 (51% reduction)
AML false-positive 95% 65% (30 pp reduction)
Fraud detection <20% 85% (4.25×)
Fraud false-positive 90% 50% (40 pp reduction)
Compliance reporting 3 person-weeks 2 person-days (80% reduction)
Investigation yield 5% 35% (7×)

Key mechanisms: Document AI (OCR+NLP, 15-minute document review). AI credit scoring
(Gini 0.62 → 0.74). ML-based AML anomaly detection (replaced 200+ hardcoded rules).

3.3 Cross-Domain Comparison
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Dimension Software Banking
Adoption timeline 12 months 18 months
Total investment $850K $2.45M
ROI at 18 months 38% 22%
Projected 3-year ROI 145% 89%
Automation depth 40–60% 25–35%
AI acceptance rate 82% 72%
Training per employee 24 hrs 120 hrs

4 The Counter-Intuitive Finding: Regulation as an Advantage

One of the study’s most valuable insights is counter-intuitive: regulatory density slows
adoption but increases eventual impact.

Company A adopted AI-Based Architecture in 12 months with relatively modest investment and
achieved 38% ROI at 18 months. Bank B required 18 months and substantially more investment
to achieve 22% ROI at 18 months.

But Bank B’s eventual improvements were larger, not smaller:

• Bank B achieved approximately 90% cycle time reduction vs. Company A’s 61%. The
larger banking lift is a property of that loan process, not of “being a bank.”

• Bank B’s AML false-positive rate improved by 30 percentage points vs. Company A’s 45%
defect reduction (measured on different scales, but both substantial).

• Bank B’s investigation yield improved 7× vs. Company A’s 4.5× deployment frequency
increase.

Why? Bank B’s regulatory documentation process forced investments in data quality and
model validation that improved the AI’s eventual performance. The regulatory preparation
process identified and addressed data quality issues that would otherwise have degraded AI
performance.

A working hypothesis on regulation:

• Adoption speed is inversely proportional to regulatory density.

• Eventual KPI impact is directly proportional to regulatory density combined
with legacy process inefficiency.

This challenges the common narrative that regulation is purely a constraint. In this context,
regulation functions as a quality discipline that forces organizations to invest in process ma-
turity and data quality before AI deployment – which in turn enables greater AI impact once
deployment begins.

Practical implication: Organizations in regulated industries should not be discouraged by
slower initial adoption. The eventual KPI improvements will be greater because the legacy
processes are more wasteful.
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5 Investment and Returns: The Financial Case

5.1 Cost Structure

The largest cost drivers are not tool licensing but hiring and infrastructure – the ”hidden” costs
of building AI capability within the organization.

Category Company A Company B
Total investment (18 months) $850K $2.45M

AI tool licensing $180K $450K
Infrastructure $320K $680K
Hiring $420K $890K
Training & change mgmt $50K $120K
Regulatory compliance – $310K

Annual savings (estimated) $630K $495K

5.2 Return on Investment

Metric Company A Company B
ROI at 18 months 38% 22%
Projected 3-year ROI 145% 89%
Payback period 8 months 18 months

Key insight: Indirect savings (error reduction, rework avoidance) exceed direct savings (FTE
reduction, tool consolidation) by a factor of 2–3 in both domains. The primary business case
for AI-Based Architecture is quality improvement, not cost reduction.

5.3 Investment Breakdown Visualization
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Figure 3: Investment breakdown by category. The largest cost drivers are hiring and infrastruc-
ture – the ”hidden” costs of building internal AI capability.

6 Implementation Roadmap: A Phased Approach

6.1 Phase 1: Foundation (Months 1–3)

• Name the bottleneck in days or currency: Which process costs the most in delay,
error, or compliance work today? If the team cannot state the problem in days or currency,
do not start with an agent.

• Define decisions the agent may not take: Write a decision-rights envelope – what
the autonomous component can do alone and what it must never do.

• Assess current maturity: Determine current level (L1–L5) for each core function using
the maturity model.

• Identify quick wins: Automated test selection, code generation for software; document
processing for banking.

• Data quality assessment: Evaluate data quality, completeness, and governance. Bank
B spent 4 months and 8 data engineers on this – it is not optional.

• Regulatory engagement: For regulated industries, engage regulators 6+ months before
planned deployment.

6.2 Phase 2: Pilot (Months 4–8)

• Deploy pilot in bounded scope: One function, one team. Measure KPIs rigorously.
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• Establish governance: Design the AI governance officer or AI risk officer role early.

• Train the team: Company A: 24 hours per engineer. Bank B: 120 hours per employee.

• Communicate augmentation: Frame AI as augmentation, not replacement. Organi-
zations that did this achieved 10–15 percentage point higher acceptance rates.

6.3 Phase 3: Scale (Months 9–15)

• Expand to additional functions: Move from Level 2 to Level 3 or 4 across core func-
tions.

• Build MLOps capability: Continuous monitoring, automated retraining. Budget 20–
30% of an MLOps engineer’s effort for model drift management.

• Refine governance: Adjust policies based on observed behavior. Target 75–85% AI
acceptance rate; a 15–28% override rate is healthy.

6.4 Phase 4: Optimize (Months 16–24)

• Reach Level 4: AI self-tunes based on feedback; humans set guardrails and review
aggregate outcomes.

• Optimize ROI: Largest gains come in months 12–18. Continue investment through this
period.

• Evaluate Level 5 candidates: For unregulated functions with strong governance, assess
whether autonomous operation is viable.
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7 Risks and Mitigations

7.1 Over-Reliance (Automation Bias)

Risk: After 6 months of high AI acceptance rates at Company A, some engineers stopped
reading AI-generated code reviews and simply approved them, allowing AI mistakes to reach
production.

Mitigation: Require engineers to acknowledge a confidence score before accepting AI recom-
mendations, forcing a moment of conscious evaluation.

7.2 Bias and Fairness

Risk: Bank B’s credit scoring model exhibited a 50% relative disparate impact on minority
applicants (18% false-negative rate vs. 12% for non-minority applicants).

Mitigation: Fairness constraints modified the model’s loss function, reducing overall accuracy
by 3 percentage points (Gini 0.74 to 0.71). All organizations must navigate the fairness-versus-
performance trade-off explicitly.

7.3 Model Drift

Risk: Both organizations experienced significant model drift within 4–6 months of deployment
(5 percentage point AUC drops).

Mitigation: Continuous monitoring and automated retraining. Budget 20–30% of a full-time
MLOps engineer’s effort for drift management.

7.4 Legacy Integration

Risk: Bank B’s core systems were 30–40 years old. The middleware layer added 3–4 months to
the timeline and required specialized expertise (COBOL developers, mainframe administrators)
that was expensive and difficult to hire.

Mitigation: Budget for middleware development and legacy expertise in the initial investment
plan. Engage legacy specialists during Phase 1 (hiring).

7.5 Explainability vs. Performance

Risk: Bank B chose a less accurate model (Gini 0.68 vs. 0.74) to satisfy ECOA explainability
requirements, costing an estimated 150 additional risky loans per year.

Mitigation: Evaluate whether modern interpretability techniques (SHAP values, counterfac-
tual explanations) can satisfy regulatory requirements while preserving model accuracy.
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8 Cross-Domain Principles: What Applies to Every Industry

The study’s findings, while based on two specific domains, reveal principles that apply broadly
to any knowledge-intensive industry:

1. AI displaces routine tasks and elevates human work toward evaluation, moni-
toring, and governance – regardless of industry.

2. Neither organization reduced headcount. Both invested in workforce reskilling and
achieved better outcomes when they framed AI adoption as augmentation.

3. Productivity and quality improve simultaneously. This contradicts the traditional
engineering assumption that speed and quality are inversely related. The mechanism is AI’s
ability to perform consistent, systematic analysis at scale – capabilities human operators
cannot replicate due to cognitive limits, fatigue, and attention constraints.

4. The largest improvements occur where legacy systems performed most poorly.
Organizations with poor legacy performance should prioritize AI-Based Architecture adop-
tion because the automation potential is greatest where current processes are most waste-
ful.

5. Acceptance rate is a learned behavior. Rates improved by 34–37 percentage points
over 18 months as operators accumulated experience. Target 75–85%, not 100%.
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9 What to Measure: The KPI Framework

The study proposes a structured KPI framework across four dimensions:

9.1 Productivity

• Cycle time (61% reduction in software; approximately 90% in banking)

• Lead time (50–70% reduction)

• Queue time (40–60% reduction)

Time-based metrics are more reliable than output-based metrics because they capture efficiency
gains regardless of how output is defined.

9.2 Cost

• Processing cost per unit (51% reduction for Bank B)

• Tool consolidation savings

• Infrastructure optimization savings

ROI is achieved within 18–28 months; use a 3–5 year investment horizon.

9.3 Quality

• Defect/error rate reduction (45% in software defects per KLOC; 30–40 percentage points
in banking AML false-positive rate)

• False-positive rate reduction (30–40 percentage points)

• System uptime improvement (96% to 99.5–99.9%)

Quality and productivity improve simultaneously – a result that challenges traditional engineering
trade-offs.

9.4 Adoption

• AI acceptance rate (target 75–85%)

• Human override rate (15–28% is healthy)

• Training completion rate (target 90%+)
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10 Conclusion

AI-Based Architecture is not a tool; it is an architectural paradigm. It represents a fundamental
shift from human-in-the-loop systems to systems where AI-capable components exercise decision
authority within governed boundaries.

The evidence from two very different organizations – a software company and a $45 billion bank
– is clear:

• Productivity improves at the bottleneck: Cycle time reduced by 61% in software
and approximately 90% in banking – in the processes under change.

• Quality improves simultaneously: Software defects fell 45%; in banking, AML false-
positive rate fell 30 percentage points and fraud detection rose from under 20% to 85%.

• Costs decrease at the process in scope: Positive ROI within 18 months.

• Regulatory density is not a barrier: It slows adoption but increases eventual impact.

• Workforce transformation is essential: Neither organization reduced headcount.
Both achieved better outcomes when they framed AI adoption as augmentation. Unused
processes were not put under an agent.

The organizations that will benefit most from AI-Based Architecture are those with the most
wasteful process at a single bottleneck – because that is where automation potential is greatest.
Regulation, far from being a constraint, can function as a quality discipline that forces the
investments necessary for AI success.

The question is not whether to adopt AI. It is which bottleneck is expensive enough to justify
autonomy, and whether Layer 3 and Layer 5 are in place before Layer 2 is scaled. Organisations
that apply AI where it does not help the business will spend money and learn nothing. Organ-
isations that apply it where the process is slow, noisy, or fragile – and that keep a way back –
will see the pattern shown in these two cases.
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11 About the Source Research

This white paper synthesizes findings from the scientific paper “AI-Based Architecture: A Com-
parative Study across Two Industry Domains in Software Engineering and Financial Services”
by Oliver Bodemer (e-Softworks, Inc.), published September 2026.

The original paper is 80 pages, includes 28 references, and presents:

• A five-layer reference architecture for AI-Based Architecture

• A five-level maturity model (Reactive through Autonomous)

• Detailed KPI data from two case studies (software development and banking)

• A cross-domain comparative analysis

Additional materials produced alongside this research include:

• A 1-page executive summary

• A full business article with TikZ illustrations

• A critical analysis report evaluating methodological rigor and practical implications

Author: Oliver Bodemer
Affiliation: e-Softworks, Inc.
Date: September 2026
Keywords: AI-Based Architecture; autonomous systems; digital transformation; software en-
gineering; financial services; KPIs; ROI; maturity model
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