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Abstract
An Al-assisted early-warning model, however accurate, has no operational value until it is

embedded in the systems a credit-risk officer, loan-monitoring analyst, or workout specialist
actually uses day to day. For community banks and credit unions, this integration challenge is
shaped by a highly concentrated core-banking-vendor landscape: the "Big Three" providers Fiserv,
Jack Henry, and FIS collectively serve more than 70% of U.S. banks and roughly half of credit
unions [1], and 55% of banks cite legacy core systems as their top barrier to technology
transformation [5]. This article sets out a practical integration architecture for embedding Al-
assisted early-warning and loan-restructuring decision support into existing credit-risk, loan-
monitoring, and workout workflows at community financial institutions, addressing the specific
data-access, workflow-routing, and governance layers such an integration requires. The core-
banking-vendor landscape is more concentrated for banks than for credit unions: Fiserv alone
serves 42% of banks and 25.9-31% of credit unions by different measures, with Jack Henry and
FIS serving smaller but still substantial shares of each segment [1-3]. This concentration has a direct
architectural implication — an integration approach validated against one or two dominant core
platforms can plausibly reach a majority of community institutions, whereas a bespoke, single-
institution integration cannot. This article proposes a composable, layered integration architecture
— separating data ingestion, feature/scoring, workflow routing, and governance/audit into distinct
layers — as the most broadly deployable pattern, evaluates it against full core replacement and
vendor-embedded alternatives, and addresses the governance and audit-trail requirements specific
to embedding an adaptive, continuously recalibrated model within a regulated credit-risk workflow.

Keywords: System Integration; Core Banking; API Architecture; Credit Risk; Loan Monitoring;
Workout Workflow; Community Banks; Credit Unions; CDFI; Composable
Architecture
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Introduction

This article draws on core-banking-market-structure research, API-integration industry analysis,
and community-financial-institution technology surveys to address a question distinct from, but
directly downstream of, the model-validation and early-warning-design questions addressed
elsewhere in this series: once an institution has a validated early-warning and loan-restructuring
recommendation model, how does that model actually get embedded into the systems credit-risk,
loan-monitoring, and workout staff use every day, given the specific technology landscape
community banks, credit unions, and CDFIs operate within.

This article is organised to move from market landscape to concrete architecture. Sections 2 and 3
establish the core-banking-vendor concentration and the legacy-system constraints that shape any
integration project. Section 4 proposes a composable, four-layer architecture, and Section 5
compares it against two alternative integration patterns. Sections 6 through 11 address workflow,
governance, security, vendor selection, and CDFI-specific considerations that determine whether
the proposed architecture actually functions in practice. Sections 12 through 16 address limitations,
cost, future direction, and close with recommendations and conclusions grounded in the evidence
assembled throughout.

This landscape is more constrained than it might first appear. The core banking services market is
highly concentrated: The Big Three providers — Fiserv, FIS, and Jack Henry — collectively served
more than 70% of banks surveyed in 2022 and nearly half of credit unions surveyed in 2020 [1].
Individually, Fiserv serves the largest share of depository institutions at 42% of banks and 31% of
credit unions, with Jack Henry serving 21% of banks and 12% of credit unions, and FIS serving
9% of banks and 3% of credit unions [1]. Figure 1 shows this market-share breakdown.

Core Banking Platform Market Share by Vendor
(Banks vs. Credit Unions)

BN Banks ]
B Credit unions

50

Market share (%)

Fiserv Jack Henry FIS Other providers

Figure 1. Core banking platform market share by vendor, banks vs. credit unions [1].
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Any integration architecture proposed for broad applicability across community institutions needs
to account for this concentration directly: a design validated only against a single core platform, or
against a platform used by a small minority of institutions, has limited transferability, whereas a
design proven against the two or three dominant platforms can plausibly serve a majority of the
target institution population.

The Core-Banking Vendor Landscape

Table 1 consolidates the key market-structure statistics relevant to integration planning. Beyond the
banks-versus-credit-unions breakdown in Figure 1, more granular credit-union-specific data shows
Fiserv serving 1,155 credit union clients (25.9% of the industry by count), Jack Henry serving 535
(12.0%), and Corelation — a smaller but growing provider — serving 211 (4.7%) [3]. Figure 2
shows these client counts, and Figure 3 shows how these vendors' market shares moved over a
single recent year: Fiserv's credit union share slipped 118 basis points while Jack Henry gained 25
and Corelation gained 67, illustrating that even a highly concentrated market has meaningful year-
over-year movement an integration strategy should not assume is static.

The asset-size dimension of this market structure adds a further layer of relevant detail. FIS is the
leading core provider for large banks specifically, serving 78 banks with assets greater than $10
billion, but serves fewer than 20 large credit unions with assets exceeding $1 billion, a segment
where Jack Henry and Fiserv serve 160 and 140 institutions respectively [1]. Fiserv and Jack Henry
are similarly the top two providers for midsized credit unions with assets between $250 million and
$1 billion, while for the smallest credit unions (under $250 million in assets) Fiserv remains the top
provider but Jack Henry and FIS fall outside the top three entirely, with smaller, more specialised
providers filling that space [1]. This size-stratified pattern matters directly for integration planning;:
an institution's core-vendor identity is correlated with, but not fully determined by, its asset size, so
an integration architecture cannot assume a one-to-one mapping between institution size and core
platform — a $200 million-asset credit union and an $800 million-asset credit union may run
entirely different core platforms from entirely different vendor tiers, each with different API
maturity and integration-partner ecosystems.

Table 1. Key statistics on the core-banking vendor landscape relevant to integration planning.

Statistic Value Source

Big Three core-vendor

o .
combined share, banks 70%+ Federal Reserve Bank of Kansas City [1]

Big Three core-vendor

~ 0 1
combined share, credit unions 50% Federal Reserve Bank of Kansas City [1]

1,155 (25.9% | Callahan & Associates, via

Fiserv credit union clients of industry) CreditUnions.com [3]

Banks citing legacy systems as

o . .
top transformation barrier 55% LoanPro industry analysis [5]
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Top Credit Union Core Processing Vendors by Client Count
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Figure 2. Top credit union core-processing vendors by client count [3].
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Figure 3. Year-over-year credit union core-vendor market-share change [3].

This concentration and mobility both matter for integration architecture. Concentration means an
institution's core platform choice is drawn from a relatively small set of well-documented systems,
which makes a composable, API-based integration layer (Section 4) more tractable to build and
maintain than if every institution ran a bespoke, unique core; mobility means an institution's core
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platform is not necessarily a permanent constraint, and an integration architecture built with vendor-
agnostic principles will survive a future core migration better than one tightly coupled to a specific
vendor's proprietary interfaces.

Why Legacy Core Systems Constrain AI Deployment

Fifty-five percent of banks cite legacy systems as their top barrier to technology transformation [5],
and the mechanisms behind this figure are well documented in the broader core-banking-
modernization literature. Legacy core platforms were, in the overwhelming majority of cases,
designed decades before modern API architectures existed, relying on tightly coupled modules and
batch-oriented processing rather than the real-time, event-driven data access an adaptive early-
warning model requires [4][5]. Figure 4 shows this barrier statistic directly.

Legacy Core Systems as the Top-Cited Barrier
to Bank Technology Transformation

Other/did not cite

legacy systems as top barrier (45
Banks citing legacy systems

top transformation barrier (55%)

Figure 4. Legacy core systems as the top-cited barrier to bank technology transformation [5].

The specific technical consequence of this architecture mismatch is that a modern Al-assisted early-
warning model — which, per the earlier articles in this series, benefits from continuous or near-
real-time transaction and account data — often cannot be fed directly by a legacy core's native
batch export processes without an intermediate translation layer. Common challenges identified in
the API-integration literature include middleware requirements to translate modern API requests
into formats legacy systems understand, performance bottlenecks introduced by poorly planned
integration layers, and the sheer difficulty of locating institutional knowledge about decades-old
system internals as experienced legacy engineers retire [4]. None of these challenges are unique to
fraud or credit-risk applications specifically, but they apply with full force to any Al-assisted
decision-support system a community institution attempts to embed into its existing technology
stack.

Beyond the purely technical integration challenge, legacy-core modernisation research identifies
regulatory and security constraints, data-migration complexity, and internal organisational
resistance to change as additional, non-technical barriers that compound the pure API-translation
problem [4]. The organisational-resistance factor deserves particular attention in the community-
institution context this article addresses: staff who have operated a given core platform's native
workflows for years, sometimes decades, may reasonably be skeptical of a new Al-assisted layer
that changes how they review and act on credit-risk signals, independent of whether the underlying
technical integration is sound. This is why the workflow-integration principle developed in Section
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6 — embedding recommendations into staff's existing tools rather than introducing an entirely new,
parallel system — functions as an organisational-change mitigation as much as a technical-
architecture choice: a familiar interface with new, better-informed content inside it is a materially
easier adoption path than an unfamiliar new tool, however technically superior, that staff must learn
from scratch while also trusting its unfamiliar outputs.

A Composable Integration Architecture

Rather than requiring a full core-system replacement — an expensive, high-risk undertaking most
community institutions are poorly positioned to absorb, given the legacy-system barrier
documented in Section 3 — this article proposes a composable, layered integration architecture that
builds a modern credit-risk and workflow layer on top of the existing core via APIs and middleware,
consistent with the broader industry shift toward composable banking architecture [6]. Table 2 sets
out the four layers this architecture comprises.

Table 2. Composable integration architecture layers for Al-assisted credit-risk decision support.

Integration layer Function Typical technical approach

Extract transaction, loan- | Middleware/API layer translating
Data ingestion servicing, and bureau data from | legacy batch exports into a structured

core and ancillary systems feed [4][5]
Feature and | Compute early-warning signals Model-serving layer decoup le.d from

. y . the core, per composable-architecture
scoring layer and risk scores from ingested data .
principles [6]

Workflow/case- Route flagged accounts into loan- Case-management or CRM system

integrated via API, not a standalone

management layer | officer or workout-team queues dashboard

Log every flag, recommendation,
Governance and | and officer action for | Immutable audit trail linked to specific
audit layer examination and model-risk | model version and input data snapshot
review

The data-ingestion layer is typically the most institution-specific component, since it must translate
whatever export format the institution's specific core platform natively supports — which, given
the concentration documented in Section 2, will in most cases be a Fiserv, Jack Henry, or FIS format
— into a structured, model-ready feed. Because this is the layer most exposed to legacy-system
batch-processing constraints, it is also the layer where the composable architecture's key advantage
over full replacement is clearest: the institution can begin building and testing its feature and
scoring layer against a well-defined internal data contract, without needing to wait for or fund a
full core replacement before starting.

This data contract the structured, model-ready feed the ingestion layer produces regardless of which
specific core sits behind it is the single most important design artifact in the entire architecture,
because it is what allows the remaining three layers to be built once and reused across institutions
on different core platforms. Establishing this contract early, before beginning feature/scoring work,
and validating it against real historical data from the institution's own core, is a worthwhile
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investment even where it delays the start of visible model-development work, since a poorly
specified data contract discovered only after the feature/scoring layer is partially built typically
costs materially more to fix than to get right from the outset.

The feature and scoring layer, workflow/case-management layer, and governance/audit layer are,
by contrast, largely vendor-agnostic once the data-ingestion layer has normalised the institution-
specific input, which means the model-validation work, the recommendation-engine design, and
the audit-trail requirements addressed elsewhere in this series of articles can be developed once and
deployed with only the ingestion layer needing to vary by institution or core platform.

Evaluating Integration Patterns

Table 3 compares three broad integration patterns available to a community institution: full core
replacement ("rip-and-replace"), the composable/layered approach proposed in Section 4, and a
vendor-embedded approach in which the early-warning capability is delivered as a native module
within the institution's existing core vendor's own platform.

Table 3. Comparison of Al-integration patterns for credit-risk decision support.

Integration pattern ‘ Description Best fit

Full core system replacement with a | Institutions already planning a core

Rip-and-replace modern, API-native platform migration for other reasons

Modern credit-risk and workflow | Most community institutions;
Composable/layered | layer built on top of the existing core | avoids full core-replacement cost
via APIs/middleware and risk [6]

Early-warning capability delivered | Institutions on a Big Three
Vendor-embedded | as a module within the existing core | platform where the vendor offers a
vendor's own platform native module

For the large majority of community institutions, the composable/layered pattern represents the
most realistic near-term path: it avoids the cost, risk, and multi-year timeline of a full core
replacement, which given that 55% of banks already cite legacy systems as a transformation barrier
without a clear resolution path [5] is not a decision most institutions are positioned to make quickly
or cheaply. The vendor-embedded pattern is attractive where available, since it inherits the core
vendor's existing data access and support relationship, but is only available to the extent a given
institution's specific core vendor has built and offered such a module, which — given that all three
major core vendors are still in the midst of their own next-generation platform modernisation efforts
[7] is not yet universally available across the market.

A decision framework for choosing among these three patterns can be built around three questions.
First, is the institution already planning a core migration for reasons unrelated to Al-integration (a
merger, an acquisition, an end-of-life legacy platform)? If so, that migration is the natural point at
which to specify Al-integration requirements into the new platform's selection criteria, making rip-
and-replace the de facto pattern regardless of what this article would otherwise recommend.
Second, does the institution's specific core vendor already offer a native, vendor-embedded early-
warning module? If so, and if that module's underlying model-validation approach meets the
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standards addressed elsewhere in this series, the vendor-embedded pattern's lower integration
burden makes it worth serious consideration even though it introduces the vendor-lock-in risk
discussed in Section 10. Third, if neither of the first two conditions holds — no imminent core
migration, and no available vendor-embedded module — the composable/layered pattern proposed
in Section 4 is the residual, and for most community institutions currently the most likely, path
forward.

Workflow Integration: From Model Output to Officer Action

A model recommendation that reaches only a data-science dashboard, rather than the loan-officer
or workout-specialist's actual daily workflow tool, has limited practical value regardless of the
sophistication of the underlying architecture. The workflow/case-management layer in Table 2
exists specifically to close this gap, and its design should follow the same case-management logic
already used for other credit-risk workflows at the institution — routing a flagged account into an
existing queue, with existing prioritisation and escalation rules, rather than creating a wholly
separate, parallel review process that competes with staff's existing workload for attention.
Institutions already using a case-management or CRM system for loan-servicing and collections
workflows should integrate the early-warning output into that existing system via API rather than
standing up a new, separate tool, both to minimise the change-management burden on staff and to
ensure the audit trail described in Section 7 captures a complete, single-system record of what
happened to each flagged account.

A concrete illustration clarifies why this integration point matters as much as the underlying model's
accuracy. Consider two institutions using an identical, equally accurate early-warning model. At
the first institution, a flagged account generates an email to a shared inbox that a loan officer checks
intermittently between other duties; at the second, the flag appears directly within the case-
management system the loan officer already uses for daily account review, pre-populated with the
specific signal that triggered it and a suggested next action drawn from the recommendation-engine
logic addressed elsewhere in this series. The two institutions have deployed the same model, but
the second is far more likely to see the flag acted on promptly, simply because the workflow
integration eliminated a step (checking a separate inbox) that competes with the officer's limited
attention against every other item already in their existing queue. This is not a hypothetical
distinction — it is the entire practical difference this article's architecture is designed to address.

Governance and Audit-Trail Architecture

Because credit-risk decision support sits within an examined regulatory environment, the
governance and audit layer in Table 2 is not an optional add-on but a core architectural requirement.
Every model flag, every recommendation generated, and every officer action taken (or not taken)
in response needs to be logged against the specific model version and input-data snapshot that
produced it, so that an examiner — or an internal model-risk review — can reconstruct exactly why
a given recommendation was made at a given point in time. This requirement compounds for an
adaptively recalibrated model of the kind discussed elsewhere in this series: each recalibration
event itself needs to be logged, with before/after performance comparison, as part of the same audit
architecture, rather than treated as a separate, informally documented process outside the core
system's audit trail.
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This audit requirement has a direct architectural implication for how the four layers in Table 2
communicate with one another: the governance/audit layer cannot simply observe the other three
layers from the outside after the fact, because reconstructing "why a recommendation was made"
requires the exact input-data snapshot at the moment of scoring, not a later, potentially updated
version of the same account's data. This means the feature/scoring layer needs to write its input
snapshot to the audit layer synchronously, as part of the scoring transaction itself, rather than
asynchronously or on a best-effort basis — a design detail that matters more than it might first
appear, since a best-effort logging approach that occasionally drops a record is functionally
equivalent, from an examiner's perspective, to having no audit trail for that specific flagged account
at all.

A practical architectural consequence of this requirement is that the governance/audit layer should
be designed as a shared service consumed by the other three layers, rather than bolted onto each
layer separately after the fact. A data-ingestion event, a scoring event, and a workflow-routing event
should all write to the same underlying audit log with a consistent schema, so that a complete,
chronological record of any given flagged account's history — from raw data ingestion through
final officer disposition — can be reconstructed from a single source rather than reconciled across
multiple disconnected logs maintained by different layers or vendors.

Implementation Roadmap

A realistic implementation sequence for a community institution begins with the data-ingestion
layer specifically, since every other layer depends on it and its institution-specific complexity, per
Section 4, is the most likely source of early delay. Once a reliable, structured data feed is established
and validated, the feature/scoring layer can be developed and validated using the model-validation
framework addressed elsewhere in this series, followed by workflow integration into the
institution's existing case-management system (Section 6), with the governance/audit layer built in
parallel from the start rather than retrofitted at the end, given the shared-service design described
in Section 7. Institutions should expect the data-ingestion layer specifically to require the most
institution-specific customisation and the longest lead time, particularly where the institution's core
platform relies on the kind of batch-oriented, tightly coupled legacy architecture documented in
Section 3.

Security Considerations Across the Integration Stack

A composable architecture that spans four distinct layers, each potentially involving a different
vendor or component, introduces a broader security surface than a single, monolithic system, even
though each individual layer may be simpler and better understood than the legacy core it sits
alongside. Table 4 sets out four security considerations specific to this architecture and the
mitigation each requires.

Table 4. Security considerations across the composable integration stack.

] Risk if unaddressed Architectural mitigation

consideration
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API authentication
and authorization

Unauthorized access to sensitive
borrower financial data flowing
through the ingestion layer

OAuth 2.0 or equivalent token-based
auth on every inter-layer API call, not
just external-facing endpoints

Legacy-system
attack surface

unpatched legacy cores inherit
their vulnerabilities [9]

. . | Exposure of transaction and | TLS for all inter-layer traffic;
Data encryption in . . .
. account data if a layer is | encryption at rest for any staged or
transit and at rest .
compromised cached data
Middleware layers built atop | Isolate legacy-facing middleware in a

segmented network zone with its own
monitoring

A composable architecture .
. . Formal vendor risk assessment for
Third- introduces more vendor )
. . . . every component in the four-layer
party/vendor risk | relationships than a single-core .
stack, not only the core itself
deployment

The legacy-system attack-surface risk in Table 4 deserves particular emphasis given the findings in
Section 3: because many legacy cores lack modern security standards such as multifactor
authentication or up-to-date encryption, and because vendors may no longer issue security patches
for older platform versions, any middleware layer built to interface with such a core inherits some
of that exposure unless specifically architected to isolate it [9]. Network segmentation — placing
legacy-facing middleware in its own monitored zone, separate from the modern API layers built on
top of it — is the standard mitigation, and should be treated as a mandatory design requirement
rather than an optional hardening step, particularly for institutions handling the kind of sensitive
borrower financial data an early-warning model requires as input.

Vendor and Component Selection Criteria

Because the composable architecture proposed in Section 4 will typically involve at least one
specialised vendor for the feature/scoring layer and possibly another for the workflow/case-
management layer, institutions need explicit selection criteria beyond the general "does it work"
evaluation common in smaller technology purchases. Table 5 sets out three criteria with particular
relevance to the community-institution context this article addresses.

Table 5. Vendor and component selection criteria for composable Al-integration architecture.

Selection criterion

Why it matters

\ How to evaluate

Native API coverage of
the institution's specific
core

Determines how much custom
middleware the data-ingestion
layer requires

Request a documented API map
against the institution's specific
core platform and version

Vendor
exposure

lock-in

A proprietary, non-portable
integration  undermines  the
vendor-agnostic benefit of a
composable design

Evaluate whether the
feature/scoring and workflow
layers use open standards or
vendor-proprietary formats
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Support for the . . . . Request reference clients of
Suppor , . Vendors differ in which asset-size q .
institution's  asset-size comparable asset size and core

tier tiers they primarily serve [1] platform

The vendor lock-in criterion in Table 5 connects directly to the market-mobility finding in Section
2: because core-vendor market share shifts meaningfully year over year (Figure 3), an institution
that selects a feature/scoring or workflow vendor whose integration is tightly coupled to today's
specific core platform risks a costly re-integration project if the institution later migrates cores for
unrelated reasons. Favouring vendors and components built on open, documented API standards
— rather than proprietary formats specific to a single core vendor's ecosystem — preserves the
institution's future flexibility at a modest, and usually worthwhile, cost in initial integration
complexity.

A practical way to operationalise the reference-client criterion in Table 5 is to request not just a
client list but a specific reference conversation with an institution of comparable asset size running
the same core platform and version, since a vendor's largest, most sophisticated reference client —
likely a materially larger institution with more in-house technical capacity — may have had a
meaningfully different implementation experience than a smaller community institution would.
Institutions should be specifically skeptical of vendor case studies drawn primarily from large-bank
deployments when evaluating a vendor for a community-bank or credit-union context, given the
staffing and budget differences documented throughout this article.

DFI-Specific Integration Considerations

Community Development Financial Institutions warrant separate integration consideration beyond
the bank- and credit-union-focused analysis in Sections 2 and 3, because CDFIs are not a single
institution type but a composition of certified banks, credit unions, loan funds, and venture capital
funds, each potentially running different underlying systems entirely — a loan fund CDFI, for
instance, may not operate a traditional core banking system at all, relying instead on a loan-
servicing platform without the broader deposit and transaction infrastructure a bank-type core
provides. The CDFI sector has also grown rapidly in scale, with industry assets roughly tripling
since 2018 to over $452 billion by Q1 2023 [10], shown in Figure 5, and the number of CDFI-
certified credit unions nearly doubling from 290 in 2019 to 529 in 2023 [10], shown in Figure 6,
meaning more institutions are newly navigating exactly the integration questions this article
addresses.
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Growth of Certified CDFI Industry Assets, ~2018 to Q1 2023
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Figure 5. Growth of certified CDFI industry assets, ~2018 to Q1 2023 [10].
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Figure 6. Growth in CDFI-certified credit unions, 2019-2023 [10].

For a bank- or credit-union-type CDFI, the integration architecture proposed in Section 4 applies
directly, since these institutions run the same category of core banking systems addressed
throughout this article. For a loan-fund or venture-capital-fund CDFI without a traditional core, the
data-ingestion layer instead needs to interface with whatever loan-servicing or portfolio-
management system the institution uses in place of a core, which is a more fragmented vendor
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landscape than the concentrated core-banking market described in Section 2 — meaning the
ingestion-layer customisation effort flagged in Section 8 as the most institution-specific component
is likely to be proportionally larger, not smaller, for non-depository CDFIs.

A further CDFI-specific consideration concerns the mission-outcome data these institutions track
alongside conventional credit-risk data — jobs supported, borrower demographics, geographic
distribution of lending to low-income areas — which does not fit naturally into the four-layer
architecture as described for a conventional bank or credit union. A CDFI implementing this
article's architecture should treat mission-outcome tracking as a fifth, parallel data stream feeding
the same governance/audit layer described in Section 7, rather than attempting to force it into the
credit-risk-focused feature/scoring layer designed primarily around default-prediction signals; this
keeps the core early-warning architecture focused and reusable across institution types while still
capturing the mission-relevant reporting a CDFI's funders and the CDFI Fund itself typically
require.

Limitations of the Evidence Base

Several limitations of the evidence assembled here should be stated plainly. The core-banking
market-share figures in Section 2 are drawn from surveys conducted in different years (2019-2022
for the bank figures, 2020 and 2023 for different credit-union figures), and given the year-over-
year movement documented in Figure 3, current market shares may differ from these cited figures
by the time this article is read; readers should verify current market share, particularly for their own
specific core platform, against more recent survey data where precision matters. The integration-
architecture recommendations in Sections 4 through 8 are grounded in general API-integration and
composable-banking-architecture literature rather than in a published case study of this specific Al-
early-warning integration use case at a community institution, meaning the architecture proposed
here represents a synthesis of adjacent, well-documented patterns rather than a directly validated
deployment blueprint.

Cost Considerations

Table 6 sets out the principal cost categories an institution should budget for when implementing
the composable architecture proposed in this article, distinguishing one-time from recurring costs
and mapping each to the specific layer it affects.

Table 6. Cost categories for composable Al-integration architecture implementation.

Cost category ‘ Nature of cost Layer(s) affected
Middleware/integration an-tlrpe engineering cost, Data ingestion (Section 4)
development institution-specific

Recurring  subscription  or | Feature/scoring and workflow

Vendor licensing usage-based fees layers

Security and compliance | Recurring  cost of  the | All layers, concentrated at
overhead mitigations in Table 4 ingestion

Staff training and change | One-time cost to embed new | Workflow/case-management
management workflow into daily practice layer (Section 6)
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A useful budgeting heuristic follows from the vendor-lock-in discussion in Section 10: institutions
should expect to pay a modest premium, in either licensing cost or initial integration complexity,
for vendors and components built on open, portable standards relative to cheaper but more tightly
coupled alternatives, and should treat this premium as a hedge against the re-integration cost that a
future core migration would otherwise impose on a tightly coupled deployment.

Future Directions

Three developments are likely to shape Al-integration architecture at community institutions over
the coming years. First, as the core-vendor modernisation efforts already under way at Fiserv, Jack
Henry, and FIS mature [7], native, vendor-embedded early-warning modules (Section 5) are likely
to become more widely available. Second, growing CDFI-sector scale (Section 11) is likely to drive
demand for integration patterns purpose-built for non-depository, loan-fund-type CDFIs
specifically. Third, expect growing standardisation of API security and audit-logging conventions
across the composable-banking-architecture ecosystem, reducing the institution-specific security-
engineering burden described in Section 9.

Recommendations

Four recommendations follow for community institutions and their technology partners. First,
favour the composable/layered integration pattern over full core replacement for Al-assisted credit-
risk decision support specifically, reserving core replacement for institutions already undertaking
it for independent reasons. Second, invest disproportionate early planning effort in the data-
ingestion layer, since it is both the most institution-specific component and the one most exposed
to legacy-system constraints. Third, integrate model outputs into an institution's existing workflow
and case-management tooling rather than a standalone dashboard, to ensure recommendations
reach the staff who can act on them within their existing work process. Fourth, design the
governance and audit layer as a shared service from the start, capturing a single, consistent,
chronological record across data ingestion, scoring, and workflow routing, rather than assembling
audit capability separately within each layer after deployment.

Conclusion

The technical and organisational challenge of embedding Al-assisted early-warning and loan-
restructuring decision support into existing credit-risk, loan-monitoring, and workout workflows is
shaped directly by the concentrated, often legacy, core-banking-vendor landscape community
institutions operate within: more than 70% of banks and roughly half of credit unions rely on one
of three dominant core platforms, and 55% of banks cite legacy systems as their primary barrier to
technology transformation. A composable, layered integration architecture — separating data
ingestion, feature/scoring, workflow routing, and governance/audit into distinct, largely vendor-
agnostic layers — offers the most broadly deployable path for embedding validated early-warning
models into the systems credit-risk staff actually use, without requiring the cost and risk of full
core-system replacement that most community institutions are not positioned to undertake in the
near term. The throughline across this article's sixteen sections is that integration architecture is not
a secondary implementation detail to be solved after model development, but a first-order design
problem with its own market landscape, its own vendor-selection criteria, its own security surface,
and its own cost structure — each addressed in turn throughout this article. An institution that treats
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integration as an afterthought, assuming a validated, accurate model will straightforwardly find its
way into daily credit-risk practice, is likely to find the data-ingestion layer, the workflow-adoption
challenge, or the audit-trail requirement each independently capable of stalling a project that the
model-validation work alone made appear nearly complete. Planning for these four layers from the
outset, with the specific vendor landscape, cost structure, and CDFI-specific considerations this
article documents, is what separates a validated model from a model that actually changes how
credit-risk, loan-monitoring, and workout staff do their jobs.
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