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Introduction

The Shift From Efficiency Programme

to Trusted Execution

The operational efficiency case for Al-led automation

in banking is established and validated. Across
customer service, lending operations, fraud
detection, payments processing, and back-office
workflows, Al-driven automation delivers real
reductions in manual processing cost, faster

decisioning, and improved detection rates. The case

does not need to be made again.

What needs to be examined - and what most
operational automation programmes have

not examined carefully enough - is the point

at which the promise and the delivery diverge.
That point is specific and predictable: it is the
moment automation scales beyond the validation
infrastructure that makes it defensible.

The execution gap in operational automation is not
a technology gap. It is a measurement gap. Most
programmes measure automation rate - how many
decisions are Al-driven, how much manual effort has
been eliminated, how much cost has been saved.
None of these metrics capture whether what is
being automated is correct, consistent, or defensible
under the regulatory obligations that apply to every
decision the system makes.

Automation that processes decisions at volume on
unreliable data does not reduce operational cost.

It amplifies operational risk at a scale that makes
retrospective correction structurally expensive -
consistently running at five to ten times the cost of
the validation and governance infrastructure that

would have prevented the failure. The validation
infrastructure is not a cost of automation. It is
the condition that makes automation a genuine
efficiency rather than a deferred liability.

The governance obligation for Al-led automation is not confined to

any single jurisdiction. In the US, Federal Reserve and OCC guidance

on model risk management (SR 11-7) applies to automated decisioning
regardless of whether the decisions are credit, fraud, or operational in
nature. The EU Al Act classifies automated decisioning systems affecting
individuals as high-risk, requiring transparency, human oversight, and
accuracy standards. The FCA's Consumer Duty in the UK requires firms
to demonstrate that automated customer-facing decisions support good
outcomes. MAS in Singapore has issued guidance on the governance of
Al in credit and operational decisions. RBI in India has signalled increasing
supervisory focus on model risk in Al-driven lending. HKMA's operational
resilience expectations extend explicitly to Al-driven processes. The
convergence of these frameworks around a common standard -
demonstrate that the automation is performing correctly, not just that it
is deployed - defines the governance requirement for this paper’s three
battlegrounds.

The regulatory
context - global
and converging

This paper examines three battlegrounds where the gap between operational automation and trusted
execution is most consequential - customer service and lending, fraud detection and financial crime, and
payments, deposits, and back-office operations - and the governance architecture that closes it.
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Opening Framework

From Rules-Based Automation to Al-Led
Trusted Automation

Capability

Rules-Based Automation

Al-Led Trusted Automation

Decision
basis

Intelligence
granularity

Failure mode

Fraud
detection

Compliance
posture

Lineage and
accountability
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Fixed rules applied to structured
data - the rule is the explanation
and the audit trail

Process-level or segment-level -
the same logic applied uniformly
to all cases in a category

Localised - a defect in one rule
affects that rule's defined scope

Pattern matching against
predefined typologies - effective
against known patterns, blind to
novel ones

Periodic review of automated
outputs - governance designed
for the previous release cadence

Decision traceable to the
rule that fired - deterministic,
auditable by design

Context-specific inference across
structured and unstructured
sighals - assembled on demand
for the individual interaction,
event, or instruction

Individual-level - different
intelligence generated for each
customer, each fraud event, each
payment instruction based on its
specific context

Propagating - unreliable data

or a drifting model amplifies
across every automated decision
at volume and velocity before
detection

Per-entity behavioural anomaly
detection - deviations from this
account'’s individual baseline,
across temporal and geographic
patterns spanning years

Continuous validation embedded
in the automation pipeline -
governance at the speed of the
system, not the speed of the audit
cycle

Decision traceable to the
specific context assembled,
the model version applied, and
the data inputs consumed -
requires deliberate governance
architecture, not automatic
auditability
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Battleground 1

Customer Service and Lending Operations -
Automation at the Customer Interface

From Automated Responses to Intelligent Resolution

1.1 Al-Led Automation in Customer Service -

From Triage to Resolution

The first generation of automated
customer service in banking was built on
the same structural logic as every previous
automation wave: define the process,
encode the rules, route the customer
through the predefined decision tree. If the
enquiry matched a defined category, the
system responded. If it did not, the system
escalated - transferring the customer to a
human agent with no useful context from
the automated interaction they had just
completed.

Al resolves this failure at the architectural
level - not by building better decision
trees, but by eliminating the need for
predefined decision trees entirely. The
critical distinction is what Al reasons

over. In a CRM-based automated service
model, a customer's interaction history
consists of structured fields: call date,

call duration, issue category, resolution
code. The content of what the customer
said - the nature of their. complaint, the
emotional register, the specific feature
they were asking about - existed in call
notes but was invisible to the automation
logic. Al changes this fundamentally. The
semantic content of prior interactions

- what the customer actually said and
meant across every previous touchpoint -
becomes part of the decision surface. An
Al agent assist system reasoning over this
unstructured content does not need to ask
the customer to re-explain their situation. It
arrives at the interaction with a contextual
understanding that no structured CRM
field could represent. Resolution begins
from the first moment of contact rather
than from the first moment of human
escalation.
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Achieving 90%+ First Call Resolution
through Al is not primarily a model
capability problem. It is a data
infrastructure problem. A model operating
only on structured interaction metadata -
call codes, product categories, resolution
outcomes - cannot achieve the same FCR
as one with access to the semantic content
of prior interactions. The infrastructure
that makes context-specific FCR possible
is the unstructured data layer: governed,
accessible, and current. The model is only
as intelligent as the data surface it can
reason over.
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The FCR plateau pattern

A consistent pattern across Al-driven customer service deployments: FCR improvements of 20-30% in the
first quarter followed by a plateau when the model is operating only on structured interaction history.
Resolution rates for customers with complex or cross-product enquiries - whose context requires reasoning
over prior interaction content, not just interaction metadata - show limited improvement. Extending the
model's access to semantic interaction content in subsequent phases restores the improvement trajectory.
The limiting factor is never the model. It is the data surface the model can reason over.

. Pattern in practice
‘ A major regional bank deployed an Al agent assist platform and measured a 26%
‘ improvement in first-contact resolution in the first quarter. The improvement

plateaued in the second quarter. Analysis revealed the model was operating only
on structured CRM data. Extending access to full interaction content history - call
transcripts, chat logs, email correspondence - produced a further 31% improvement in
complex-enquiry FCR in the following quarter. The limiting factor was the data surface,
not the model.

Named mechanism: first call resolution architecture

The data and governance framework that enables Al agent assist systems to reason
over the semantic content of prior customer interactions - not just their structured
metadata - to achieve context-specific resolution. Requires: unstructured interaction
content accessible to the Al layer in real time; governed context transfer protocols
between Al and human agents that preserve the full context assembled during Al-
handled interactions; continuous FCR monitoring at the customer segment and
interaction type level, not just the aggregate programme level; and data contract
governance specifying the freshness and completeness standards the unstructured
data layer must meet. Resolution is context-specific - the monitoring and data
governance must be context-specific too.
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1.2 - Al-Led Automation in Lending Operations

The credit decision automation spectrum runs from
Al-assisted through Al-driven to fully automated.
Each point delivers different levels of efficiency.
Each point carries the same regulatory obligations

- specifically, the obligation to explain adverse
decisions at the individual decision level, regardless
of how much of the process is automated. The
CFPB has stated explicitly that the complexity of an
algorithm does not reduce the lender's obligation
to provide specific, accurate reasons for an adverse
credit decision. ECOA and the FCRA define the
explanation requirement in the US. The FCA's
Consumer Duty extends the same standard in the
UK. GDPR Article 22 applies it across the EU for
automated decisions. None of these frameworks
have a lower standard for automated decisions than
for human ones.

The capability that Al brings to lending is context-
specific intelligence: the decision logic assembled
for a credit assessment is specific to this applicant, at
this moment, drawing on this combination of signals
- structured financial history, behavioural signals,
unstructured content from application documents,
and any other data the model incorporates. It

does not retrieve a generic credit profile from a
predefined service. It assembles a decision context
on demand. This context-specificity is what makes
Al-driven credit decisions more accurate than rule-
based ones - and it is what makes decision-level
explainability architecturally necessary, because the
decision context assembled for each applicant is
unigue and must be reconstructable for that specific
context.

The data dependency most lending programmes underestimate
A credit automation model is only as reliable as the upstream data it consumes. An

Al credit model operating on inconsistently governed data - where the customer’s
account status has not been updated since last night's batch cycle, where bureau
data has a latency that means the model is assessing a credit position that no longer
reflects the customer’s current state - is making a more sophisticated decision on the
same unreliable data as the rule-based model it replaced. Data contracts governing
every upstream feed to the credit model are not governance overhead. They are the
precondition for the automation delivering the accuracy it promises.

Named mechanism: automated adverse action notice infrastructure
The architectural capability to produce a specific, accurate, regulatorily compliant

explanation for every adverse credit decision at volume - assembled from the decision
context at the time of decision, not reconstructed retrospectively. Requires: feature-
level attribution identifying the specific inputs that contributed to the adverse
outcome for this specific applicant; translation of model outputs into the statutory
language applicable regulations require; integration with the credit policy governance
layer so the explanation references the specific policy provisions the decision reflects;
and audit trail maintenance preserving the full decision context - data state, model
version, and explanation - for the retention period applicable law requires.
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Battleground 2

Fraud Detection and Financial Crime
- Automation Where Failure Is Most
Consequential

From Pattern Matching to Per-Entity Behavioural Intelligence

7

2.1 - Real-Time Fraud Detection - The Architecture

That Makes It Trustworthy

Rules-based fraud detection was built

on a structural assumption: fraudulent
transactions share identifiable
characteristics that can be encoded as
rules. Amount thresholds. Velocity limits.
Geographic anomalies. Merchant category
restrictions. The assumption was correct -
for the fraud typologies that existed when
the rules were written. The problem is that
fraud typologies evolve deliberately. Bad
actors observe detection patterns and
adapt to avoid them. A rules-based system
is not just less effective as fraud evolves.

It is progressively less effective - the gap
between what it was designed to catch
and what it is actually catching widens with
every adaptation.

Al-driven fraud detection changes

the structural assumption. Instead of
asking whether a transaction matches a
predefined fraud typology, Al asks whether
a transaction deviates from the behavioural
baseline of the specific account it originates
from. The question is not ‘does this
transaction look like fraud in general?’ It is
‘does this transaction look like fraud for this
customer, given everything we know about
how this customer normally behaves?’
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This is the per-entity baseline monitoring
principle - and it is the capability that
makes Al-driven fraud detection
categorically superior to rules-based
detection, not incrementally better. A
rules-based system'’s baseline is a category
threshold: the same standard applied to
every account in a segment. Al's baseline
is individual: it reflects the specific
behavioural history of this account, this
customer, this relationship with the bank.
Two transactions of identical value, identical
merchant category, and identical timing
can produce opposite outcomes - one
flagged, one not - because one deviates
from its account'’s individual baseline and
the other does not.

The temporal and geographic dimension
that Al enables is equally significant.

Al can assess deviation patterns across
years of transaction history and across
geographic patterns that span multiple
jurisdictions - detecting sophisticated
schemes that manifest slowly or through
distributed activity that appears normal in
any single jurisdiction but anomalous when
assessed across the full relationship. This
was computationally impossible in rules-
based systems not because the statistical
techniques did not exist, but because the
computing power to apply them at the
per-entity level across multi-year, multi-
geography datasets was not available.
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The false positive problem is not primarily a customer experience problem, though it is that. It is an efficiency
problem that undermines the efficiency case for fraud automation. A fraud system generating false
positives at scale is not cost-effective - it is replacing the cost of human review with the cost of Al-generated
alert investigation. Per-entity baseline monitoring reduces false positives dramatically because the baseline
against which each transaction is assessed is far more sensitive to genuine anomalies and far more specific
to normal behaviour than any segment-level threshold.

>

95-98% | | (@) $50-100M

of alerts generated by estimated annual cost of

traditional rules-based false-positive investigation at
transaction monitoring < ‘ a large institution - before
systems are false ° ° accounting for the customer
positives - consuming | damage of incorrectly
investigation resources — blocked transactions and the
without producing regulatory scrutiny of high
financial crime findings. } false-positive rates.

N Industry AML programme @ Cross-institutional fraud

benchmarking, cross-institutional programme cost analysis,
analysis, 2024-2025 2024-2025

The drift risk is different at the per-entity level
. Model drift in per-entity fraud detection manifests differently from drift in segment-
: level systems and requires governance at the same granularity as the model operates.
A programme-level drift metric averages across all entity sub-populations and may
! show acceptable aggregate performance while specific account types, customer
tenure segments, or transaction patterns experience material detection degradation.
! Governance of per-entity baseline models requires monitoring at the entity-segment
| level — not just the programme level — and data contract governance for every
upstream feed, because per-entity precision depends entirely on data consistency.

Pattern in practice

. A mid-tier European bank deployed Al-driven fraud detection with per-entity
baseline monitoring and reduced false positive rates by 74% in the first six months.
In the seventh month, an upstream data pipeline change altered the transaction
categorisation schema the baseline models depended on. The change was not
flagged to the fraud model governance team. False positive rates climbed back to 61%
of their original level over four weeks before the pipeline change was identified as the
cause. The per-entity precision that made the model accurate depended entirely on
the data consistency that the data contract should have protected. The control that
was absent was the data contract, not the model.

The governance architecture that validates fraud detection model performance at

the individual entity level rather than at the aggregate programme level. Requires:
behavioural baseline establishment for each monitored entity and continuous baseline
updating as legitimate behaviour evolves; per-entity deviation scoring independent of
segment-level thresholds; monitoring of false positive and false negative rates at the
entity-segment level not just programme level; data contract governance for every
upstream feed with automated alerting when feed schema changes affect baseline
integrity; and temporal and geographic pattern extension assessing deviation across
multi-period and multi-jurisdiction patterns - capturing schemes that manifest slowly
or across geographies in ways single-period rules cannot detect.

. Named mechanism: Continuous per-entity behavioural baseline monitoring
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Per-entity baseline monitoring is the operational automation expression of the context-specific intelligence
principle established in Paper 2. In Paper 2, context-specific intelligence meant generating a data context
specific to one customer or transaction on demand. In fraud detection, it means maintaining a behavioural
reference specific to one entity and assessing each new event against that individual reference. The
governance requirement is identical: data contracts for upstream feeds, continuous monitoring at the same
granularity as the model operates, and lineage that can reconstruct the baseline state at the time of any

specific determination.

2.2 - Regulatory Penalty Management Through Al-Led Compliance

Automation

AML and sanctions screening automation occupies
a specific position in the operational automation
landscape: it is the domain where the consequence
of false negatives - missed suspicious activity - is

not measured in efficiency loss but in regulatory
penalty, reputational damage, and in extreme cases,
criminal liability. At the same time, false positives are
most expensive operationally and most damaging
to customer relationships. The sensitivity-specificity
tension is at its most acute here.

be be b Do
be be be de ¥
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Al resolves this tension because it does not have to
choose between sensitivity and specificity in the
way rules-based systems do. A rule broad enough

to catch novel fraud typologies generates more

false positives. A rule specific enough to reduce

false positives misses novel typologies. Al's per-
entity baseline approach pursues both objectives
simultaneously: calibrated to each entity's own
behaviour, simultaneously more sensitive to genuine
deviations and more specific to normal behaviour for
that entity.

The data governance dependency is foundational.
AML Al operating on data that does not meet
BCBS 239 risk data aggregation standards is not
just technically unreliable. It is operating outside
the regulatory framework that governs the data

it depends on. A supervisory examination finding
an AML Al programme operating on BCBS
239-non-compliant data finds a compliance
governance failure - implicating both the model risk
management function and the data governance
function simultaneously, and requiring remediation
that goes well beyond a data engineering fix.

The third-party model dimension adds a governance
layer most institutions have not fully incorporated.
SR 11-7 requires institutions to validate vendor

AML models with the same rigour as internally
developed models - understanding their limitations,
maintaining oversight of their production behaviour,
and demonstrating that the institution has

assessed the model against its own risk appetite
and regulatory obligations. A vendor’s model
documentation does not satisfy this requirement.
An institution that cannot explain a specific AML
determination because it does not sufficiently
understand the vendor’'s model has a model risk
management gap, not a vendor problem.
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Pattern in practice

‘ A Tier-1 institution’s Al-led sanctions screening model consumed a customer data
feed updated on a 48-hour lag. The model's accuracy in controlled testing was 97.3%.
Against the live sanctions list — where additions within the most recent 48 hours
were absent from the customer data the model was screening — accuracy was
materially lower. The supervisory examination classified this as a material weakness
in AML controls, requiring full re-validation under supervisory oversight. Data contract
governance specifying the freshness requirement for every feed to the AML model
was the control that was absent.

The Al-driven capability to filter transaction monitoring alert volume to a human-
reviewable set while maintaining the audit trail that makes every filtering decision
both escalations and clearances — defensible under regulatory examination. Requires:
determination-level explainability for every alert escalated, in the format SAR filing
and regulatory examination requires; clearance-level documentation for every

alert assessed and not escalated, recording the specific basis of the non-suspicious
determination; data freshness governance ensuring the screening model operates
against customer and transaction data meeting applicable timeliness requirements;
and model performance monitoring at the entity and typology segment level, not just
aggregate accuracy metrics.

. Named mechanism: automated regulatory alert triage

|mp|ementation In Maveric's AML automation implementations at Tier-1 institutions, the
reference

governance architecture for Al-led alert triage is built around three non-
negotiable requirements: determination-level explainability as a first-class
output of every alert; data contract governance for every upstream feed
including customer master data, sanctions list updates, and transaction
data streams; and per-entity baseline monitoring assessing detection
performance across entity segments, not just programme-level accuracy.
This combination has consistently produced false positive reductions

that make the automation economically viable while maintaining the
auditability that regulatory examination requires.
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Battleground 3

Deposits, Payments, and Back-Office
Automation - Velocity Without Fragility

From Straight-Through Processing to Intelligent Orchestration

3.1 - Al-Led Automation in Payments and Deposits

Straight-through processing in payments
represents the apex of rules-based
automation: a payment instruction enters
the system, passes validation checks,
clears compliance screening, and exits

as a processed payment without human
intervention. For the vast majority of
payment types within defined parameters,
it works exactly as designed.

Where straight-through processing
breaks is at the edge: the payment

that is structurally within the rules but
contextually anomalous. The corporate
payment within normal value thresholds
but deviating from this counterparty’s
normal pattern. The consumer transfer
passing all categorical checks but involving
a recipient receiving unusual transfer
volumes in the past 72 hours. The deposit
meeting all KYC standards but with a
source inconsistent with the account's
documented purpose. Rules-based
processing cannot assess these contextual
dimensions. The rule either fires or it does
not, based on the categorical parameters
it was designed to evaluate. The contextual
signal - the meaning of this transaction

in the context of this account's history - is
entirely outside the rule’s visibility.
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Al payment orchestration resolves

this architecturally. For each payment
instruction, the Al generates a context-
specific risk assessment -not a categorical
check against predefined rules, but an
inference specific to this instruction, from
this account, at this moment, informed
by this customer’s payment history, this
counterparty’s behaviour, and the current
pattern of activity across the payment
network. This is not a more sophisticated
rule. It is a fundamentally different
approach: the assessment is assembled on
demand for each instruction rather than
applied from a predefined classification.

The real-time data dependency is non-
negotiable. A payments Al that operates on
inconsistent account state creates decisions
that are technically correct at the moment
of inference and operationally wrong by the
time the payment processes. An account
status not updated since last night’s batch.
A sanctions addition not yet propagated

to the screening feed. A fraud flag set

on the counterparty three hours ago not
yet reaching the payments model's data
layer. The per-instruction precision that Al
payment orchestration enables depends
entirely on the real-time consistency

of the data it assesses. Event-driven

data architecture is the infrastructure
prerequisite - not an enhancement.
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Pattern in practice

. A large-bank payments Al deployed for cross-border corporate payments reduced

‘ exception handling by 61% in the first four months. An analysis of the remaining

exceptions revealed that 73% involved counterparties whose risk profiles had been
updated in the bank’s internal risk system but had not propagated to the payments
model's data layer — due to a batch synchronisation cycle running on a six-hour
delay. The exceptions the Al was failing to catch were precisely the ones that required
the most current risk data. Event-driven propagation of risk profile changes to the
payments model reduced the remaining exception rate by a further 44%.

The architecture enabling Al to generate a context-specific risk assessment for each
payment instruction — assembled from real-time data representing the current state
of the originating account, the counterparty, and the payment network — rather
than applying categorical rules to defined parameters. Requires: event-driven data
architecture propagating account state changes, compliance flags, and counterparty
signals in real time rather than on batch cycles; data contract governance specifying
the freshness and consistency standard every data source feeding the payment risk
model must meet; per-instruction assessment logging creating an audit trail for every
payment processed — both straight-through and reviewed — recording the data
state, model version, and risk assessment at the time of each decision; and edge case
routing protocols defining which contextual signals trigger human review and what
information the reviewing agent receives.

‘ Named mechanism: event-driven payment orchestration

3.2 - Back-Office Automation — The Governance Model for Invisible
Operations

Back-office automation in banking carries a characteristic that distinguishes it from customer-facing
automation: its failures are invisible until they are not. A customer-facing automated decision producing the
wrong outcome generates a customer complaint. A back-office automated process operating incorrectly
may generate no visible signal until a regulatory examination, an audit finding, or a downstream system
failure reveals the accumulation of errors the automation has been producing for weeks or months.

The invisibility of back-office failures creates a governance challenge that commpounds with scale.
Reconciliation processes running across millions of records, exception management workflows processing
thousands of items per day, regulatory data preparation cycles that must complete within defined
windows - these are the processes most suited to Al-led automation and most resistant to real-time failure
detection. Errors in these processes do not surface as customer complaints or system alerts. They surface
as examination findings, audit observations, or downstream calculation errors - often months after the
automated process that caused them. The shadow automation problem in banking back-office operations
is therefore more consequential than in any other operational domain. Operational teams facing volume
and deadline pressure adopt tools that help them meet their obligations - Al-assisted data matching for
reconciliation, LLM-based drafting assistance for regulatory submissions, Al-generated analysis for risk
briefings. The adoption is rational. The governance gap it creates is real and accumulating.
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The deeper problem is not ungoverned volume. It is ungoverned lineage. Every automated decision in

a governed programme has a lineage: the data it consumed, the model version that processed it, the
logic it applied. This lineage is what makes the decision reconstructable, auditable, and defensible under
examination. An automated decision produced by a shadow automation tool has no lineage. When a
regulator asks to reconstruct a decision - a reconciliation that cleared incorrectly, a submission figure that
cannot be validated - the institution cannot reconstruct what it cannot trace.

Pattern in practice

. A regional bank’s operational risk team identified during examination preparation
that approximately 340 exception items processed over six months had been assessed
using an Al-assisted matching tool adopted independently by one team member.
The tool was not on the approved technology list, had not been assessed for accuracy,
and produced no audit trail. The exceptions had been signed off by team members
who had no way to know the matching assessments were Al-generated rather than
human-reviewed. The examination finding was classified as a governance failure in the
exception management process, requiring full retrospective review of all exceptions
in the period. The retrospective review cost substantially more than a governed Al
adoption programme would have required.

Named mechanism: automation register

. The comprehensive inventory of every Al-driven process in the operational estate,
sanctioned and unsanctioned, forming the foundation of back-office automation
governance. Extends beyond a technology approval list to record: the specific process
each automation supports; the data inputs it consumes and the governance standards
those inputs must meet; the output it produces and the regulatory or operational
obligation that output fulfils; the human review touchpoints and the information
provided to reviewers at those touchpoints; and the lineage record allowing any
specific output to be reconstructed, audited, and defended under examination.
Maintained as a continuously updated operational record, including unsanctioned
adoptions brought into governance through the discovery process.

Cross-reference: series connection

‘ The shadow automation problem and the lineage governance requirement in this
battleground connect directly to Paper 4's treatment of shadow compliance Al and
report data lineage. The governance failure mode is identical across both contexts:
operational or compliance teams using unsanctioned Al tools for processes that
carry regulatory accountability, producing outputs that cannot be reconstructed. The
governance response is the same in both papers: an automation register achieving
complete visibility into what Al is doing in operational use, not just what has been
formally approved, and lineage governance ensuring every Al-driven output can be
traced and reconstructed — because ‘we did not know the team was using it is not a
regulatory defence in either context.
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CIO Playbook

The Four Directives for Al-Led Operational
Automation

The three battlegrounds above define where operational automation diverges from trusted execution.
The four directives below are the CIO’s operating instructions - the specific commitments that separate
institutions whose automation is genuinely efficient from those whose automation is accumulating
deferred liability at the speed of its own scale.

Stop measuring automation rate. Start measuring defensible automation rate.

Automation rate measures how much of the operational estate has been automated. Defensible

automation rate measures what proportion of that automation can be explained, validated, and

audited under the regulatory obligations that apply to it. The first metric improves every time a new
(O]l Al process is deployed. The second only improves when the governance infrastructure beneath

the automation is adequate to the decisions being made. Remediation programmes triggered by

examination findings in automated processes consistently run at five to ten times the cost of the

validation and governance infrastructure that would have made the automation defensible from

the start. Measure the right thing.

Build continuous validation infrastructure before you scale - not after you discover the failure.
Automation that processes decisions at volume on unreliable data does not reduce cost. It
amplifies risk at a scale that makes retrospective correction structurally expensive. Data contract
governance for every upstream feed to every production automation model is not overhead - it is
the precondition for the automation delivering on its efficiency promise. The false positive problem
in fraud detection, the stale data problem in payments, the unstructured content gap in customer
service FCR - all trace to the same root cause: automation scaled before validation infrastructure
was built. Build it first.

Govern fraud and AML detection at the per-entity level - not the programme level.

A fraud detection model generating false positives at scale is not a quality problem. It is

simultaneously a customer trust problem, an operational overhead problem, and a regulatory

scrutiny problem. Governing these models at the programme level - aggregate accuracy metrics,
03 quarterly performance reviews - is the governance model for the previous era. Al fraud and

AML detection operates at the per-entity level. The governance must match: per-entity baseline

monitoring, entity-segment performance metrics, and data contract governance for every feed

the per-entity assessment depends on. The supervision that catches sophisticated financial crime

before it compounds is the same supervision that catches model drift before it becomes a material
compliance event.

Build the automation register before you run your next back-office Al deployment - and
include what is already running.

You cannot govern what you cannot see. The shadow automation estate in most banks’ back-office
operations is larger than the sanctioned estate - and it is accumulating lineage gaps with every
output it produces that cannot be reconstructed under examination. The automation register is
not a compliance exercise. It is the operational foundation for knowing what your institution’s Al

is actually doing in the processes it runs, and for being able to account for every decision those
processes produce. Build it before the next deployment. Audit the estate you have. The governance
gap between what has been formally approved and what is operationally in use is almost certainly
larger than any programme review has found.
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90-DAY ACTION CHECKLIST

From Automation Programme to Trusted
Execution in 90 Days

The four directives define the strategic commitments. The checklist below defines the first 90 days of
execution - the specific actions that move an institution from measuring automation rate to governing
defensible automation rate.

“

Conduct an operational Al estate assessment: inventory every automated decisioning process
across customer service, lending, fraud, payments, and back-office operations - sanctioned
and unsanctioned. For each, record the data inputs consumed, the regulatory obligation the
output fulfils, and the lineage documentation currently available.

1-30

Establish cross-functional automation governance: align CIO, CRO, COO, CCO, and CDO
1-30 around a shared definition of ‘defensible automation rate’ and the measurement framework
that will govern programme reporting going forward.

Build data contract governance for your three highest-volume automation models: define,
30-60 monitor, and enforce the data freshness, completeness, and consistency standards every up-
stream feed must meet. Prioritise fraud detection, AML screening, and credit decisioning first.

Pilot per-entity baseline monitoring in your fraud detection or AML function: establish enti-
30-60 ty-level baseline infrastructure for one portfolio segment and measure the false positive rate
difference against the current programme-level approach.

Extend decision-level explainability to your lending automation models: ensure every adverse
60-90 credit decision produced by an automated process is accompanied by a specific, regulatorily
compliant explanation assembled at the time of decision - not generated retrospectively.

Bring shadow automation into governance: use the estate assessment findings to bring every
60-90 unsanctioned Al tool in operational use through formal governance. Establish the lineage re-
cord for every output those tools have produced during the assessment period.

Define and publish your defensible automation rate baseline: the proportion of automated
decisions across your operational estate that can be explained, validated, and audited under
applicable regulatory obligations. This is the metric against which programme progress will be
measured from this point forward.

90

The banks that win the next decade of Al-first banking will not be those that automated the most. They wiill
be those whose automation can account for what it does - consistently, at scale, under examination. That is
the difference between efficiency and trusted execution. And it is built before the examination asks for it, not
in response to it.
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CONTINUE THE SERIES

This paper (#3) is part of the CIO Mandate Series - four papers examining the four imperatives of Al-first
banking transformation.

From Digital-First to Al-First: The CIO's Customer Experience Mandate.

The CIO’s Guide to Al-Enabled Core Banking Modernisation.

Engineering Trust in Al Compliance and Regulatory Governance.

For the complete framework - the Four-Layer Trust Architecture, the Al Maturity Spectrum, and the full
market gap analysis

Maveric Systems

is a banking-exclusive technology specialist with over 25 years of domain expertise. We partner with global
financial institutions to engineer trust in Al-first banking.

While others apply Al at the periphery, we embed it at the core through our proprietary Al @ Scale
framework and Al-powered platforms and solutions. Guided by principles that engineer trust, we embed

fairness, explainability, reliability, and compliance into every Al solution by design. This enables responsible Al
adoption at scale.

Our domain depth across operations and technology in retail and corporate banking, wealth management,
and capital markets, combined with a pragmatic, outcome-driven delivery model, ensures that every Al
initiative is rooted in contextual relevance and precision.

Backed by dedicated Al Centers of Excellence, a powerful ecosystem of technology platforms, and
recognition from leading industry bodies, we are the trusted engineering partner for the Al era.

The Maveric Edge
25+ 7+ 12+ Al@Scale

years of domain Operations and Al powered Platforms Scale Proprietary Framework
mastery Technology Al CoEs and Solutions for Al adoption at Scale



https://maveric-systems.com/
https://maveric-systems.com/whitepapers/digital-first-to-ai-first-banking/
https://maveric-systems.com/whitepapers/cio-mandate-ai-core-banking-modernisation/
https://maveric-systems.com/whitepapers/cio-mandate-ai-compliance-regulatory-governance
https://maveric-systems.com/whitepapers/engineering-trust-ai-first-banking/

