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ABSTRACT 

Background. Private-credit funds and GCC SMEs often discover deterioration through late financial statements, missed 

covenants or past-due payments. Objective. This paper develops a governed signal-to-intervention architecture for A3 

private-credit, direct-lending and special-situations funds and B4 GCC SME and family-business owners. Approach. The 

analysis reviews 40 primary, authoritative and clearly labelled sources available through 1 August 2026 across credit risk, 

default prediction, alternative data, machine learning, calibration, explainability, drift, privacy and model governance. 

Findings. A useful early-warning system combines contractual, cash-flow, financial, collateral, behavioural and external 

signals with event-time controls, calibrated models, bounded alerts, documented review and intervention playbooks. 

Model accuracy alone does not establish actionability or value. Implications. Funds and borrowers should begin with one 

governed portfolio, a defined outcome taxonomy and human credit authority. All worked inputs are unverified illustrative 

management assumptions; attributed Matchpoint or client revenue, cash cost reduction and loss reduction remain USD 0 

until approved observed evidence exists. 

Highlights 

Purpose. The system converts changing borrower evidence into reviewable signals and timely intervention options. 

Users. A3 portfolio teams and B4 owner-operators share signal logic while retaining separate authority, confidentiality and 

incentives. 

Architecture. Source records, event time, features, rules, models, alerts, review, decisions and outcomes remain traceable. 

Evaluation. Calibration, lead time, alert burden, stability, segment performance, override and intervention outcomes form the 

release gate. 

Economics. Recognised value requires approved observed capacity, revenue, cash cost or loss evidence; illustrative scenarios 

carry no attributed value. 

JEL Classification: G21, G23, G32, G33, C41, C45, C53, O33 

Keywords: artificial intelligence, credit monitoring, early-warning system, private credit, direct lending, GCC SME, family 

business, probability of default, watchlist, covenant monitoring, cash-flow data, expected credit loss, model risk, human review 

Research paper only. This document is not investment, lending, legal, regulatory, accounting, audit, tax, restructuring, insolvency, privacy, 

cybersecurity, valuation or technology advice. All worked inputs, thresholds, times, rates and economics are unverified illustrative 

management assumptions.  
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1. INTRODUCTION 

Credit losses rarely begin when a payment becomes overdue. Deterioration can appear earlier in collections, cash 

balances, covenant headroom, reporting behaviour, customer concentration, supplier terms, inventory movement, 

management turnover, collateral condition or an external event. The practical difficulty is assembling those observations 

in time, distinguishing signal from noise, assigning a reviewer and connecting the review to an authorised response. 

This paper addresses AI for Credit Monitoring and Early-Warning Systems for two Matchpoint Partners target 

audiences. A3 Private Credit, Direct-Lending and Special-Situations Funds are international credit and special-

situations investors seeking yield and complexity in GCC real assets and operating businesses. B4 GCC SME and 

Family-Business Owners are owners, managing directors and next-generation operators concerned with working capital, 

trade finance, succession, refinancing and exit. A3 monitors risk to capital and contractual rights. B4 monitors liquidity, 

resilience and the evidence needed for constructive lender engagement. They can use related signals while retaining 

distinct incentives, permissions and decision authority. 

The governing question is: how can artificial intelligence improve the timeliness and consistency of credit 

monitoring while preserving evidence, human judgement, confidentiality and accountable intervention? The 

answer requires an operating system rather than a score alone. The system must define outcomes, preserve event time, 

validate rights and quality, combine transparent rules with appropriate statistical models, calibrate probabilities, rank 

alerts, show reasons, record challenge and override, route actions and learn from observed outcomes. 

The Basel Committee's current principles place credit administration, measurement and monitoring alongside sound credit 

granting and adequate controls [1]. Basel Core Principle 18 addresses early identification and management of problem 

exposures [2]. The European Banking Authority's loan-origination and monitoring guidelines cover monitoring 

throughout the credit life cycle [3]. IFRS 9 requires an assessment of whether credit risk has increased significantly since 

initial recognition and considers reasonable and supportable forward-looking information [4]. The Central Bank of the 

UAE requires a documented credit-risk framework across origination, monitoring, recovery and provisioning, including 

early identification of losses and factors that can lead to deterioration or default [5]. Its standards connect significant 

increase in credit risk with early-warning indicators and continuous oversight [6]. These sources apply according to 

institution, activity and jurisdiction; they provide useful control references for other credit investors. 

Credit prediction has a long empirical history. Accounting ratios, market-value models, hazard methods and multi-period 

default models provide distinct views of distress [9-18]. Machine-learning studies examine classification performance, 

imbalanced outcomes, nonlinear relationships and alternative data [19-27]. Explainability, calibration, concept drift and 

technical-debt research provides tools for evaluating how such models behave after development [28-34]. Current 

regulatory and standards sources address risk-based model governance, AI risk management, privacy, consent, insolvency 

context and capital-markets AI controls [35-40]. 

The paper defines an AI credit early-warning system as a governed process that converts authorised, time-stamped 

evidence into reviewable indicators of deterioration, routes those indicators to accountable humans and records the 

resulting decision, action and outcome. Artificial intelligence can include statistical learning, survival models, tree 

ensembles, anomaly detection, document extraction and natural-language assistance. The definition excludes autonomous 

credit authority. 
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Figure 1. The governed signal-to-intervention chain 

Source: Matchpoint evidence framework; credit-monitoring and model-risk context [1-8,33-34]. 

The contribution is a practical framework. It provides: 

• an A3 and B4 decision perimeter; 

• a credit-event and outcome taxonomy; 

• a controlled source and feature architecture; 

• a signal taxonomy covering contractual, cash-flow, financial, operating, collateral and external evidence; 

• a model stack that begins with transparent baselines; 

• an evaluation scorecard covering calibration, lead time, alert burden, stability and actionability; 

• intervention playbooks and escalation records; 

• unverified illustrative scenarios for portfolio and borrower use; 

• an evidence-gated productivity and loss bridge; and 

• a ninety-day implementation roadmap. 

The analysis reviews 40 primary, authoritative and clearly labelled sources available through 1 August 2026. Academic 

findings are reported within their study settings. Regulatory requirements depend on jurisdiction, licence and activity. No 

approved observed Matchpoint or client evidence was supplied for T25 revenue, cash cost reduction or loss reduction. 

Those attributed values therefore remain USD 0. 

2. EARLY WARNING MEANS SIGNAL TO INTERVENTION 

2.1 A score is an intermediate object 

A probability of default can rank exposures. It does not establish what happened, whether data were available at the time, 

whether an analyst should act, which contractual right exists, how the borrower should be approached or whether an 

intervention changed an outcome. An early-warning system must connect prediction to an operating decision. 

Object Core question Minimum evidence Accountable owner 

Source event What changed, and when was it 
knowable? 

Original value, event time, availability time, 
lineage Data owner 

Signal Why might the change matter? Rule or model version, threshold, comparator Credit analytics 

Alert Why does this exposure require review 
now? Severity, reasons, evidence links, expiry Portfolio monitoring 

Review Is the alert credible and material? Analyst judgement, borrower context, challenge Named reviewer 

Decision What response is authorised? Policy, covenant, authority, rationale Credit authority 



AI Credit Early Warning MatchPoint Research Working Paper No. 2026/T25 

4 

Object Core question Minimum evidence Accountable owner 

Action What was done and by whom? Task, owner, date, communication record Action owner 

Outcome What happened afterwards? Cure, deterioration, default, recovery, no change Independent recorder 

 

The chain should allow abstention. Missing, stale, conflicted or unauthorised evidence can produce a data-quality task 

rather than a credit alert. A model can produce uncertainty that sends an exposure to manual review. A low-risk output 

should never suppress a contractual breach or a mandatory review. 

2.2 Warning horizons and decisions 

Early warning is relative to a decision. A signal that arrives two days before a missed payment may be early for 

collections and late for covenant negotiation. A quarterly ratio may support provisioning and provide little operating lead 

time. The horizon should be defined before model development. 

Decision horizon Example question Candidate outcome Useful lead-time measure 

Daily to 14 days Is a payment or liquidity interruption emerging? Missed obligation or overdraft breach Days before event 

15 to 90 days Does the exposure require a watchlist or 
information request? Watchlist entry or material downgrade Days before review decision 

3 to 12 months Is default or restructuring risk increasing? Restructuring, unlikeliness to pay or 
default Months before event 

Facility life Is risk changing relative to origination? Significant increase in credit risk Time from baseline change 

Recovery period Is the chosen strategy improving recovery? Cure, recovery amount or resolution Time to resolution 

 

IFRS 9 distinguishes 12-month and lifetime expected credit losses and requires comparison of default risk at reporting 

date with risk at initial recognition for significant increase in credit risk [4]. CBUAE standards require regular assessment 

and documentation of significant increase in credit risk, using available reasonable and supportable information including 

forward-looking information [6]. A private-credit fund may use different accounting, regulatory or contractual definitions. 

It should document the precise mapping between monitoring outcomes, valuation, reserves, watchlist status and 

committee authority. 

2.3 Human authority remains explicit 

The system may prioritise review, calculate ratios, detect missing reports, estimate risk, retrieve covenant text or draft a 

question list. The responsible analyst should validate evidence and context. The authorised committee or delegate should 

decide waivers, amendments, draw stops, reserves, enforcement or restructuring strategy. Borrower management retains 

authority over its operating decisions. Legal, insolvency, accounting and regulatory conclusions require accountable 

professionals. 

3. THE A3 AND B4 DECISION PERIMETER 

3.1 A3 private-credit funds 

A3 teams can hold bilateral or club loans, asset-backed facilities, mezzanine instruments, preferred structures and special-

situations exposures. Monitoring may involve contractual reports, borrowing-base calculations, collateral data, cash 

controls, budgets, board information, sponsor dialogue and sector developments. The exposure can be illiquid, 

documentation can be bespoke and portfolio histories can be small. Those characteristics increase the importance of 

traceable rules, expert review and uncertainty reporting. 

Common A3 questions include: 

• Which borrowers show deterioration before a payment breach? 

• Which covenants have reduced headroom because of a denominator, definition or permitted adjustment? 

• Which data packs are late, inconsistent or incomplete? 

• Which external events require a focused information request? 

• Which exposures combine weak liquidity, collateral uncertainty and sponsor dependence? 

• Which alerts were reviewed, overridden or allowed to expire? 

• Which intervention occurred, and what outcome followed? 
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3.2 B4 GCC SME and family-business owners 

B4 owners often experience credit risk as a working-capital and operating problem. Collections can slow before monthly 

accounts show the effect. A large customer can delay acceptance. Inventory can rise because demand weakened or 

because management is deliberately building stock. Supplier terms can shorten. A family transition, key-person issue or 

governance dispute can affect information quality and decision speed. The owner needs an operating view that can 

support earlier action and credible lender dialogue. 

Common B4 questions include: 

• Are customer collections slowing relative to contractual and historical patterns? 

• Will committed obligations fit within current and forecast liquidity? 

• Which customers, suppliers or projects create concentration risk? 

• Which reporting, covenant or insurance item needs action before a deadline? 

• Which variance reflects planned growth, seasonality or genuine deterioration? 

• What evidence should be prepared for a lender or investor discussion? 

• Which operational action was taken and what changed afterwards? 

 
Figure 2. A3 and B4 decision perimeter 

Source: Matchpoint ICP and decision-rights framework. 

3.3 Shared evidence, separate purposes 

The same bank-transaction feed can support an owner cash forecast and a lender-monitoring process. Consent, contractual 

rights, confidentiality and purpose limitation determine whether and how the lender can receive it. The CBUAE Open 

Finance Regulation includes credit and loan products and requires explicit consent, secure communication and purpose-

limited processing within its scope [7]. A private contractual data feed outside that framework still requires a valid legal 

and contractual basis. 

Dimension A3 fund B4 borrower Shared control 

Primary objective Protect capital and exercise rights Preserve liquidity and operating options Defined decision purpose 

Data entitlement Facility documents and agreed reporting Own operating and financial records Rights register 

Decision authority Credit committee or delegate Board, owner or authorised executive Named authority 

Alert sensitivity Portfolio risk and contractual materiality Cash and operating materiality Segmented thresholds 

Communication Borrower, sponsor, agent, advisers Lenders, customers, suppliers, board Approved playbook 

Outcome Cure, downgrade, restructuring, default, 
recovery 

Liquidity improvement, cure, refinancing, 
resolution Time-stamped outcome 
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3.4 Conflict and communication controls 

An adviser serving both capital provider and capital seeker should establish the engagement perimeter, conflicts process, 

information barriers and permitted outputs before integrating data. The early-warning system should never become an 

informal channel that expands one party's access. Every alert card should identify the source entitlement, permitted 

audience and communication authority. 

4. OUTCOME, LABEL AND TIME ARCHITECTURE 

4.1 Define the event before training the model 

Default can mean a contractual event of default, a regulatory definition, an accounting stage, a rating transition, a 

restructuring event or a study-specific label. Combining these without distinction creates label leakage and weak 

governance. CBUAE credit-risk rules distinguish non-payment and unlikeliness to pay and require documented early-

warning signals [5]. The UAE Financial and Bankruptcy Law defines formal processes and rights in its scope [8]. A 

model label should not be treated as a legal conclusion. 

Outcome class Example operational definition Exclusions to record Decision use 

Data failure Required report absent after agreed grace 
period Valid extension, delivery-system failure Information request 

Covenant event Tested covenant below documented 
threshold 

Disputed calculation, waiver already 
effective Review and cure process 

Watchlist Approved internal risk status Machine recommendation alone Monitoring intensity 

Significant deterioration Defined rating or risk change Mechanical volatility without review Provisioning or valuation 
input 

Restructuring Contractual modification for financial 
difficulty 

Commercial repricing without 
difficulty Specialist management 

Default Contractual, regulatory or model-specific 
event 

Technical event cured within defined 
policy 

Enforcement or recovery 
process 

Cure Defined return to compliant or 
performing state 

Temporary payment without 
sustainable cure Watchlist exit review 

Recovery Cash or asset proceeds net of approved 
costs 

Unverified valuation or expected 
proceeds Outcome analysis 

 

The outcome dictionary should include definition, owner, effective date, evidence, hierarchy, permitted use and 

relationship to other definitions. A change requires versioning and impact analysis. 

4.2 Three clocks prevent leakage 

Each observation requires at least three times: 

1. Event time: when the underlying event occurred. 

2. Availability time: when an authorised system or person could first have known it. 

3. Action time: when a reviewer or decision-maker acted. 

A year-end financial statement can describe December conditions and become available in April. Training it as if known 

in December introduces look-ahead bias. A covenant certificate can be submitted late. The lateness is itself a signal; the 

later financial values cannot be backdated into the earlier decision set. 

Time-control test Failure example Required response 

Availability Revised account stored at original period date Preserve arrival and revision time 

Finality Draft value treated as audited Carry evidence state 

Backfill Historical feed reconstructed from current system Label reconstruction and restrict evaluation 

Outcome lag Default recorded before formal confirmation Use event-definition rule 

Intervention Post-alert action included as predictor Separate treatment variables 

Survivorship Closed or failed borrowers absent from history Rebuild cohort and disclose gap 
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4.3 Observation unit and cohort 

The observation unit can be borrower-day, facility-month, covenant test, invoice, account or portfolio review. It should 

match the decision frequency and the reliability of the data. Facility-level features can be combined with obligor-level and 

group-level exposures. Connected-party structures, guarantors and collateral links require explicit entities rather than text 

matching. 

Small private-credit portfolios may not support complex supervised models. A transparent rules baseline, survival 

analysis informed by external evidence, expert segmentation and uncertainty bands can be more defensible. The model-

development record should document cohort boundaries, exclusions, missingness, outcome prevalence and exposure at 

default. 

5. SIGNAL TAXONOMY AND DATA CONTRACT 

5.1 Six signal families 

An early-warning system should combine complementary evidence. Altman, Beaver and Ohlson demonstrate the 

historical role of accounting ratios [9-11]. Merton uses the option-theoretic relation between asset value and liabilities 

[12]. Shumway, Chava and Jarrow, Duffie and co-authors, Bharath and Shumway, and Campbell and co-authors use 

hazard, market and multi-period information [13-17]. Altman and Sabato address SME-specific modelling [18]. These 

studies support a portfolio of methods rather than a universal score. 

 
Figure 3. Credit early-warning signal taxonomy 

Source: Matchpoint signal framework; credit-risk context [1-8,22-25]. 

Signal family Examples Interpretation risk Evidence owner 

Contractual payment, covenant, reporting, insurance, borrowing 
base 

Definitions and waivers can change 
status Legal or agency record 

Cash flow balances, inflows, collections, returned items, 
concentration 

Seasonality and account coverage can 
mislead Treasury and bank sources 

Financial leverage, coverage, margins, working capital, 
forecast variance 

Accounting policy and management 
adjustments Finance function 

Operating orders, utilisation, inventory, staff, project 
milestones Growth and distress can share patterns Operating owner 

Collateral valuation, condition, control, insurance, occupancy Valuation lag and enforceability differ Collateral and legal teams 

External sector, macro, litigation, sanctions, registry events Entity resolution and materiality can 
fail Approved external source 
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5.2 Contractual signals 

Contractual monitoring should begin with a structured obligation register. Each obligation requires the clause, calculation 

definition, frequency, reporting party, evidence, grace period, waiver state and responsible reviewer. Natural-language 

extraction can assist clause capture. A human should approve the structured obligation before live use. The system should 

retain the exact source passage. 

The alert logic should separate a missing input, a calculated breach, a legal interpretation question and an approved 

waiver. A reporting delay can be a process failure, an operational distraction or emerging distress. The system should 

record the fact and route interpretation to the responsible analyst. 

5.3 Cash-flow and transaction signals 

Transaction data can increase timeliness. Khandani, Kim and Lo use consumer transactions and credit-bureau data in a 

consumer-credit study [22]. Berg and co-authors show that digital-footprint variables can complement bureau scores in 

their setting [23]. Jagtiani and Lemieux examine alternative data and machine learning in fintech lending [24]. Their 

populations and decisions differ from GCC private credit and SME monitoring. They establish feasibility within specific 

study settings; they do not establish T25 economics or transferability. 

Useful cash signals can include rolling inflow volatility, concentration by payer, days between invoice and receipt, failed-

payment events, balance-buffer days, committed outflows and deviations from a validated seasonal baseline. Consent, 

account coverage, currency conversion, intercompany flows and cash pooling must be documented. 

5.4 Financial and operating signals 

Financial ratios should retain numerator, denominator, period, source and adjustment policy. Forecast variance requires 

an approved baseline; repeatedly revised forecasts can otherwise erase deterioration. Operating signals should be tied to 

the business model. Inventory growth can indicate expansion, slow sales or supply-chain preparation. Order-book decline 

can reflect completion of a planned project. The alert card should expose the source series and comparator rather than 

offering a single opaque label. 

5.5 Collateral and external signals 

Collateral monitoring may include valuation age, coverage, insurance, location, control, condition and cash conversion. A 

model estimate does not determine enforceability or realisable value. External sources can include corporate registries, 

court records, sanctions, commodity prices, sector indicators and verified news. Entity resolution, source quality, 

jurisdiction and licensing must be documented. 

5.6 Minimum data contract 

The CBUAE data-collection standards call for sufficiently granular and frequent data, monthly default and recovery 

events by obligor segment, documented roles, maker-checker review, automation where appropriate and accurate units, 

currency and timestamps [6]. The following contract adapts those principles to a T25 implementation. 

Field Required content Release test 

Source identity System, owner, record key and original link Traceable to authorised original 

Rights Purpose, audience, consent or contract basis, expiry Access tested before feature creation 

Event time Underlying effective time Correct timezone and period 

Availability time First authorised availability No future leakage 

Revision Version, prior value, reason and finality Revisions preserved 

Unit Currency, scale, measure and sign Consistency test passes 

Entity Borrower, facility, account, guarantor or collateral Resolved and reviewed 

Quality Completeness, validity, freshness and exceptions Threshold and owner defined 

Outcome Label, definition, evidence and confirmation date Independent of predictor pipeline 

Retention Required period and deletion rule Policy mapped 
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6. BEFORE AND AFTER OPERATING WORKFLOW 

6.1 Before: periodic packs and manual reconciliation 

The common baseline is a spreadsheet watchlist fed by monthly or quarterly packs. Analysts chase documents, recalculate 

ratios, review email, compare forecasts and prepare committee material. Expert judgement can be strong. Evidence 

lineage, consistency and lead time can depend on individual discipline. The same event can be captured in multiple places 

with different statuses. 

6.2 After: governed queue and evidence card 

The target workflow automates bounded collection and validation, applies rules and approved models, ranks exposures 

for human review and records the decision. Each alert opens an evidence card rather than a conclusion. It shows the 

outcome horizon, source events, feature values, comparisons, model and threshold version, reasons, uncertainty, prior 

alerts, current obligations, owner, expiry and permitted actions. 

 
Figure 4. Before and after: credit monitoring workflow 

Source: Matchpoint operating-model framework. 

Workflow stage Before Governed target Hard control 

Collect Email and shared files Authorised connectors and immutable landing Rights and lineage 

Validate Analyst inspection Automated checks plus owned exceptions Maker-checker for material changes 

Calculate Spreadsheet formulas Versioned feature and rule service Reproducibility 

Predict Ad hoc judgement or score Baseline plus validated model Calibration and uncertainty 

Prioritise Broad watchlist Ranked review queue Alert-capacity budget 

Review Notes in email or meeting Evidence card and documented challenge Named reviewer 

Decide Committee paper Authority-linked decision record Policy and delegation 

Act Separate task tracking Playbook, owner and deadline Communication approval 

Learn Anecdotal outcome Outcome and intervention record Independent analysis 

 

6.3 Alert-capacity budget 

Alert volume is a risk-control variable. A model can increase recall by sending many exposures to review. If the team 

cannot investigate them, genuine warnings can be buried. The design should specify available reviewer hours, expected 

alerts, severity mix, service-level targets and escalation when the queue exceeds capacity. 
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The system should measure alert acceptance, duplicate suppression, time to first review, time to decision, unresolved age 

and expired alerts. A low acceptance rate can reflect weak thresholds, poor evidence presentation, an unsuitable target or 

reviewer behaviour. It requires investigation rather than automatic tuning. 

7. CONTROLLED ARCHITECTURE AND TOOL STACK 

7.1 Separable layers 

The architecture should keep source, event store, feature computation, model, alert, review and decision records 

separable. Separation makes lineage, validation, replacement and incident response feasible. A vendor platform can 

provide several layers. The firm remains responsible for mapping what the vendor does, what evidence it receives and 

how failures are handled. 

 
Figure 5. Controlled early-warning architecture 

Source: Matchpoint architecture; data, model and governance context [5-7,19-34]. 

Layer Core responsibility Failure to detect 

Source gateway Authorise and retrieve agreed data Unauthorised or incomplete source 

Immutable landing Preserve original payload and receipt time Changed or missing evidence 

Entity and event store Link borrower, facility and time Misattribution or duplication 

Quality service Validate units, freshness, ranges and reconciliation Silent bad data 

Feature service Reproduce time-correct inputs Leakage or calculation drift 

Rules engine Apply contractual and policy rules Hidden threshold change 

Model service Produce score, uncertainty and reason data Unvalidated version 

Alert orchestration Rank, suppress, expire and route Queue overload or lost alert 

Review workspace Present evidence and capture challenge Undocumented judgement 

Decision and outcome store Record authority, action and result No audit or learning loop 

 

7.2 Baseline before complexity 

A development sequence can start with obligations, missing-data rules, simple ratios and a transparent statistical baseline. 

Logistic regression, survival analysis or a constrained tree model can establish whether additional complexity provides 

material benefit. Lessmann and co-authors benchmark multiple classification algorithms and show the importance of 

broad comparison [19]. Brown and Mues examine imbalanced credit-scoring data [20]. Barboza and co-authors compare 

machine-learning models for bankruptcy prediction [21]. The choice should follow the outcome, cohort, data volume, 

explainability and operational cost. 
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Sadhwani and co-authors demonstrate nonlinear multi-period mortgage modelling in a study using more than 120 million 

US mortgage records [25]. Fuster and co-authors examine distributional effects of machine learning in credit markets 

[26]. These are substantial studies and different settings. A small GCC private-credit portfolio cannot claim equivalent 

evidence. External data or transfer learning may assist development; local calibration and validation remain necessary. 

7.3 Model stack 

Component Suitable use Principal limitation Required evidence 

Deterministic rule Contractual breach or data-quality 
event Brittle without definition governance Clause, threshold and exception test 

Scorecard Transparent ranking Limited nonlinear interaction Stability and calibration 

Survival model Time to event with censoring Model-form assumptions Horizon-specific validation 

Tree ensemble Nonlinear structured data Explanation and drift complexity Comparative lift and reason stability 

Anomaly detection Weak signals without labels High false-positive risk Analyst acceptance and backtesting 

Document extraction Reports, certificates and 
correspondence Extraction and context errors Field-level accuracy and source link 

Language assistance Alert summary and question drafting Unsupported or omitted claims Grounding, citation and human 
review 

 

7.4 Natural-language assistance is subordinate 

A language model can extract a covenant table, summarise a borrower pack or draft a review note. The output should 

preserve passage-level citations and confidence. Numerical calculations should run in deterministic code. Contractual 

interpretation, legal conclusions and final credit judgements remain with authorised professionals. The system should 

abstain when evidence conflicts or falls outside the approved schema. 

7.5 Security and resilience 

Credit records can contain customer, employee, supplier, pricing, account and legal information. Least privilege, 

encryption, tenant separation, data residency, secrets management, logging, backup, recovery and incident response 

belong in the design. Vendor models and managed services require data-use restrictions, retention terms, subprocessor 

review and exit planning. The NIST AI Risk Management Framework provides voluntary governance, mapping, 

measurement and management functions [36]. IOSCO's AI report addresses use cases and risks in capital markets [37]. 

These sources inform governance according to applicability. 

8. EVALUATION: FROM ACCURACY TO ACTIONABILITY 

8.1 Prediction metrics 

Credit deterioration is often imbalanced. Accuracy can remain high when a model misses most rare events. Evaluation 

should report discrimination and calibration across the intended horizon. Precision-recall curves can be more informative 

when positive events are rare. Threshold selection should incorporate reviewer capacity and the consequence of missed or 

unnecessary alerts. 

Metric Question Decision relevance Failure mode 

ROC-AUC Does the model rank positive cases above 
negative cases? Broad discrimination Can look strong in rare-event settings 

PR-AUC How does precision trade against recall? Rare-event ranking Depends on prevalence 

Precision What share of alerts reach the target outcome? Reviewer burden Can rise by missing events 

Recall What share of target outcomes were alerted? Missed-warning risk Can rise through excessive alerts 

Brier score Are predicted probabilities close to outcomes? Probability quality Needs benchmark and decomposition 

Calibration curve Do predicted bands match observed rates? Threshold and reserve use Sparse bands can mislead 

Lead time How early did accepted alerts occur? Intervention feasibility Early noise can appear favourable 

Stability Do inputs and outputs change unexpectedly? Monitoring Stable error can persist 
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Niculescu-Mizil and Caruana compare calibration methods for supervised models [30]. Brier provides the quadratic score 

used for probabilistic forecasts [31]. Evaluation should include calibration-in-the-large, slope, reliability plots, outcome 

counts and uncertainty intervals where feasible. 

8.2 Explainability and reason stability 

Lundberg and Lee develop a unified approach to feature attribution using SHAP [28]. Ribeiro, Singh and Guestrin 

develop local interpretable explanations [29]. Explanations describe model behaviour under stated assumptions. They do 

not prove causality, data quality or fairness. A credit alert should combine model reasons with source evidence, 

comparative history and policy context. 

Reason stability matters. Small, immaterial input changes should not produce contradictory narratives. Correlated 

variables can redistribute attribution. Explanations should be tested across versions, segments and perturbations. A 

generated narrative should never replace the numeric feature and source record. 

8.3 Drift and ongoing monitoring 

Gama and co-authors survey concept-drift adaptation [32]. Sculley and co-authors describe hidden technical debt in 

machine-learning systems, including data dependencies and feedback loops [33]. Drift monitoring should distinguish: 

• data drift, where the input distribution changes; 

• concept drift, where the relationship between inputs and outcomes changes; 

• policy drift, where definitions, thresholds or actions change; 

• population drift, where sector, geography, product or borrower mix changes; 

• pipeline drift, where collection or transformation changes; and 

• intervention drift, where actions change the observed outcomes. 

The model can affect its own data. An early intervention may prevent default, making an effective alert appear false. 

Outcome analysis should retain intervention and treatment history. Causal claims require a design that supports them. 

8.4 Fairness and segment performance 

Hardt, Price and Srebro formalise equality of opportunity in supervised learning [34]. Fuster and co-authors examine 

distributional effects of credit-market machine learning [26]. A T25 system should define protected and sensitive 

attributes according to applicable law, avoid unauthorised use, evaluate error and access patterns across relevant 

segments, and investigate proxies. A fairness metric is an analytical lens. Policy, law, portfolio purpose and human 

accountability determine the appropriate decision. 

8.5 Release scorecard 

Gate Evidence required Minimum decision 

Outcome Approved definition, hierarchy and confirmation process Fit for intended use 

Data Rights, lineage, availability time and quality results No critical unresolved source gap 

Baseline Rules and simple model benchmark Complexity earns material benefit 

Validation Discrimination, calibration, lead time, stability and segments Independent challenge completed 

Operations Alert burden, evidence card, owner, expiry and playbook Capacity and authority confirmed 

Security Access, logging, residency, backup and incident tests Control owner approval 

Shadow use Decisions unaffected while results are observed No critical failure 

Live gate Scope, thresholds, rollback and monitoring plan Named authority approval 

 

9. MODEL GOVERNANCE, PRIVACY AND REGULATORY CONTROLS 

9.1 Risk-based model governance 

The Federal Reserve, FDIC and OCC issued revised model-risk guidance in April 2026. It emphasises a risk-based 

approach tailored to model profile, size and complexity and addresses model development, implementation, validation, 

governance and use [35]. Its direct applicability depends on the institution. The principles offer a useful reference for a 

private-credit monitoring system because a faulty model can alter portfolio decisions, valuations, reserves and borrower 

treatment. 
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The model inventory should include rules, statistical models, vendor scores, document extractors and material 

spreadsheets. Each record should identify purpose, owner, users, inputs, outputs, limitations, validation status, change 

history, dependencies and retirement plan. Material expert overlays should be documented and tested. 

Governance role Responsibility Required independence 

Business owner Defines decision, scope and operating capacity Accountable for use 

Data owner Approves rights, quality and lineage Separate from model tuning where feasible 

Developer Builds and documents the component Cannot approve own validation 

Validator Challenges concept, data, performance and implementation Independent and competent 

Credit authority Approves thresholds and decisions Retains judgement 

Technology owner Operates security, resilience and release Segregated production access 

Audit or assurance Reviews framework and evidence Independent reporting line 

 

Validation should cover conceptual soundness, data quality, process verification, outcome analysis, ongoing monitoring 

and implementation. Vendor opacity does not remove the responsibility to understand intended use, limitations and 

performance. A component that cannot provide enough evidence can be restricted to low-risk assistance or rejected. 

9.2 AI risk management 

The NIST AI Risk Management Framework organises activity around Govern, Map, Measure and Manage [36]. A T25 

control map can use those functions as follows: 

• Govern: assign credit, data, technology, privacy and validation accountability. 

• Map: define users, borrowers, decisions, harms, legal context and dependencies. 

• Measure: test accuracy, calibration, drift, security, privacy, segments and operational burden. 

• Manage: approve scope, monitor, respond to incidents, roll back and retire. 

The framework is voluntary and general. It does not substitute for applicable financial-services, data-protection, contract 

or insolvency requirements. 

9.3 Privacy, consent and purpose 

The UAE federal data-protection framework establishes controls for personal-data processing [38]. DIFC and ADGM 

maintain their own data-protection regimes for their jurisdictions [39-40]. The appropriate regime depends on entities, 

establishment, processing and data flows. Legal advice is required for a specific implementation. 

The rights register should record the data subject or corporate source, controller and processor roles, purpose, lawful basis 

or contractual right, permitted recipients, location, retention, deletion, subprocessors and incident process. Personal data 

that is convenient but unnecessary should not enter the feature store. Sensitive data requires specific legal and policy 

analysis. 

CBUAE Open Finance requires explicit consent, secure communication and purpose limitation within its scope and 

restricts data scraping [7]. A borrower-facing product should separate optional data sharing from the underlying financing 

relationship, document consent withdrawal and maintain a degraded-mode process. 

9.4 Insolvency and restructuring boundaries 

The UAE Financial and Bankruptcy Law establishes formal financial-restructuring and bankruptcy mechanisms [8]. An 

early-warning score cannot determine insolvency status, filing duties, creditor rights, priority, enforcement or director 

obligations. When an alert suggests financial distress, the playbook should route the matter to appropriately qualified 

legal, restructuring and insolvency professionals. 

9.5 Incident classes 

Incident Example Immediate response Decision owner 

Rights failure Data exposed beyond permitted 
audience 

Revoke access, preserve log, invoke 
incident process Privacy and security 

Source failure Bank feed or report is incomplete Mark stale, suppress affected model, 
request evidence Data owner 
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Incident Example Immediate response Decision owner 

Model failure Calibration or code defect changes risk 
ranking Freeze version, rollback, assess decisions Model owner and credit 

authority 

Alert failure High-severity alert is not routed Manual portfolio sweep and queue repair Operations owner 

Explanation failure Narrative cites unsupported reason Disable generated narrative, retain numeric 
evidence Model owner 

Decision failure Action exceeds delegated authority Escalate, preserve record, remediate 
governance Credit authority 

Vendor failure Service unavailable or terms change Use continuity plan and exit rights Technology and procurement 

 

10. INTERVENTION PLAYBOOKS AND ESCALATION 

10.1 Alerts require bounded actions 

An alert should map to actions the institution can lawfully and contractually take. Possible A3 responses include 

validating data, requesting information, increasing monitoring, reviewing collateral, testing a covenant, discussing a cure, 

considering a waiver or amendment, adjusting a reserve, limiting further drawings, transferring the exposure to a 

specialist team or preparing a committee paper. Each action depends on documentation and authority. 

B4 responses can include accelerating collections, reconciling disputed invoices, revising purchasing, protecting critical 

suppliers, reducing discretionary cash use, preparing a thirteen-week cash forecast, reviewing covenant headroom, 

engaging lenders early, strengthening governance or seeking restructuring advice. A recommendation requires borrower-

specific professional judgement. 

Severity Trigger class Review target Permitted first response Escalation condition 

Information Missing or stale evidence Operations queue Validate and request source Repeated or material gap 

Amber Deterioration without breach Named analyst Context review and 
borrower question 

Confirmed multi-signal 
weakness 

High Material covenant, liquidity or 
collateral concern Senior credit reviewer Focused review and 

committee brief 
Authority or time 
threshold 

Critical Default, fraud, control loss or 
imminent cash interruption 

Credit authority and 
specialists Incident and legal playbook Immediate 

 

Thresholds in this table are categories, not approved T25 policy. The actual policy should define quantitative and 

qualitative triggers, holidays, grace periods, suppression, overrides and maximum unresolved time. 

10.2 Minimum alert record 

An alert record should contain: 

1. alert ID, borrower, facility and portfolio; 

2. generation and expiry time; 

3. outcome horizon and severity; 

4. rule and model versions; 

5. source events with availability time; 

6. feature values, comparators and missingness; 

7. reason codes and uncertainty; 

8. relevant obligation or policy reference; 

9. current and prior alert status; 

10. assigned reviewer and service level; 

11. reviewer assessment and evidence challenge; 

12. override, suppression or escalation rationale; 

13. decision authority and approved action; and 

14. action and outcome timestamps. 
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10.3 Borrower dialogue 

The system should support a focused and fair conversation. A lender can ask for context around a factual pattern rather 

than present a machine conclusion. The alert card should distinguish observed evidence from model interpretation and 

human judgement. The communication record should show what information was requested, what the borrower supplied 

and whether the alert changed. 

10.4 Overrides 

Overrides are information. A reviewer may know about seasonality, a completed refinancing, a disputed invoice, a 

corporate action or a permitted adjustment that the model lacks. The system should record the reason and later outcome. 

High override rates can reveal weak data, poorly segmented thresholds or ineffective review discipline. Override analysis 

should remain separate from performance incentives that could discourage justified challenge. 

11. UNVERIFIED ILLUSTRATIVE MANAGEMENT SCENARIOS 

Every input in this section is an unverified illustrative management assumption. The scenarios demonstrate workflow 

and measurement. They do not describe Matchpoint, a client, a portfolio or an approved business case.  

11.1 Scenario A: A3 portfolio surveillance 

[Unverified illustrative management scenario] An A3 manager has 40 active borrowers and a monitoring team with two 

analysts. Each exposure produces monthly financial data, covenant reports and selected operating information. A pilot 

integrates the obligation register, reporting status and a limited set of validated cash and ratio features. 

[Unverified illustrative management assumption] The team allocates 80 reviewer hours per month to early-warning 

review. The pilot threshold is designed to produce no more than 24 new amber alerts and six high-severity alerts per 

month. These figures are not recommendations. They create a capacity constraint for testing. 

Illustrative input Assumption Verification required before use 

Active borrowers 40 Portfolio system count 

Monthly reviewer capacity 80 hours Time and staffing records 

Amber-alert review time 1.5 hours Observed pilot timing 

High-alert review time 4 hours Observed pilot timing 

Amber alert budget 24 per month Credit-owner approval 

High alert budget 6 per month Credit-owner approval 

 

[Unverified illustrative calculation] The alert budget would consume `24 x 1.5 + 6 x 4 = 60` reviewer hours, leaving 20 

hours for queue management, challenge and incidents. The calculation tests capacity. It does not establish productivity or 

headcount savings. 

The shadow pilot would compare current watchlist decisions with time-correct system outputs. It would record accepted 

alerts, false alarms, missed events, median lead time, reviewer effort, overrides and interventions. Credit decisions would 

continue under the existing process until the live gate is approved. 

11.2 Scenario B: B4 borrower self-monitoring 

[Unverified illustrative management scenario] A family-owned distributor monitors bank balances, weekly collections, 

overdue receivables, inventory, top-customer concentration, supplier terms and facility obligations. The system calculates 

a rolling liquidity buffer and validates the data each morning. 

[Unverified illustrative management assumption] The company defines a management-review signal when the validated 

cash buffer falls below 21 days of committed outflows, collection time exceeds its seasonally adjusted band and a 

covenant forecast shows reduced headroom. The threshold is illustrative. Finance, board and lender documents would 

determine the actual policy. 

The owner-facing evidence card would show the underlying balances, expected receipts, committed outflows, forecast 

version and covenant calculation. An amber signal could trigger invoice-dispute resolution, a revised cash forecast and 

preparation for lender dialogue. It would not trigger an autonomous financing decision. 
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11.3 Scenario C: monitoring operations triage 

[Unverified illustrative management scenario] A data-quality model detects a late borrowing-base certificate and a 

mismatch between currency units in two files. The system suppresses the affected credit score, opens a data incident and 

routes the matter to operations. The issue is resolved before the analyst evaluates credit deterioration. 

This scenario illustrates a central control: poor data can be the first warning while remaining distinct from a borrower-risk 

conclusion. 

11.4 Scenario limits 

The scenarios omit legal documentation, tax, accounting, collateral enforceability, borrower consent, portfolio 

construction, valuation, security architecture and jurisdiction-specific regulation. They contain no approved baseline or 

observed outcome. They cannot support a public claim about savings, revenue, loss prevention or model effectiveness. 

12. PRODUCTIVITY, REVENUE AND LOSS ATTRIBUTION 

12.1 Productivity is measured at the accepted task 

The Topic Tracker hook asks how the technology can multiply productivity and revenue. A credible answer begins with a 

bounded task. Suitable tasks include data collection, covenant extraction, ratio calculation, alert preparation, review 

documentation and committee-pack drafting. Each task requires a baseline time, quality standard, accepted output, 

reviewer effort and observed post-implementation time. 

Measure Formula Required evidence 

Gross hours released Baseline accepted hours minus observed accepted hours Time records for comparable tasks 

Net hours released Gross hours minus added review and exception hours Review and incident records 

Capacity value Net hours used for approved productive work times approved 
rate Finance-approved utilisation and rate 

Cash cost reduction Avoided cash expenditure net of implementation and operating 
cost Ledger and approved counterfactual 

Incremental revenue Collected revenue attributable to released capacity CRM, contract, invoice and collection evidence 

Loss reduction Approved counterfactual loss minus observed loss Credit outcome and causal evidence 

 

The system may improve consistency or control without releasing cash or generating revenue. Time released creates 

capacity. Revenue requires accepted work, a customer, a contract, an invoice, collection and defensible attribution. Loss 

reduction requires a credible counterfactual and evidence that the alert enabled an intervention that changed the outcome. 

 
Figure 6. Evidence-gated productivity and loss bridge 

Source: Matchpoint business-case and attribution framework. 
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12.2 Expected-loss bridge 

A portfolio can calculate expected loss as an analytical measure using probability of default, loss given default and 

exposure at default. A change in a model estimate does not prove a realised loss reduction. An early-warning intervention 

can affect default probability, loss severity or exposure. The effect should be measured with approved definitions and 

suitable evaluation design. 

[Unverified illustrative formula] For exposure `i`, a basic expected-loss expression is `EL_i = PD_i x LGD_i x EAD_i`. 

An intervention analysis could compare approved expected loss before and after an action while preserving model version 

and assumptions. The comparison remains model-dependent. Observed recovery and an approved counterfactual are 

required for attributed loss reduction. 

12.3 Source-bounded external evidence 

Khandani, Kim and Lo report estimated savings within their consumer-credit study [22]. That result is not transferred to 

private credit, GCC SMEs, Matchpoint or a client. Lessmann and co-authors, Brown and Mues, Barboza and co-authors, 

Berg and co-authors, Jagtiani and Lemieux, Sadhwani and co-authors, and Fuster and co-authors provide evidence about 

models and data within their respective samples [19-27]. None establishes a T25 business case. 

12.4 T25 attributed-value register 

Claim class Approved observed T25 evidence supplied Attributed value 

Matchpoint revenue None supplied USD 0 

Client revenue None supplied USD 0 

Matchpoint cash cost reduction None supplied USD 0 

Client cash cost reduction None supplied USD 0 

Matchpoint or client loss reduction None supplied USD 0 

Investment alpha None supplied USD 0 

 

These values should change only after the evidence owner approves the baseline, observation, attribution method and 

result. 

13. NINETY-DAY ADOPTION ROADMAP 

The roadmap is a gated pilot. Timing is an implementation structure, not an assurance that a specific organisation can 

complete each stage within the stated period. 

 
Figure 7. Ninety-day early-warning adoption roadmap 

Source: Matchpoint implementation framework; evaluation and model-risk context [19-21,27-34]. 
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Days 0-15: outcome and authority 

• Select one portfolio or borrower-monitoring use case. 

• Approve outcome definitions and warning horizons. 

• Map A3 or B4 users, reviewers and decision authority. 

• Record legal, contractual, privacy and conflict perimeter. 

• Define baseline workflow, capacity and success criteria. 

• Establish a claims register with attributed value at USD 0. 

Gate 1: the business owner, credit authority and control owners approve the intended use and prohibited uses. 

Days 16-30: data and obligations 

• Create the obligation and reporting register. 

• Inventory source systems, owners, rights and retention. 

• Preserve event and availability time. 

• Define entities, facilities, currencies and units. 

• Profile missingness, revisions and historical coverage. 

• Reconstruct labels independently from model inputs. 

Gate 2: critical sources are traceable, authorised and suitable for the stated outcome. 

Days 31-45: baseline 

• Implement data-quality and contractual rules. 

• Build a transparent statistical baseline. 

• Establish cohort, train, validation and out-of-time splits. 

• Measure discrimination, calibration, lead time and alert burden. 

• Create the evidence-card prototype. 

• Document limitations and uncertainty. 

Gate 3: complexity is deferred unless it provides a material and explainable improvement over the baseline. 

Days 46-60: independent validation 

• Reproduce features and scores. 

• Challenge leakage, cohort selection and missingness. 

• Test calibration, thresholds, segments and stress periods. 

• Test explanations, reason stability and override capture. 

• Review privacy, security, residency and vendor controls. 

• Simulate source, model and alert-routing failures. 

Gate 4: material findings are resolved, accepted with controls or cause the pilot to stop. 

Days 61-75: shadow operation 

• Run the system without changing existing credit decisions. 

• Compare alerts with analyst and committee outcomes. 

• Measure queue size, review time, acceptance and lead time. 

• Capture borrower context, overrides and missed events. 

• Exercise playbooks and incident processes. 

• Review whether the evidence card supports proportionate dialogue. 

Gate 5: operational capacity, authority and failure handling are proven in the agreed scope. 

Days 76-90: controlled live gate 

• Approve model, rules, thresholds and monitoring schedule. 

• Define live scope, user groups and prohibited automation. 

• Establish rollback, manual fallback and kill switch. 
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• Train reviewers and decision-makers. 

• Activate outcome and intervention recording. 

• Approve public and internal claims based on observed evidence only. 

Gate 6: named authorities approve controlled live use. The system remains subject to ongoing monitoring, validation and 

incident response. 

14. CLAIMS REGISTER AND LIMITATIONS 

14.1 Permitted and unsupported claims 

Claim Evidence status Permitted wording 

AI can combine multiple time-stamped credit signals Supported by architecture and literature Describe capability and controls 

Machine-learning methods can improve prediction in 
some studied settings Supported within cited studies [19-27] Preserve population and metric context 

Alternative data can complement traditional data in 
studied settings Supported within cited studies [22-24] Preserve consent, population and limits 

The T25 system prevents defaults No approved evidence Do not claim 

The T25 system guarantees earlier recovery No approved evidence Do not claim 

Matchpoint or a client saved cash or generated revenue No approved evidence Attributed value remains USD 0 

The system makes autonomous credit decisions Outside intended use Do not claim 

One model satisfies all GCC legal and regulatory duties Unsupported Require activity and jurisdiction analysis 

 

14.2 Empirical limitations 

Private-credit data can be sparse, heterogeneous and selectively observed. Contract terms vary. Defaults are rare and 

influenced by interventions. Recoveries mature slowly. Portfolio construction changes over time. A model trained on one 

geography, sector or product can perform poorly elsewhere. External studies can support methods and hypotheses while 

local validation determines fitness for use. 

14.3 Operational limitations 

The architecture depends on data rights, source continuity, correct entity mapping, reviewer capacity and decision 

discipline. A missing feed, incorrect unit or stale obligation can distort results. Alert fatigue can weaken response. Human 

overrides can correct context and introduce inconsistency. Governance must measure both model and human process. 

14.4 Legal and regulatory limitations 

Credit, privacy, insolvency, consumer, employment, sanctions, outsourcing and AI obligations depend on activity and 

jurisdiction. The paper does not determine legal status or regulatory perimeter. CBUAE, DIFC, ADGM, UAE federal, 

Basel, EBA, Federal Reserve, NIST and IOSCO sources carry different authority and applicability [1-8,35-40]. 

14.5 Causal limitations 

Prediction identifies association. An intervention can change an outcome and the later training data. Attributing prevented 

loss requires a credible counterfactual, treatment record and approved methodology. A higher score does not prove that a 

specific action should be taken. 

15. CONCLUSION 

AI can make credit monitoring more timely and consistent when it is embedded in a governed signal-to-intervention 

system. The durable capability is the traceable chain from authorised evidence through event time, features, rules, models, 

alerts, review, authority, action and outcome. 

A3 private-credit funds can use that chain to improve portfolio surveillance, covenant management, watchlist discipline 

and specialist escalation. B4 GCC SME and family-business owners can use related signals to understand liquidity, 

collections, concentration and obligations earlier. Shared signal logic does not merge data rights or decision authority. 

The implementation sequence should begin with outcome definitions, contractual obligations, data rights, time-correct 

records and transparent baselines. Complex models should earn their place through comparative evidence. The release 

gate should measure calibration, lead time, alert burden, stability, segments, explanations, overrides and actionability. 

Human credit and borrower authority remain explicit. 
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The commercial case should follow the same evidence discipline. Released time is capacity until it is used. Revenue is 

attributed after contract, collection and causal evidence. Loss reduction is attributed after an approved counterfactual and 

observed outcome. For T25, attributed Matchpoint or client revenue, cash cost reduction, loss reduction and alpha remain 

USD 0. 
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APPENDIX A. ASSUMPTIONS AND EVIDENCE REGISTER 
Item Status in T25 Required approval or evidence 

Topic, ICPs, hook, visuals and length Verified from Topic Tracker row 126 Tracker authority 
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Item Status in T25 Required approval or evidence 

Author Matchpoint Partners; named-person attribution pending CK 
approval CK approval 

Worked portfolio and borrower inputs Unverified illustrative management assumptions Portfolio, finance and borrower evidence 

Alert thresholds Unverified illustrative management assumptions Credit-owner approval and validation 

Productivity No approved observed T25 evidence Accepted time and quality records 

Revenue No approved observed T25 evidence Contract, invoice, collection and attribution 

Cash cost reduction No approved observed T25 evidence Ledger and approved counterfactual 

Loss reduction No approved observed T25 evidence Outcome and causal evidence 

Alpha No approved observed T25 evidence Portfolio methodology and approved results 

 

APPENDIX B. MINIMUM MODEL AND EVALUATION SET 
1. Intended use, users, prohibited uses and decision authority. 
2. Outcome definition, horizon, cohort and confirmation process. 
3. Source rights, event time, availability time, lineage and quality. 
4. Feature definitions, calculations, missingness and revisions. 
5. Baseline, candidate models and comparative results. 
6. Train, validation, out-of-time and stress-period design. 
7. Discrimination, precision, recall, calibration and uncertainty. 
8. Lead time, alert burden, reviewer capacity and actionability. 
9. Segment, fairness, explanation and reason-stability tests. 
10. Implementation verification, security and resilience evidence. 
11. Ongoing drift, outcome, override and incident monitoring. 
12. Independent validation findings, limitations and approval. 

APPENDIX C. EARLY-WARNING REVIEW CHECKLIST 
• Confirm borrower, facility, group and source identity. 
• Confirm the source was authorised and available at the recorded time. 
• Inspect missing, revised, conflicted and stale inputs. 
• Review contractual definitions and current waiver state. 
• Compare current value with origin, prior period, budget and seasonal baseline. 
• Inspect reason codes, uncertainty and correlated features. 
• Check related obligations, collateral, guarantors and concentration. 
• Record borrower context and supporting evidence. 
• Challenge the alert and document any override. 
• Select only actions within current authority. 
• Route legal, accounting, restructuring or insolvency questions to specialists. 
• Record decision, action owner, deadline and communication. 
• Revisit the alert after the outcome window. 

APPENDIX D. GLOSSARY 
Term Meaning in this paper 

AI Statistical or computational methods used for prediction, extraction, anomaly detection or language assistance 

Alert A routed, expiring request for human review supported by evidence 

Availability time The first time an authorised actor or system could know an observation 

Brier score Mean squared difference between predicted probability and binary outcome 

Calibration Agreement between predicted probabilities and observed outcome frequencies 

Concept drift Change in the relationship between model inputs and outcomes 

Covenant headroom Distance between a calculated covenant measure and its applicable threshold 

EAD Exposure at default under the relevant approved definition 

ECL Expected credit loss under the relevant accounting or analytical definition 

Event time Time when the underlying economic or contractual event occurred 

Human review Accountable assessment of evidence, context, authority and response 

LGD Loss given default under the relevant approved definition 

Model risk Risk of adverse consequences from incorrect or misused model outputs 

PD Probability of default for a defined outcome and horizon 

PR-AUC Area under the precision-recall curve 

SICR Significant increase in credit risk under the relevant accounting and policy framework 

 


