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Abstract
Community Development Financial Institutions (CDFIs) extend credit to small businesses and

borrowers that mainstream lenders often decline, pursuing a mission of economic revitalisation in
underserved communities. This mandate, however, exposes CDFIs to concentrated small-business
credit risk while their staffing and analytics capacity typically lag far behind larger banks.
Traditional credit-risk and loan-monitoring workflows at CDFIs tend to rely on periodic financial-
statement review and static covenant checks, which surface borrower distress only after it has
materially progressed. This article proposes a decision-support architecture that embeds adaptive,
early-risk-signaling analytics directly into CDFI credit-risk and loan-monitoring workflows. The
architecture fuses transactional, operational, and credit-bureau data into a continuously updated
early-risk score, routes high-risk cases into a prioritised review queue, and preserves a human-in-
the-loop relationship-manager workflow rather than replacing it. The article details the proposed
data and feature layer, the modelling approach and explainability requirements appropriate for a
mission-driven lender, an illustrative evaluation framework appropriate for small CDFI loan
portfolios, and the governance, fair-lending, and change-management considerations specific to
community lenders. The intent is to give CDFI risk and credit teams a practical, implementable
blueprint for risk-aware small-business lending, rather than to report empirical results from a
specific institution's data.

Keywords: Early-Risk-Signaling Analytics; Credit-Risk; Loan-Monitoring; Decision-Support
Architecture Risk-Aware; Small-Business Lending

Introduction

Community Development Financial Institutions (CDFIs) are mission-driven lenders, certified by
the U.S. Department of the Treasury's CDFI Fund, whose primary purpose is to expand access to
capital in low-income and historically underserved communities. CDFIs include community
development banks, credit unions, loan funds, and venture capital funds, and they have grown
rapidly in scale and significance: as of September 30, 2022, there were 1,380 certified CDFIs
nationwide holding an estimated $247 billion in assets collectively, according to CDFI Fund data,
with loan funds (42%) and credit unions (34%) together comprising the large majority of
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institutions by count. A large share of this activity is small-business lending: loans to entrepreneurs
and firms that conventional banks frequently decline because of thin credit files, limited collateral,
or a risk profile that does not fit standardised underwriting models.

This mission creates a structural tension. By design, CDFIs lend into segments of higher credit risk
than a typical community bank, yet they must do so sustainably to preserve their capital base and
continue serving their communities. At the same time, most CDFIs are small organisations: many
operate with only a handful of credit and portfolio-risk staff covering hundreds of small-business
relationships. Loan monitoring in this environment is often periodic and manual, built around
quarterly or annual financial-statement reviews, covenant compliance checks, and relationship-
manager judgement. This approach is well suited to relationship banking but is inherently reactive:
by the time a missed covenant or a late financial statement reveals distress, the underlying cash-
flow deterioration may already be several months old.

Early-risk-signaling analytics, drawing on the broader early-warning-systems literature in
commercial banking, offer a way to close this gap without displacing the relationship-driven
underwriting that is central to the CDFI model. Rather than waiting for a covenant breach or a
delinquent payment, an early-risk-signaling layer continuously scores borrowers using
transactional, operational, and credit-bureau data, surfacing deterioration while it is still emerging
and while a relationship manager still has room to intervene constructively, for example through
renegotiated terms, technical assistance, or referral to CDFI business-support services.

This article proposes a decision-support architecture for embedding such analytics into CDFI
credit-risk and loan-monitoring workflows. The design goals are explicitly shaped by the CDFI
context: the architecture must be operable by a small credit-risk team, explainable enough to
support fair-lending compliance and board-level reporting, and structured to augment, not replace,
the relationship-manager judgement that is central to mission-driven lending. The remainder of the
article is organised as follows. Section 2 reviews the CDFI small-business lending context and the
limitations of current monitoring practice. Section 3 presents the proposed decision-support
architecture. Section 4 details the data and feature-engineering layer. Section 5 discusses the
modelling approach and explainability requirements. Section 6 describes how the architecture
integrates into day-to-day loan-monitoring workflows. Section 7 presents an illustrative evaluation
framework. Section 8 addresses governance, fair-lending, and change-management considerations,
and Section 9 concludes.

Background: CDFI Small-Business Lending and Monitoring Practice

CDFIs occupy a distinct niche in the small-business credit market. Where conventional banks
generally underwrite against standardised credit-scoring models and require established credit
history and collateral, CDFIs frequently lend against thinner files, weighing character, community
impact, and qualitative relationship knowledge alongside financial ratios. This flexibility is core to
the CDFI mission but also means that many CDFI borrowers are, almost by definition, closer to the
margin of financial resilience than a typical bank borrower, more exposed to cash-flow shocks,
supply-chain disruption, or a single lost customer.

Loan monitoring at most CDFIs is built around a small number of recurring touchpoints: periodic
(often quarterly or annual) financial-statement collection, covenant testing at those same intervals,
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and relationship-manager check-ins that vary in frequency and formality across the portfolio.
Larger institutions may supplement this with portfolio-level risk-rating reviews on a semi-annual
or annual cycle. This cadence is appropriate for tracking steady, gradual change but is poorly suited
to catching the kind of rapid deterioration, a sudden drop in deposit activity, a spike in overdrafts,
a slowdown in receivables, that often precedes small-business distress by weeks or months rather
than by a full fiscal quarter.

Two structural constraints compound this monitoring gap. First, staffing: many CDFI credit and
portfolio teams are small relative to the number of relationships they manage, leaving limited
capacity for proactive, high-frequency review of every borrower. Second, data fragmentation:
transactional data (where the CDFT holds the borrower's deposit account or has repayment history),
credit-bureau data, and borrower-reported operational data typically live in separate systems and
are rarely combined into a single, continuously updated risk view. The result is that early signals of
distress, which do exist in the data an institution already holds or can readily obtain, often go unused
until the next scheduled review.

Embedding analytics into this workflow does not require replacing the CDFI's relationship-driven
underwriting philosophy. It requires, instead, giving a small credit team a way to prioritise its
limited monitoring capacity toward the borrowers most likely to need attention, and to do so
continuously rather than only at scheduled review points.

Related Approaches in Commercial and SME Credit Risk

Early-warning systems (EWS) are well established in large-bank commercial credit risk, where
portfolio scale justifies substantial investment in dedicated monitoring infrastructure. Typical large-
bank EWS designs combine internal exposure and behavioural data (payment history, utilisation,
covenant status) with external data (bureau trade-lines, macroeconomic and sector indicators,
sometimes news or litigation signals) to produce a periodically refreshed watch-list, reviewed by
dedicated credit-risk analysts separate from the relationship-management function. These systems
have generally demonstrated that behavioural and transactional signals lead formal delinquency by
a meaningful margin, often weeks to months, reinforcing the premise that distress is observable in
the data well before it becomes visible through standard periodic financial-statement review.

Two adaptations are needed to translate this large-bank EWS concept to the CDFI context. First,
scale: a large bank's EWS is typically operated by a dedicated team reviewing a watch-list
independently of relationship managers, a structure that presumes staffing most CDFIs do not have.
The architecture proposed in this article instead routes signals directly into the relationship
manager's own workflow, discussed in Section 6, rather than creating a parallel review function.
Second, data availability: large banks often have access to rich internal behavioural data
accumulated over long banking relationships, whereas CDFI borrowers may be newer to the
institution or may bank primarily elsewhere, meaning the feature set in Section 4 must be designed
to work with thinner, more fragmented data than a large-bank EWS would assume.

A separate but related literature addresses SME (small and medium enterprise) default prediction
specifically, generally using structured financial-statement ratios (liquidity, leverage, profitability)
supplemented, where available, with qualitative or soft-information variables capturing
relationship length and management quality. This literature consistently finds that models blending
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hard financial ratios with softer relationship-based information outperform either category alone, a
finding directly relevant to CDFIs, whose lending model is itself built around exactly this kind of
relationship-based soft information. The architecture in this article can be read as an attempt to
formalise and continuously update that soft-information channel, transactional and operational
behaviour, alongside the harder credit-bureau signal, rather than relying on relationship managers
to synthesise it purely through memory and periodic check-ins.

Finally, a growing body of applied work on alternative and transactional data for small-business
underwriting, often associated with fintech lenders, has shown that cash-flow-based features
derived from bank-transaction data can meaningfully improve default prediction relative to bureau
data alone, particularly for thin-file borrowers, a population that overlaps substantially with the
CDFI borrower base. This supports the emphasis placed on transactional data as the highest-
weighted signal category in Table 1 and Figure 3, while the CDFI-specific governance and
workflow-integration considerations in Sections 6 and 8 remain distinct from, and largely absent
from, that fintech-oriented literature, which typically operates under different regulatory and
mission constraints than a certified CDFI.

Proposed Decision-Support Architecture

Figure 1 presents the proposed architecture. Three data streams, transactional, operational, and
credit-bureau data, feed a feature-engineering and signal layer, which in turn feeds an adaptive
machine-learning scoring engine. The scoring engine's output passes through a decision-support
layer that performs risk tiering and alert generation, routing cases into two complementary
channels: a loan-officer / relationship-manager workflow for direct borrower engagement, and a
portfolio-level monitoring dashboard for aggregate risk oversight. Outcomes from both channels
feed back into the scoring engine to support periodic model retraining and recalibration.

Transactional Data Operational Data Credit & Bureau Data
(cash flow, deposits, (payroll, vendor terms, (utilization, delinquency,
overdrafts, ACH) inventory turns) UCC filings, tradelines)

Feature Engineering & Signal Layer
(early-risk indicators, ratios, trend features)

Adaptive ML Scoring Engine
(early-risk signal model + explainability layer)

Decision-Support Layer
(risk tiering, alert generation, case prioritisation)

Loan Officer / Relationship Portfolio Risk & Monitoring
Manager Workflow Dashboard
(borrower outreach, covenant review) (early-warning queue, watch-list)
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The architecture is deliberately layered rather than end-to-end automated. Every stage that touches
a lending decision retains a human decision-maker: the scoring engine produces a risk signal, not
a credit decision, and the decision-support layer's role is to prioritise and inform review, not to
approve, decline, or accelerate a loan automatically. This design choice reflects both fair-lending
considerations, discussed further in Section 8, and the practical reality that CDFI relationship
managers hold qualitative context (a borrower's character, community standing, and circumstances)
that no data feed fully captures.

Data and Feature-Engineering Layer

The signal layer draws on three broad categories of data, each contributing a different view of
borrower health.

Transactional Data

Where the CDFI holds the borrower's primary deposit account, or receives loan repayments via
ACH, transactional data offers the highest-frequency view of borrower health. Relevant indicators
include average and minimum daily balance trends, the frequency and severity of overdrafts or
non-sufficient-funds events, deposit volume and volatility, and the timing regularity of incoming
receivables. These indicators can be updated daily or weekly, far more frequently than a quarterly
financial statement.

Operational Data

Operational indicators, often available through borrower reporting, payment processors, or
accounting-software integrations where borrowers consent to data sharing, include payroll stability,
vendor payment timeliness, inventory turnover, and, where available, point-of-sale revenue trends.
These features are especially informative for retail and service-sector small businesses that make
up a large share of CDFI portfolios.

Credit-Bureau Data

Traditional credit-bureau indicators, utilisation trends, delinquency on other obligations, new
tradeline activity, and UCC filing activity, remain a valuable signal, particularly for detecting stress
that is emerging across a borrower's broader credit relationships rather than solely within the CDFI
relationship itself.

Feature Engineering

Raw indicators from each category are transformed into trend-based and ratio features (rate of
change over trailing 30/60/90-day windows, volatility measures, and threshold-crossing flags)
rather than used as static point-in-time values, since it is deterioration over time, not any single
snapshot, that constitutes an early-warning signal. Table 1 summarises representative indicators by
category; a production implementation would tailor the exact feature set to the data an individual
CDFI can access and to its borrower mix.

Table 1. Illustrative Early-Risk Signal Categories and Representative Indicators
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Category Representative Indicators Typical Update

Frequency

Transactional Balance trend, overdraft frequency, deposit | Daily / weekly
volatility, receivables timing

Operational Payroll stability, vendor payment timeliness, | Weekly / monthly
inventory turns, POS revenue trend

Credit bureau Utilisation trend, delinquency elsewhere, new | Monthly
tradelines, UCC filings

Macro / sector context | Local sector employment trends, seasonal | Quarterly
adjustment factors

Figure 3. lllustrative Relative Contribution of Sighal Categories
to an Early-Risk Score (conceptual, literature-informed)

40 A 38%

Illustrative share of signal contribution

Transactional Operational Credit bureau Macro/
(cash flow) (payroll/vendor) (utilization) sector context

Figure 3 illustrates, in conceptual terms drawn from the broader SME credit-risk literature, how
these categories might contribute to a composite early-risk score; the precise weighting is an
empirical question that each institution should determine by validating a model against its own
historical portfolio outcomes.

Modelling Approach and Explainability

For a CDFI credit team, the choice of modelling approach must balance predictive performance
against interpretability, given both fair-lending obligations and the practical need for relationship
managers and examiners to understand why a borrower has been flagged. Gradient-boosted tree
ensembles (such as XGBoost or LightGBM) are a reasonable default: they handle mixed categorical
and continuous tabular features well, are robust to the modest data volumes typical of a single
CDFT's portfolio, and are compatible with post-hoc explainability methods such as SHAP (SHapley
Additive exPlanations), which can attribute a given borrower's risk score to specific contributing
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indicators. Simpler logistic-regression or scorecard-based models remain a valid, more directly
interpretable alternative for institutions prioritising transparency and regulatory simplicity over
marginal predictive gains, and can serve as an interpretable challenger model against which any
more complex model is benchmarked.

Regardless of the specific algorithm chosen, three design requirements follow directly from the
CDFI context. First, every risk score presented to a relationship manager should be accompanied
by its top contributing factors in plain language (for example, "declining deposit balance over the
past 60 days" or "increase in vendor payment delays"), not merely a numeric score. Second, the
model should be validated for disparate impact across protected classes and geographies before
deployment and on an ongoing basis thereafter, consistent with fair-lending requirements
applicable to any credit-risk tool. Third, given that many CDFI portfolios are modest in size, the
model should be designed to function with limited historical default data, favouring regularised
models, conservative complexity, and, where feasible, pooled or transfer-learning approaches that
borrow strength from broader small-business default patterns while still being recalibrated to the
institution's own portfolio.

Because small-business distress patterns can shift with economic conditions, sector cycles, or a
CDFT's own changing borrower mix, the model should be treated as requiring periodic recalibration
rather than a one-time deployment; this is reflected in the feedback loop shown in Figure 1.

A Worked Illustrative Example

To make the scoring concept concrete, consider a hypothetical CDFI borrower operating a small
retail business. Over a 60-day window, the borrower's average deposit balance declines by 22%,
two overdrafts occur where none had occurred in the prior six months, vendor payments shift from
an average of 12 days to 27 days beyond terms, and a credit-bureau refresh shows a new revolving
tradeline opened elsewhere with rising utilisation. None of these facts, individually, would
necessarily trigger a covenant breach or appear in a quarterly financial statement, and under a purely
periodic review cadence this borrower might not be flagged for several more months. Combined,
however, they represent a coherent pattern of liquidity stress across three independent data sources.
In an early-risk-signaling architecture of the kind proposed here, each of these observations
contributes to the corresponding feature category in Table 1, and their combination is precisely the
kind of pattern illustrated conceptually in Figure 2, where a composite score rises steadily over the
months preceding visible distress. This example is illustrative only; the specific weighting any
institution assigns to such a pattern should be determined empirically from its own validated model
rather than assumed from this example.

Integration into Loan-Monitoring Workflows

The value of an early-risk-signaling layer depends less on model sophistication than on how well
it integrates into a credit team's actual day-to-day workflow. Three integration principles are
proposed.

Tiered, Not Binary, Alerts

Rather than a single suspicious/not-suspicious flag, borrowers are assigned to risk tiers (for
example, stable, monitor, and elevated-attention), each associated with a defined, proportionate
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response: a stable-tier borrower requires no additional outreach beyond the standard review
cadence; a monitor-tier borrower might trigger a lightweight check-in email or a note for the
relationship manager's next scheduled call; an elevated-attention borrower triggers a prioritised
outreach and a documented review. This tiering keeps the relationship manager's workload
proportionate to actual risk rather than generating a flat volume of undifferentiated alerts.

A Single Prioritised Queue, Not a Parallel System

Early-risk alerts should feed into the same case-management workflow relationship managers
already use, appearing as a prioritised queue rather than a separate tool that competes for attention.
Figure 4 illustrates, in conceptual terms, how a well-tuned early-risk layer can also reduce the share
of low-value alerts in that queue by pre-filtering and prioritising, similar in spirit to how a decision-
support layer can lighten investigator burden in other monitoring contexts.

Figure 4. lllustrative Effect of Adding an Early-Risk Layer
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Documented, Reviewable Outcomes

Every alert and the action taken in response (outreach made, no action needed and why, escalation
to workout) should be logged. This creates the outcome-labelled dataset needed for the feedback
loop in Figure 1, supports fair-lending and examiner review, and over time builds the institution's
own evidence base for which signals were genuinely predictive of subsequent distress within its
specific borrower population.
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Figure 2. lllustrative Early-Risk Score Trajectories
(schematic, not derived from a specific institution's data)
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Figure 2 illustrates, schematically, the kind of separation an effective early-risk score should exhibit
between borrowers who later experience distress and those who remain performing, with a rising
score crossing a defined watch-list threshold well before the point at which distress would
otherwise become visible through standard periodic review.

Hlustrative Evaluation Framework

Because this article proposes an architecture rather than reporting results from a specific
institution's data, this section outlines an evaluation framework a CDFI or CDFI-serving vendor
should apply when validating an implementation, rather than presenting empirical findings. Table
2 summarises recommended evaluation dimensions.

Table 2. Recommended Evaluation Dimensions for an Early-Risk-Signaling Implementation

Evaluation Dimension | Recommended Approach Why It Matters for
CDFIs

Discriminative ROC-AUC and precision-recall curves | Confirms the model

performance on a time-based holdout; precision-recall | separates future-distress

is often more informative than ROC- | from stable borrowers
AUC given typically low default-rate | before deployment.
base rates.

Lead time Median number of days/months between | Directly measures
a borrower first crossing the watch-list | whether the  model
threshold and the point at which distress | provides actionable
becomes visible through standard review. | early warning, not just
eventual confirmation.
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Evaluation Dimension

Recommended Approach

Why It Matters for

Alert-queue impact

Change in total alert volume and in the
share of alerts that result in a
documented, meaningful action.

CDFIs

Determines whether the
tool reduces or adds to a
small credit team's

workload.

Disparate-impact / fair-
lending testing

Comparison of flag rates and model
performance across protected classes and

Required due-diligence
for any credit-risk tool at

geographies. a mission-driven lender.
Stability over time Periodic  re-validation  of  score | Small CDFI portfolios
distributions and performance as the | are more sensitive to
portfolio and economic conditions | concept drift than large,
evolve. diversified bank
portfolios.

A practical validation path for most CDFIs is to begin with a retrospective backtest against several
years of the institution's own loan history, if available, measuring whether borrowers later charged
off or restructured would have crossed the proposed watch-list threshold meaningfully earlier than
they were flagged under existing practice. Institutions with insufficient internal default history to
train a robust model may instead begin with a rules-informed scorecard calibrated on published
small-business credit-risk research and industry benchmarks, then transition to a learned model as
sufficient outcome data accumulates.

It is also worth distinguishing evaluation at the model level from evaluation at the programme level.
Model-level evaluation, the metrics in Table 2, answers whether the score itself is statistically
sound. Programme-level evaluation asks a broader question: whether embedding the score into the
workflow described in Section 6 actually changed outcomes, for example whether flagged
borrowers who received early outreach were more likely to cure, restructure successfully, or avoid
charge-off than comparable borrowers would have been under the institution's prior monitoring
practice. This second question requires a longer observation window and, ideally, a staggered
rollout across the portfolio so that early- and later-adopting borrower cohorts can be compared, but
it is ultimately the more important question for a mission-driven lender, since the goal of the
architecture is not simply accurate prediction but better-supported borrowers and a healthier
portfolio.

Governance, Fair Lending, and Change Management

Deploying analytics of this kind at a mission-driven lender raises considerations beyond model
accuracy. Table 3 summarises the primary governance roles and responsibilities that should
accompany an implementation.

Table 3. Governance Roles and Responsibilities
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Role Responsibility

Credit / risk leadership Owns model risk oversight, approves risk-tier thresholds and
response protocols, signs off on periodic revalidation.

Compliance / fair-lending | Conducts and documents disparate-impact testing prior to launch
officer and on an ongoing basis; reviews explainability outputs.

Relationship managers Provide qualitative feedback on flagged cases; document
outreach and outcomes to build the feedback dataset.

Data / analytics staff (or | Maintains data pipelines, monitors model stability, executes
vendor partner) periodic recalibration.

Board / investors Receives periodic portfolio-level reporting on early-warning
coverage and outcomes as part of overall risk oversight.

Because CDFIs serve historically underserved borrowers, any credit-risk tool carries heightened
fair-lending scrutiny: a model that inadvertently flags borrowers from a particular community or
sector at a disproportionate rate, even unintentionally, risks undermining the institution's own
mission. Disparate-impact testing should therefore be treated as a first-class requirement, not an
afterthought, alongside standard model-risk-management practices such as documented model
development, independent validation, and periodic revalidation, scaled appropriately to the
institution's size.

Change management matters as much as the technical design. Relationship managers should be
brought into the design process early, since their willingness to trust and act on early-risk alerts
determines whether the architecture delivers value; a tool perceived as a black-box scoring system
imposed from outside the credit function is unlikely to be adopted in practice, regardless of its
statistical performance.

A further consideration specific to CDFIs is the risk of over-mechanising a relationship that many
borrowers value precisely because it is not purely transactional. An early-risk alert should be framed
internally, and where appropriate externally, as a trigger for supportive outreach, a check-in call, an
offer of technical assistance, a conversation about restructuring, rather than as an automated step
toward collections or acceleration. Institutions should establish an explicit internal policy
distinguishing the analytics layer's role (surfacing where attention may be needed) from the
separate, human judgement-driven decision about what, if anything, to do in response. Making this
distinction explicit in policy, and in how the tool is described to both staff and borrowers, helps
preserve the trust-based relationship that is central to the CDFI lending model while still capturing
the monitoring benefits described in Sections 6 and 7.

Finally, institutions should plan for model risk management proportionate to their size. Even a small
CDFI adopting a purchased or shared analytics platform rather than building one internally retains
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responsibility for understanding, at a reasonable level of detail, how the model works, what data it
uses, and how its outputs should and should not be used in credit decisions; this responsibility
cannot be fully delegated to a technology vendor. A lightweight internal model-risk policy, covering
data sources, validation cadence, and escalation procedures for flagged cases, is achievable even
for a small credit team and provides a defensible basis for examiner and investor review.

A Phased Implementation Roadmap for Resource-Constrained CDFIs

Given that most CDFIs cannot undertake a large, one-time analytics investment, a phased roadmap
is likely to be more realistic than a single full-scale deployment. Table 4 outlines a four-phase path,
sequenced so that each phase delivers standalone value and builds the data and organisational
foundation for the next.

Table 4. Illustrative Phased Implementation Roadmap

Illustrative

Duration

1. Data consolidation | Bring transactional, operational, and bureau data | 2—4 months
into a single, regularly refreshed view per borrower;
no scoring model yet.

2.Rules-informed Deploy a simple, transparent scorecard using | 1-2 months
scorecard literature-informed weights (Table 1 / Figure 3) as
an interim early-risk signal.

3. Learned model pilot | Backtest and pilot a machine-learning model | 3—6 months
(Section 5) against the institution's own historical
outcomes on a subset of the portfolio.

4.Full workflow | Roll the model into the tiered alert workflow | Ongoing
integration and | (Section 6) portfolio-wide, with fair-lending testing
governance and governance (Section 8) fully in place.

Phase 1 is deliberately positioned before any scoring model, reflecting the reality that fragmented
data, not model sophistication, is usually the binding constraint at a smaller CDFI. Phase 2 gives
the institution an immediately usable, fully explainable early-risk signal, built from published
literature and institutional judgement rather than the CDFI's own default history, which allows even
a very small or newly formed CDFI to begin capturing the benefits described in Sections 6 and 7
while it accumulates the outcome data needed for Phase 3. Institutions with an existing data-
analytics function, or an established relationship with a CDFI-serving technology intermediary or
industry association such as Opportunity Finance Network, may be able to compress this roadmap
considerably by drawing on shared infrastructure or pooled model development rather than building
each phase independently.

Conclusion
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This article has proposed a decision-support architecture for embedding early-risk-signaling
analytics into the credit-risk and loan-monitoring workflows of Community Development Financial
Institutions. The architecture combines transactional, operational, and credit-bureau data into a
continuously updated early-risk score, routes flagged borrowers into a tiered, prioritised review
process, and preserves the relationship-manager-centred, human-in-the-loop underwriting culture
that defines mission-driven lending. Rather than reporting results from a specific deployment, this
article has outlined the data, modelling, workflow-integration, evaluation, and governance
considerations that a CDFI or CDFI-serving technology partner should work through when
designing such a system.

The central premise is that CDFIs do not need to choose between their relationship-based lending
mission and data-driven risk management: a well-designed early-risk-signaling layer can extend a
small credit team's monitoring reach without displacing the qualitative judgement that is central to
serving underserved small businesses well. Future work should focus on validating this architecture
against real CDFI portfolio data, developing shared or pooled early-warning models that smaller
CDFIs with limited individual default history can benefit from, and researching lightweight
explainability approaches specifically tailored to non-technical relationship-manager audiences
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