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Executive Summary

Credit modeling has moved through several generations. Bureau scores gave lenders a common 
external risk signal. Internal rules helped institutions apply policy consistently. Generic models 
introduced more flexible pattern recognition. Custom credit models made risk estimation more 
relevant to each lender’s products, data, and portfolio. Custom models as a service now make that 
lender-specific capability easier to deploy, monitor, govern, and refresh. The next frontier is the credit 
optimization layer: turning risk estimates into better decisions about approval, amount, term, price, 
servicing, and safe growth.

This maturity curve matters because lenders are under pressure from both sides. Growth targets have 
not disappeared, but credit risk, margin pressure, operating cost, and governance expectations have 
become harder to manage with blunt tools. Public data reinforces the point: the Federal Reserve Bank 
of New York reported U.S. household debt of $18.8 trillion in Q1 2026, with 4.8 percent of 
outstanding debt in some stage of delinquency. The Federal Reserve’s May 2026 Financial Stability 
Report noted that auto and credit card delinquencies remained high relative to the past decade. 
Meanwhile, the April 2026 Senior Loan Officer Opinion Survey reported basically unchanged 
standards for auto and credit card loans but some tightening in other consumer loans, alongside 
weaker demand in several categories.

For many lenders, the challenge is not that they lack a decision engine or policy rules. It is that the 
signals feeding those systems are not being utilized to the fullest in a lender’s own products, portfolio, 
risk appetite, and economics. Mature credit strategy increasingly depends on models that do three 
things well: separate risk accurately, explain decisions clearly, and optimize the commercial terms of 
credit within the lender’s guardrails.

C O R E  T H E S I S

The most mature lenders will not simply replace bureau scores with AI. They will combine data, 
models, governance, and optimization into a credit risk analytics layer that supports the full 
borrower lifecycle.
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The Credit Model Maturity Curve

The maturity curve is not a rejection of earlier tools. Bureau scores, rules, and generic models can each 
play a useful role. The problem appears when a lender asks an early-stage tool to solve a later-stage 
problem. A bureau score can rank historical credit behavior, but it may not capture current cash flow 
behavior or product-specific economics. A rule engine can enforce policy, but it does not create better 
risk intelligence. A generic model can detect patterns, but it may not be calibrated to the lender’s own 
book or governance environment.

The curve should be read as a progression in decision relevance. Each stage adds a new capability: 
standardization, control, pattern recognition, portfolio alignment, operational scalability, and 
finally optimization.
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Stage

1. Generic bureau score

2. Internal rules

3. Generic model

4. Custom credit model

5. Custom models as a service

6. Credit optimization layer

Generic

model

Custom

model

Primary question

How has this borrower performed in 
reported credit history?

Does this applicant meet our policy 
thresholds?

Can a broader model find risk patterns 
our rules miss?

What is this borrower’s risk for our 
product and portfolio?

How do we make modeling repeatable 
and production-ready?

How should we lend, price, and grow 
within our risk appetite?

Models as

a service

Optimization

layer

Main limitation

Limited product specificity; weaker 
coverage for thin-/no-file or non-
traditional borrowers.

Transparent but brittle; creates cliffs, 
manual overrides and conservative 
decline patterns.

May improve pattern recognition; can be 
hard to govern, explain, and calibrate to 
the lender’s own economics.

Powerful, but often a one-off build 
without ongoing monitoring.

Still needs to connect to downstream 
commercial decisions.

Requires strong risk estimates, 
commercial objectives and disciplined 
governance.
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Why the Curve Matters Now

Several forces are pushing lenders up the maturity curve at the same time.

$18.8T 4.8% 26M
U.S. household debt, Q1 2026 of debt in some stage of 

delinquency
U.S. adults with no credit history

Sources: Federal Reserve Bank of New York; CFPB Data Point: Credit Invisibles.

Credit risk is more uneven. Aggregate numbers can look stable while specific products, score bands, 
geographies, and borrower segments deteriorate. The New York Fed reported 4.8 percent of debt in 
some stage of delinquency in Q1 2026, while the Fed’s May 2026 Financial Stability Report 
highlighted elevated auto and credit card delinquencies relative to the past decade.

Growth is harder to achieve through broad policy loosening. In a margin-sensitive market, lenders 
need to find borrowers who are being ranked too conservatively while controlling exposure to 
borrowers whose risk is underpriced.

Traditional credit files do not cover every viable borrower. The CFPB’s credit invisibles research found 
that, as of 2010, 26 million U.S. adults had no credit history with a nationwide consumer reporting 
agency and another 19 million had unscorable records.

Regulatory and governance expectations have increased. The CFPB has made clear that adverse 
action notice requirements apply even when creditors use complex algorithms. Federal banking 
agencies’ model risk guidance emphasizes development, validation, monitoring, governance, controls, 
and third-party considerations.

Alternative data is becoming operationally practical. The 2019 interagency statement on alternative 
data recognized that alternative data may help expand access to credit, while also noting consumer 
protection risks. FinRegLab’s research found that cash-flow data can help underwrite applicants who 
lack traditional credit history and improve risk scoring among borrowers who are ranked similarly by 
traditional scoring systems.

Sources for public market context are listed in the appendix. These facts are used as market framing, not as Carrington 
Labs performance claims.
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S T A G E  1  O F  6

Generic Bureau Score

A generic bureau score is the foundation of modern consumer credit decisioning. It gives lenders a 
standardized, externally available signal based on reported credit behavior. Its strengths are clear: 
broad availability, familiarity, historical benchmarking, and operational simplicity. For many lenders, 
bureau scores remain a useful input for rank ordering credit risk, setting policy thresholds, and 
benchmarking portfolio mix.

The limitation is that a bureau score is not built around the lender’s own product, pricing, borrower 
segment, or risk appetite. It is also constrained by what is reported into the credit file. That matters for 
thin-file and no-file applicants, borrowers with non-traditional income, small businesses with limited 
reported credit history, and segments where current cash flow behavior is more predictive than 
historical bureau attributes.

T H E  M AT U R I T Y  Q U E S T I O N

At this stage of maturity, lenders often ask: what is the bureau score? More mature lenders 
ask: what does this score miss for our specific product, and where is it ranking applicants too 
conservatively or too aggressively?

S T A G E  2  O F  6

Internal Rules

Internal rules give lenders control. Policy thresholds, knockouts, debt-to-income limits, income 
verification requirements, affordability checks, and referral rules help translate risk appetite into 
repeatable decisions. They also support operational consistency and governance because business 
stakeholders can see exactly how a rule works.

Rules become limiting when they are used to compensate for weak risk signals. A rule can decline 
applicants below a score threshold, cap exposure above a utilization level, or refer uncertain cases to 
manual review. But rules do not discover better risk separation on their own. They can create hard 
cliffs where similar borrowers receive very different outcomes. They can also push too much volume 
into manual review, especially in borderline, thin-file, or variable-income segments.

A rule-led strategy can be safe but blunt. The lender may control losses by declining more applicants, 
limiting offers, or adding manual steps. But that can suppress growth, raise unit costs, and create 
inconsistent override behavior.
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M AT U R I T Y  S I G N A L

The lender has strong process control but is still asking policy rules to solve a signal-
quality problem.

S T A G E  3  O F  6

Generic Models

Generic models represent a step beyond fixed rules because they can use more variables and capture 
non-linear relationships. They may improve pattern recognition, especially where traditional policy 
logic is too simple or static. For lenders that are early in analytics modernization, a generic model can 
feel like a major upgrade.

But generic models can also create a new problem: more model complexity without enough decision 
relevance. If the model is not trained and calibrated to the lender’s products, portfolio, performance 
data, and commercial objectives, it may rank risk in a way that is statistically interesting but 
operationally incomplete. If the model is difficult to explain, validate, or map to adverse action reasons, 
it can also introduce governance risk.

The CFPB has said that creditors using complex algorithms still need to provide specific reasons for 
adverse action. NIST’s AI Risk Management Framework identifies trustworthiness characteristics such 
as validity, reliability, accountability, transparency, explainability, privacy enhancement, and fairness 
with harmful bias managed. In credit, those are not abstract values. They shape whether a model can 
be deployed responsibly.

T H E  L E S S O N

The lesson is not that AI is unsuitable for credit. It is that generic is not the same as a 
governed, lender-specific credit model.

S T A G E  4  O F  6

Custom Credit Model

A custom credit model is a major step up the curve because it aligns risk estimation to the lender’s 
own reality. Instead of relying only on generic market signals, it can be trained and calibrated around 
the lender’s products, application flows, borrower mix, historical performance, portfolio definitions, 
and risk appetite.
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For lenders, this is where credit modeling becomes more commercially relevant. A custom model can 
estimate probability of default, improve risk ranking in borderline segments, support clearer cutoffs, 
and identify where current policy may be too conservative or too aggressive. It can use bureau 
attributes, application data, internal performance data, transaction data, financials for business lending, 
or other lender-specific inputs.

Transaction data is especially important because it can reveal current borrower behavior that may not 
appear in a traditional credit file: income stability, liquidity, expense patterns, recurring obligations, 
balance recovery, volatility, and signs of stress. FinRegLab’s empirical work has supported the credit 
relevance of cash flow variables, including their use for applicants who lack traditional credit history 
and for better risk scoring among borrowers who appear similar under traditional scores.

W H E R E  C A R R I N G T O N  L A B S  F I T S

Carrington Labs’ Credit Risk Model sits at this stage. It is designed to estimate probability of 
default and produce a product-specific risk ranking using data relevant to the lender’s product. 
Where transaction data is available and relevant, the model can turn that behavior into 
advanced credit risk signals. Where transaction data is not available, the model can also be built 
around bureau, application, internal performance, or other lender data. The strategic point is 
not the data type alone; it is the model’s alignment to the lender’s own book.

S T A G E  5  O F  6

Custom Models as a Service

A custom model is valuable. But a one-off model build is not the same as a production credit capability. 
Models need implementation, monitoring, refresh, governance, explainability, and business 
interpretation. They need to fit into underwriting workflows, decision engines, and control processes. 
They need to be understood by credit risk, product, operations, compliance, and technology teams.

This is the case for custom models as a service. The lender does not simply buy a model output. It 
adopts a repeatable operating model for building, validating, deploying, monitoring, and recalibrating 
lender-specific models.

For a lender, this can solve several practical problems at once:

It reduces the gap between an analytics proof point and a production decision signal.

It allows the model to stay aligned to portfolio performance, product changes, and risk appetite 
over time.

It supports explainable drivers and reason codes that can be used in oversight, referrals, and 
adverse action processes where applicable.
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It keeps the lender in control of policy and final decisions while improving the intelligence feeding 
those decisions.

It can be delivered through lightweight integration patterns, such as API or batch, without 
replacing core systems.

W H E R E  C A R R I N G T O N  L A B S  F I T S

This is the stage where Carrington Labs’ positioning is most distinct. Carrington Labs is not only 
a provider of a generic cash flow score. It provides custom models as a service for lenders: 
tailored, product-specific credit risk models designed around the lender’s data, portfolio, 
strategy, and risk appetite. Its proof-of-concept process is designed to validate model 
performance on a lender’s own data before full deployment, helping credit teams understand 
impact on approvals, defaults, revenue, margins, and portfolio outcomes.

S T A G E  6  O F  6

Credit Optimization Layer

The final stage of the maturity curve is not simply a better risk score. It is a credit optimization layer. At 
this stage, the lender uses risk estimates, capacity signals, financial health metrics, and commercial 
objectives to answer a more complete lending question: should we extend credit to this customer, for 
this amount, on these terms, at this price, given our risk appetite and portfolio economics?

This distinction is critical. A risk model can tell a lender who is more likely to default. But the most 
profitable and responsible decision may depend on loan amount, limit, term, pricing, utilization, take-up 
probability, affordability, servicing strategy, and post-origination monitoring. A borrower may be 
acceptable at one exposure but not another. A customer may be safe for a line increase if transaction 
behavior remains stable, but not if cash flow deterioration appears after origination.

Carrington Labs' Credit Offer Engine connects directly to this stage. It uses probability of default, 
product constraints, risk appetite, take rate, price elasticity, and commercial objectives to recommend 
amount, term, and price where relevant. That helps lenders move from a binary approve/decline 
mindset to disciplined offer design. 



Carrington Labs' Cashflow Servicing also extends the optimization layer after origination. By 
monitoring borrower-level and portfolio-level signals, lenders can identify repayment risk, portfolio 
deterioration, and safe growth opportunities. This matters because credit performance is not fixed at 
origination. A mature credit model strategy continues to learn, monitor, and adjust.
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O P T I M I Z AT I O N  P R I N C I P L E

The mature question is not only 'Who should we approve?' It is 'How should we lend, price, 
monitor, and grow while staying inside our risk guardrails?'

Where Carrington Labs Fits on the Curve

Carrington Labs is best understood as a credit risk analytics and cash flow underwriting layer for 
lenders. It supports the borrower lifecycle from origination through servicing, and is designed to fit into 
existing lender workflows rather than replace decision engines, loan origination systems, or policy 
ownership.

Capability Where it fits Decision problem it helps solve

Cashflow Score Adds a fast, explainable transaction-
based risk signal.

How can we add current cash flow behavior to 
underwriting without building a custom model 
first?

Credit Risk Model Builds tailored, product-specific 
probability-of-default modeling.

How can we rank risk using our products, 
portfolio, strategy, and available data, 
including transaction data where relevant?

Financial Health Summary Turns transaction and lender data into 
borrower-level metrics and ratios.

How can we give underwriters, scorecards, 
policy teams, and servicing teams 
interpretable borrower insight?

Credit Offer Engine Optimizes amount, term, and price 
within risk and commercial objectives.

How should we lend when risk is manageable 
but exposure and economics matter?

Cashflow Servicing Monitors post-origination repayment 
risk, portfolio deterioration, and safe 
growth opportunities.

How can we manage borrower risk after 
approval and identify next-best actions?

Proof of Concept Validates model performance on the 
lender’s own data.

How can we test business impact before 
production deployment?

The common thread is customization. Carrington Labs’ approach is built around lender-specific and 
product-specific models rather than one-size-fits-all scoring. That matters because the right model for 
a lender is not only a technical artifact. It is a reflection of the lender’s product design, risk appetite, 
data assets, portfolio performance, and commercial goals.
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How to Assess a Lender’s Current Maturity

A lender does not need to leap from bureau scores to full optimization in one step. The more useful 
exercise is to diagnose where the current system is creating friction.

If this is happening Likely maturity gap Next capability to consider

High false declines in thin-file, no-
file, or non-traditional income 
segments.

Bureau score and rules are missing 
current cash flow signal.

Cashflow Score or transaction-led 
Credit Risk Model.

Manual review volume is high and 
outcomes vary by underwriter.

Rules are transparent but not 
sufficiently predictive or consistent.

Financial Health Summary plus 
tailored Credit Risk Model.

Generic model performs broadly but 
is hard to explain or does not match 
product economics.

Pattern recognition is not fully aligned 
to governance and portfolio strategy.

Custom Credit Risk Model with 
explainable drivers and validation.

A custom model exists but 
performance monitoring and 
refresh are ad hoc.

Model value is trapped in a project, 
not an operating capability.

Custom models as a service with 
monitoring, recalibration, and 
governance process.

Approval quality is improving but 
limits, pricing, and term decisions 
remain blunt.

Risk estimation is not connected to 
offer economics.

Credit Offer Engine and credit 
optimization layer.

Losses emerge after origination 
before teams can intervene.

Origination intelligence is not 
connected to servicing and portfolio 
monitoring.

Cashflow Servicing and borrower-level 
early warning signals.

Implementation Roadmap: Moving Up the 
Curve Without Rebuilding the Stack

The practical path is incremental. Mature credit analytics should improve the intelligence behind 
existing workflows, not force a lender into unnecessary system replacement.

1 Define the decision problem

Start with the pain point: false declines, thin-file uncertainty, manual review burden, underpriced 
risk, conservative limits, weak line management, or late servicing intervention. The model should 
be tied to a business decision, not launched as an abstract AI initiative.

The Credit Model Maturity Curve  |  11



2 Identify the data that can improve risk separation

Relevant sources may include application data, bureau attributes, internal performance data, 
transaction data, financials for business lending, or persisted borrower data after origination. 
Transaction data is especially useful where current cash flow behavior can reveal capacity, stress, 
volatility, and resilience.

3 Validate on the lender’s own outcomes

A proof of concept should compare the new model against the current approach, using historical 
performance and agreed KPIs such as approval rate, default rate, revenue, margin, and portfolio 
impact. This stage should clarify where the model changes decisions and where it should not.

4 Decide where the model output enters the workflow

The model may support auto-approval, decline, referral, second-look underwriting, manual review, 
offer sizing, pricing, line increases, collections prioritization, or early warning. The output should be 
easy for the existing decision engine, underwriting team, or servicing workflow to consume.

5 Put governance around the model lifecycle

Governance should cover model development, validation, monitoring, refresh, documentation, 
explainability, and controls. The Federal Reserve and OCC model risk guidance has long 
emphasized that banks are responsible for model risk management practices appropriate to their 
own risk profile and model use.

6 Connect risk to optimization

Once risk is better ranked, the next question is commercial: how should the lender set amount, 
term, price, limit, or treatment strategy? This is where the credit optimization layer converts better 
risk intelligence into better portfolio economics.

What Good Looks Like at the Top of the Curve
A mature credit model environment has several characteristics.

Risk estimates are product-specific and calibrated to the lender’s own data.

Models can use multiple data sources, including transaction data, bureau data, application data, 
internal performance data, and business financials where relevant.

Outputs include probability of default, risk rankings, drivers, and reason codes that support 
governance and operational use.

The lender retains policy control and final decision authority.

Models are monitored, refreshed, and governed as a service, not treated as one-off projects.
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Risk outputs are connected to amount, term, price, servicing, and portfolio management decisions.

The model strategy supports both growth and loss control: approving more of the right borrowers, 
sizing exposure appropriately, and detecting risk early after origination.

This is the practical endpoint of the maturity curve. The lender is not simply using a more sophisticated 
score. It is operating a credit risk intelligence layer that continuously improves decision quality across 
the borrower lifecycle.

Conclusion: The Next Advantage Is Decision 
Relevance

Credit modeling maturity is not about choosing between bureau scores, rules, AI, or custom models. It 
is about understanding what each layer can and cannot do.

Generic bureau scores provide useful external standardization. Internal rules translate policy into 
execution. Generic models can add pattern recognition. Custom credit models align risk estimation to 
the lender’s own product and portfolio. Custom models as a service make that capability repeatable, 
monitored, explainable, and production-ready. The credit optimization layer then turns risk estimates 
into better decisions about amount, term, price, servicing, and safe growth.

For lenders, the strategic question is straightforward: are current decisions limited by policy execution, 
or by the quality of the risk and value signals feeding that policy?

If the limitation is signal quality, the next stage of maturity is not simply more rules. It is better risk 
separation, better governance, and better connection between credit risk and portfolio economics. 
That is where custom models as a service and credit optimization become commercially meaningful.

T H E  TA K E AWAY

Carrington Labs is built for that transition: helping banks and non-bank lenders use the data 
they already have to create lender-specific risk models, cash flow insights, offer 
recommendations, and servicing signals that fit inside existing workflows. The result is a more 
mature credit model strategy — smarter risk, faster growth, and stronger margins without 
treating model modernization as a core-system rebuild.
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Appendix: Public Sources and Grounding

The white paper uses public sources for market, regulatory, and research context, and Carrington 
Labs materials for product positioning. Public facts are not presented as Carrington Labs 
performance claims.

Consumer Financial Protection Bureau. Data Point: Credit Invisibles; CFPB reported that, as of 2010, 26 million 

U.S. adults were credit invisible and 19 million had unscorable records. 


https://www.consumerfinance.gov/data-research/research-reports/data-point-credit-invisibles/

FinRegLab. The Use of Cash-Flow Data in Underwriting Credit; empirical and policy research on cash-flow data in 

consumer and small business underwriting.


https://finreglab.org/research/the-use-of-cash-flow-data-in-underwriting-credit-empirical-research-findings/

FDIC, Federal Reserve, CFPB, OCC, NCUA. Interagency Statement on the Use of Alternative Data in Credit 

Underwriting; recognizes potential benefits and consumer protection risks.


https://www.fdic.gov/news/financial-institution-letters/2019/fil19082.html

Federal Reserve Bank of New York. Quarterly Report on Household Debt and Credit, Q1 2026; household debt 

and delinquency context.  


https://www.newyorkfed.org/microeconomics/hhdc

Federal Reserve Board. April 2026 Senior Loan Officer Opinion Survey; lending standards and demand context.  

https://www.federalreserve.gov/data/sloos/sloos-202604.htm

Federal Reserve Board. Financial Stability Report, May 2026; consumer delinquency context.  

https://www.federalreserve.gov/publications/financial-stability-report.htm

FDIC. Quarterly Banking Profile, Q1 2026; industry net charge-off context.  


https://www.fdic.gov/quarterly-banking-profile/quarterly-banking-profile-q1-2026

OCC / Federal Reserve / FDIC. Model risk management guidance; development, use, validation, monitoring, 

governance, controls, and third-party considerations.  


https://www.occ.gov/news-issuances/bulletins/2026/bulletin-2026-13.html

CFPB. Consumer Financial Protection Circular 2022-03; adverse action notice requirements apply to 

complex algorithms.  


https://www.consumerfinance.gov/compliance/circulars/circular-2022-03-adverse-action-notification-requirements-in-

connection-with-credit-decisions-based-on-complex-algorithms/

NIST. AI Risk Management Framework 1.0; trustworthiness characteristics including validity, reliability, 

explainability, transparency, privacy, and fairness.  


https://www.nist.gov/itl/ai-risk-management-framework
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Talk Smarter Lending with Carrington Labs

Carrington Labs provides lender-specific credit risk models and decision-ready analytics for banks, 
credit unions, fintechs, and non-bank lenders — using the data relevant to each lender, including 
application, bureau, portfolio, repayment, financial, and, where available, customer-permissioned bank 
transaction data, to produce explainable risk signals across the lending lifecycle.

This helps lenders improve risk separation, make better-informed approval and offer decisions, and 
identify changes in borrower risk after origination. Cash flow underwriting can be incorporated where 
it adds value, alongside existing data and credit processes.

Carrington Labs supports these outcomes through:

Credit Risk Models for underwriting and risk segmentation

Cashflow Score for transaction-based credit risk assessment

Credit Offer Engine for amount, term, and pricing recommendations

Financial Health Summary for borrower-level financial insights

Cashflow Servicing for early-warning and portfolio monitoring

Our models and analytics integrate into existing scorecards, decision engines, origination platforms, 
and servicing systems through API or batch delivery. Lenders retain control of policy, cutoffs, and 
final decisions.

Learn more at carringtonlabs.com or email hello@carringtonlabs.com
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