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Abstract—Lenders need to identify MSME repayment stress early, but review teams can contact or investigate only a limited share 

of accounts at a time. This paper proposes a budget-constrained warning queue that ranks accounts by calibrated short-horizon stress 

risk and, when validated loss and review-cost estimates exist, by expected loss per unit of review effort. The design combines 

logistic and gradient-boosted baselines, time-ordered testing, feature and outcome drift monitoring, and an uncertainty route for 

cases that should not receive a confident model-led ranking. The target is a pre-defined event such as a transition to 30+ days past 

due; regulatory SMA status is analyzed separately. We specify the data, leakage controls, budgeted metrics, ablations, and 

operational checks needed to evaluate the framework. No lender dataset or model outputs were available for this draft, so the Results 

section defines a reporting protocol rather than claiming measured performance. The study’s contribution is a testable evaluation 

design for deciding whether drift and uncertainty controls improve the cases surfaced within a fixed MSME review capacity. 

Index Terms—MSME credit risk, early-warning system, concept drift, risk ranking, uncertainty estimation, selective prediction, 

review-budget allocation. 

I. INTRODUCTION 

A credit officer reviewing an MSME portfolio faces a practical 

constraint: warning signals may arrive in many accounts, but 

the team can investigate only a limited number before the next 

reporting cycle. MSME accounts also differ from large 

corporate exposures. Cash flows can be seasonal, audited 

statements may be sparse, and a delayed payment may reflect 

either temporary working-capital pressure or a deeper 

deterioration. A useful early-warning model must therefore 

rank cases for follow-up, not simply classify every account as 

“safe” or “distressed.” 

RBI guidance already calls for early identification of incipient 

stress and provides special-mention categories for overdue 

accounts [1], [2]. The proposed model is intended to sit before 

and alongside these established processes: it can bring a case to 

an officer’s attention, but it cannot assign a regulatory status or 

determine the corrective action. RBI’s June 2025 Financial 

Stability Report recorded a fall in scheduled commercial banks’ 

MSME gross NPA ratio from 4.5% in March 2024 to 3.6% in 

March 2025, with SMA-2 also moderating [3]. Portfolio-level 

improvement makes timely, account-level monitoring more 

relevant, not less. 

The credit-scoring literature offers no universally best 

classifier. Comparative studies show that the ranking of 

methods changes with the dataset and evaluation measure [4], 

while bankruptcy-prediction studies report useful results from 

machine-learning models without removing the need for careful 

validation [5]. For an operating MSME portfolio, a further 

problem is time: borrower mix, payment behavior, and business 

conditions change, so yesterday’s probability estimates may no 

longer be reliable. Drift research provides ways to monitor such 

change [6], [7], but it does not by itself answer which accounts 

a constrained field team should review first. 

This study is organized around a lender’s monthly decision: 

given capacity to review K accounts, which K should be 

investigated, and how dependable is that ordering? The 

proposed framework estimates the probability of a defined 

stress event, adjusts that estimate for calibration and observed 

drift, and reserves a route for cases where the model has weak 

support. Its output is a review list for an officer; it is not an 

automated credit decision. 

A. Contributions 

The framework contributes four linked design choices. It 

evaluates ranking at the institution’s actual review capacity, 

using precision@K, recall@K, and loss captured rather than 

relying on whole-portfolio AUC alone. It keeps predicted risk 

separate from confidence in that prediction, so an uncertain case 

can be referred for verification. It treats drift as a monitored 

process with delayed outcomes: feature shifts can be seen 

immediately, while changes in predictive quality can only be 

assessed after labels mature. Finally, it specifies a chronological 

test protocol and ablations that can determine whether these 

additions improve the review queue over existing practice. 

B. Scope and target definition 

For account i at month t, define Y(i,t,h)=1 when a pre-agreed 

stress event occurs within h months. The primary outcome 

could be the first transition from performing status to 30+ days 

past due; RBI special-mention status can be reported as a 

separate secondary outcome. The lender must set the event rule, 

cure period, restructuring treatment, write-off treatment, and 

handling of closed accounts before model fitting. “Stress” 

should not combine delinquency, fraud, default, and insolvency 

into a single label. 
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II. RELATED WORK 

A. Credit-risk prediction for smaller firms 

Lessmann et al. compared credit-scoring classifiers across 

several datasets and showed why benchmark results must be 

interpreted in context [4]. Barboza et al. examined machine-

learning models for bankruptcy prediction [5]. More directly, 

Bitetto et al. studied credit risk in small firms using invoice-

lending data and found that advanced models can help when 

lenders have limited information; they also examined the 

factors behind model predictions [8]. These findings support 

comparing a transparent logistic model with a boosted-tree 

model, while leaving the choice to time-ordered evidence from 

the lender’s own portfolio. 

B. Temporal change and adaptation 

A monitoring system needs to separate two events: the data 

arriving at the lender have changed, or the connection between 

those data and later stress has changed. The first can be 

observed before outcomes mature; the second requires labels. 

Gama et al. survey methods for detecting and adapting to 

concept drift [6], and Bifet and Gavaldà’s ADWIN method 

adapts its window as a monitored stream changes [7]. Earlier 

financial-distress research also studied dynamic models under 

drift [9]. In credit operations, however, labels are delayed by the 

outcome horizon, so a change in input distributions must not be 

treated as proof that model performance has failed. 

C. Calibration, selective prediction, and review capacity 

A ranking can be useful even when its probabilities are wrong, 

but decisions about review thresholds and expected loss depend 

on the probabilities themselves. Beta calibration is one method 

for mapping classifier scores to better-calibrated probabilities 

using a separate calibration sample [10]. Selective classification 

adds a reject option for predictions judged uncertain; Pugnana 

and Ruggieri examine the trade-off using ranking measures 

such as AUC [11]. The design here tests these ideas at the queue 

level: how many events are found within K reviews, what is the 

workload of uncertain cases, and do the probabilities remain 

reliable across test months? 

D. Research gap 

The research gap is operational rather than a claim that drift 

detection or calibration is new. Existing studies address credit 

scoring, temporal adaptation, calibration, or selective prediction 

separately. This paper joins them around a fixed review 

capacity and specifies how to test the combined queue 

chronologically. Whether the combination improves MSME 

early warning remains an empirical question. 

III. METHODOLOGY 

A. Data unit, labels, and point-in-time features 

The unit of analysis is a borrower-account-month snapshot. A 

suitable study requires de-identified monthly snapshots over 

enough calendar time to include multiple economic and lending 

conditions, with a unique borrower key for grouped splitting. 

Candidate point-in-time features include days past due and 

payment transitions; utilization and limit changes; repayment 

regularity; returned payments; cash-flow or statement 

summaries where lawful; account age; exposure and repayment 

burden; sector, geography, enterprise-size class, and product; 

and prior restructuring or relief events. Features must be 

available as of the prediction date. Post-event flags, later 

statements, and retrospectively updated values are excluded to 

prevent leakage. 

The primary horizon h should be chosen with credit operations 

(e.g., 3 or 6 months) and frozen before analysis. Overlapping 

snapshots require borrower-grouped confidence intervals or 

non-overlapping landmark windows. Censored observations 

are excluded or handled with a pre-specified survival method. 

Missingness indicators are retained where absence itself may 

carry process information; imputation parameters are fitted on 

training folds only. Personally identifying attributes are 

excluded from predictors and protected in a governed audit 

dataset. 

B. Predictive and uncertainty layers 

Let x(i,t) denote the point-in-time feature vector for account i 

and let fθ(x) produce a raw risk score. The baseline is 

regularized logistic regression; the nonlinear candidate is 

gradient-boosted trees. Both are trained with identical time 

splits and feature availability. Class weighting may be selected 

within training data, but the reported probabilities are 

recalibrated on a later, disjoint calibration window. Beta 

calibration is a candidate map gφ(fθ(x)) yielding 

p(i,t)=gφ(fθ(x)) [10]. Calibration is evaluated without 

resampling the test period. 

Uncertainty is estimated using a small ensemble of models fit 

on temporally blocked bootstrap samples. Let p̄ be the ensemble 

mean and u the dispersion of member probabilities. A separate 

shift score d(x) can combine population stability or a distance-

to-training measure. The abstention score q=λu+(1−λ)d is 

standardized on the calibration window. Accounts above a pre-

registered uncertainty threshold are marked “review—low 

confidence”; they are not silently assigned a trustworthy rank. 

As a sensitivity analysis, compare ensemble dispersion with a 

conformal or selective-prediction strategy [11], [12]. 

C. Drift-aware monitoring 

Two monitoring channels are maintained. An unlabeled channel 

tracks feature and score distributions monthly using population 

stability index, Jensen–Shannon divergence, and segment-

specific missingness. A labeled channel, activated only when 

outcomes mature, tracks calibration error, Brier score, log loss, 

and top-B recall on the latest completed cohort. An ADWIN-

style detector may be applied to a bounded stream of loss or 

calibration residuals [7]. Thresholds are set using 

training/validation history and an explicit false-alarm policy; 

they are not tuned on final test outcomes. 

A detected shift triggers a graduated response: (i) verify data 

pipeline and coding; (ii) inspect affected segments and 

explanations; (iii) increase manual review for low-confidence 
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cases; (iv) recalibrate if ranking remains stable but probabilities 

drift; or (v) retrain after sufficient mature labels and 

independent validation. Each model version, alarm, override, 

and decision is logged. Retraining is not automatic upon a single 

population-shift alarm, since benign seasonality may alter 

feature distributions without changing event risk. 

D. Budgeted ranking and decision rule 

Let c(i) be the estimated review cost and L(i) the avoidable loss 

if an actionable stress event is missed. For a fixed human-

review budget K, define priority s(i)=p(i)L(i)/c(i). If reliable 

account-level loss estimates are unavailable, rank by calibrated 

p(i) and report that this is a proxy. Select the top K eligible 

accounts, subject to operational exclusions and a protected 

uncertainty route. Report results for budgets B∈{1%, 2%, 5%, 

10%} of active accounts or the lender’s actual capacity. To 

avoid double-counting, uncertain accounts consume the same 

review budget unless the lender has a separate specialist queue. 

E. Experimental design and measures 

Use expanding-window validation: train on earlier periods, 

calibrate on the next period, and test on the subsequent period; 

roll this sequence forward. The final period remains untouched 

until design choices are frozen. Baselines are (1) current policy 

score, if available; (2) logistic regression; (3) static gradient 

boosting; (4) recency-weighted boosting without drift alarms; 

and (5) the full framework. Include ablations removing 

calibration, uncertainty routing, or drift response. Handle 

imbalance through training-only weighting; do not use random 

oversampling across time. 

For a test cohort, let N be the eligible accounts, P the observed 

stress events, K the reviewed accounts, S_K the selected top-K 

set, y_i∈{0,1} the event label, and p_i the calibrated predicted 

probability. Let TP_K=Σ_{i∈S_K} y_i and prevalence π=P/N. 

The primary budgeted ranking measures are: 

Precision@K = TP_K / K     (1) 
Recall@K = TP_K / P     (2) 

Lift@K = Precision@K / π,     where π = P / N     (3) 

Probability quality is assessed on all eligible test accounts, not 

only the reviewed queue. The Brier score and binary log loss 

are: 

Brier = (1/N) Σᵢ₌₁ᴺ (pᵢ − yᵢ)²     (4) 
LogLoss = −(1/N) Σᵢ₌₁ᴺ [yᵢ ln(pᵢ) + (1−yᵢ) ln(1−pᵢ)]     (5) 

For expected calibration error, divide predictions into M bins. 

In bin b, n_b is the account count, acc(b) the observed event 

fraction, and conf(b) the mean predicted probability: 

ECE = Σᵦ₌₁ᴹ (nᵦ/N) |acc(b) − conf(b)|     (6) 

If validated realized loss L_i is available for each event, loss 

capture at budget K is the share of total realized event loss 

among the reviewed accounts. It measures ranking of observed 

loss and does not by itself estimate the causal benefit of 

intervention: 

LossCapture@K = [Σᵢ∈Sₖ yᵢ Lᵢ] / [Σᵢ₌₁ᴺ yᵢ Lᵢ]     (7) 

Calibration slope and intercept are estimated by logistic 

regression of outcomes on the logit of predicted probabilities; 

ideal values are intercept α=0 and slope β=1: 

logit Pr(Yᵢ=1 | pᵢ) = α + β logit(pᵢ)     (8) 

Secondary measures include PR-AUC, ROC-AUC, abstention 

rate and model coverage, false alarms per month, and average 

workload. Confidence intervals are clustered by borrower and 

resampled by test month; paired temporal folds are compared. 

Report the positive-event count and metric denominator for 

every test window. Do not claim improvement from a single 

split. 

F. Governance and safeguards 

The system is a prioritization aid. A trained officer checks 

underlying facts and contacts borrowers through existing policy 

before corrective action. No adverse credit action is made solely 

from the score. Validate performance by enterprise size, 

geography, sector, gender of proprietor where lawful and 

appropriate, and other permitted groups; investigate disparities 

and missing-data effects. Restrict access, retain only necessary 

features, document purpose and retention, and obtain lender 

legal, compliance, and model-risk approval before deployment. 

Data minimization and applicable privacy, banking, and fair-

lending requirements remain controlling. 

G. Reproducible training and queue construction 

The training pipeline follows a strict temporal order. First, an 

eligible snapshot date is selected and the outcome window is 

checked for complete follow-up. Second, all preprocessing is 

fitted using the training interval only. Third, candidate models 

are selected using an inner rolling validation loop. Fourth, the 

selected model is refit on the permitted training interval, 

calibrated on a chronologically later calibration interval, and 

frozen before testing. Fifth, each account receives a probability, 

uncertainty value, drift flag, and reason codes. Finally, eligible 

accounts are ordered by priority and the top K are selected. The 

order and tie-breaking rule are deterministic, with ties resolved 

using a stable account hash rather than an outcome-related field. 

To prevent train-test contamination, duplicate monthly 

observations for a borrower must not be treated as independent 

random examples. A borrower may appear in multiple historical 

training months, but test months must occur strictly after 

training and calibration dates. Where the deployment question 

concerns unseen firms, a separate borrower-disjoint sensitivity 

test is required. Where it concerns monitoring existing 

customers, chronological borrower overlap is appropriate, 

provided features are point-in-time correct. These two 

estimands answer different operational questions and should 

not be conflated. 

H. Feature governance and explanation 

The initial feature set should favor stable, interpretable 

aggregates over opaque high-frequency signals. For transaction 

or cash-flow data, candidate summaries include rolling 

inflow/outflow trend, inflow volatility, concentration of top 
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payers, and the ratio of scheduled debt service to observed 

operating inflow. These variables require lender validation and 

must not be derived from post-cutoff transactions. Categorical 

sector or region values should be grouped according to a 

documented taxonomy, and rare categories should be pooled 

using training data only. Every feature needs a name, definition, 

source system, frequency, availability timestamp, missingness 

rate, owner, and permitted use. 

For each alert, the interface should expose the event horizon, 

estimated probability, uncertainty band or flag, main 

contributing factors, recent change from the account’s own 

history, and recommended next review step. SHAP-style 

feature attributions may summarize model behavior, but they do 

not establish causality and should be checked for stability 

across time. A reason code should map to an observable record 

or ratio so that an officer can verify it with the borrower. Model 

explanations must not be presented as a definitive account of 

why a firm is distressed. 

I. Operational interpretation of the budget 

A review budget may be stated as a daily or monthly capacity 

rather than a fixed percentage. In that case, K is the number of 

accounts that the operations team can investigate within the 

decision window. If review costs vary substantially, a knapsack 

formulation can select accounts maximizing expected value 

subject to total review hours H: maximize the sum of 

p(i)L(i)z(i), subject to the sum of c(i)z(i)≤H and z(i)∈{0,1}. 

This optimization should only be used when loss and 

intervention-effect estimates are defensible. Otherwise, a 

transparent top-K ranking is preferable and easier to audit. 

The queue should preserve a small exploration component only 

if approved by the lender’s model-risk process, so that low-

ranked accounts can be sampled for outcome and fairness 

monitoring. That sample is excluded from the operational top-

K outcome comparison or separately accounted for. Officer 

overrides should record the pre-review score, override 

direction, reason, evidence considered, and eventual outcome. 

These records support future validation but should not be used 

as labels without careful treatment of selection bias: reviewed 

borrowers receive attention precisely because the model ranked 

them highly. 

J. Metric definitions 

The notation in (1)–(8) is used consistently for every test 

window and review budget. For selective prediction, let U be 

the set routed to abstention and M the number of tested months. 

Let FP_t denote false-positive alerts in month t, and let c_i be 

the recorded review cost for selected account i. Report the 

abstention and monthly alert burden as: 

AbstentionRate = |U| / N;     ModelCoverage = 1 − |U| / N     (9) 
EventRate_U = (Σᵢ∈U yᵢ) / |U|     (10) 

FalseAlarmsPerMonth = (Σₜ₌₁ᴹ FPₜ) / M     (11) 
MeanReviewCost = (Σᵢ∈Sₖ cᵢ) / M     (12) 

PR-AUC summarizes the precision–recall curve over 

thresholds; it must be reported with event prevalence because 

its baseline depends on prevalence: 

PR-AUC = ∫₀¹ Precision(r) dr     (13) 

For expected calibration error, disclose the number and 

construction of bins and provide a reliability plot; ECE changes 

with binning. Calibration slope and intercept are estimated from 

logit outcomes versus logit predictions as in (8); the ideal values 

are α=0 and β=1. Confidence intervals are computed by 

resampling test months and borrowers within months, 

preserving temporal clustering as far as the sample allows. 

Report event counts and denominators for every segment. 

These metrics are diagnostics; thresholds and model choices 

must not be retuned on the final test set. 

K. Deployment gates 

Before a pilot, the lender should define the minimum useful 

recall or lift at capacity, the maximum acceptable calibration 

error, the review response time, the policy for uncertainty cases, 

and the rollback trigger. Shadow testing should compare model 

queues with existing processes without changing borrower 

treatment. A limited pilot can then assess alert precision, time-

to-contact, officer workload, override reasons, false-alert 

burden, and whether interventions lead to appropriate 

resolution. A model that ranks well but creates unmanageable 

workload, unstable alerts, or unexplained segment disparities 

fails the deployment objective. 

L. Target construction and observation bias 

The event definition controls the scientific meaning of every 

reported metric. The primary label should be derived from 

servicing records using an auditable rule and a frozen 

observation cutoff. If the lender chooses 30+ days past due as 

an outcome, the label should identify the first qualifying event 

and distinguish it from technical reversals or data corrections. 

SMA status, restructuring, missed covenant, and NPA status 

can be evaluated as separate outcomes rather than collapsed into 

an ambiguous “stress” label. The analysis should also state 

whether accounts that close, refinance, are sold, or enter 

restructuring before horizon h are censored, treated as events, 

or treated as competing risks. 

Historical review and intervention create selective labels. 

Accounts previously contacted by officers may have had stress 

prevented, while unreviewed accounts may lack equally 

detailed records. A model trained naively on such data can learn 

past review policy as if it were underlying borrower risk. The 

study should therefore document historical policy changes and 

review coverage, stratify results by prior intervention, and, 

where feasible, use a prospective shadow period or randomized 

audit sample to observe outcomes across risk strata. Any 

inverse-propensity or causal correction should be reported as a 

sensitivity analysis with its assumptions, not as a substitute for 

better data collection. 
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M. Training objective and imbalance 

The primary objective is ranking future events rather than 

maximizing overall accuracy. For the logistic baseline, 

optimize regularized binary cross-entropy on training data. For 

boosted trees, use a proper probabilistic loss or a ranking 

objective followed by independent calibration. Class weights 

are estimated from training prevalence and fixed before each 

evaluation window. Synthetic minority oversampling is not 

applied to the test data and is avoided for temporal sequences 

unless a leakage-safe design is justified. Threshold selection is 

performed only on training/validation periods and is 

subordinate to the operational top-K policy. 

When stress events are rare, accuracy can remain high even if 

nearly all events are missed. The paper therefore reports 

prevalence next to PR-AUC and top-K retrieval. In addition to 

pooled metrics, performance is tabulated by calendar quarter 

and major borrower segments. A model with high pooled recall 

but a complete failure in one sector should not be described as 

robust. The number of positive outcomes in each cell is always 

shown; small cells receive intervals and are not overinterpreted. 

N. Choosing and validating drift signals 

Feature drift is not necessarily predictive drift. A rise in sales 

volatility, for example, may be seasonal and harmless, while a 

stable feature distribution can coexist with a changed 

relationship between cash-flow decline and delinquency. For 

this reason, the unlabeled monitor is an early diagnostic and the 

mature-label monitor is the performance test. Each signal has a 

reference window, update frequency, minimum sample size, 

severity threshold, and named owner. Reference windows are 

refreshed only under documented governance to avoid 

gradually redefining abnormality as normal. 

A drift study should use historically held-out periods containing 

naturally occurring changes where possible. If these are 

insufficient, controlled perturbations can test pipeline 

sensitivity (for example, changes in missingness or scale), but 

simulated perturbations must be reported separately from 

observed market-period results. Report detection delay, false-

alarm rate, missed material degradation, and the time needed for 

a model update to restore calibration. These measures make 

drift detection comparable as an operational mechanism rather 

than a binary feature checkbox. 

O. Uncertainty and manual routing 

Ensemble disagreement is a practical proxy for epistemic 

uncertainty, not a guarantee of correctness. A model may be 

confidently wrong under a new regime, so uncertainty is 

interpreted together with drift and data-quality checks. The 

system should distinguish at least three states: routine ranked 

alert, high predicted risk with usable confidence, and low-

confidence or out-of-support observation. The third state calls 

for information verification or specialist review; it should not 

automatically be treated as either safe or distressed. 

The abstention threshold is selected on a calibration period to 

meet a pre-declared workload and risk-coverage target. Risk-

coverage curves plot error or event capture against the fraction 

of cases assigned a model-led ranking. Results should be given 

for multiple thresholds and compared with random abstention. 

Where the institution needs a single prioritized queue, low-

confidence cases can be placed in a reserved review band and 

their capacity cost counted explicitly. This prevents uncertainty 

routing from appearing to improve predictive performance 

merely by removing difficult cases from the denominator. 

P. Reporting reproducibility 

For replication, the study record should include data cut dates, 

eligibility criteria, event prevalence, horizon, feature-

generation code version, missingness treatment, model 

hyperparameters, random seeds, calibration method, drift 

thresholds, review budgets, and metric definitions. The 

borrower-level data need not be published; a data dictionary, 

synthetic schema, and executable evaluation code can still be 

shared where policy permits. Model artifacts and code should 

be versioned so that a reviewer can reproduce each rolling split 

and each reported queue. 

The manuscript should disclose funding, lender participation, 

conflicts of interest, and whether authors had access to raw 

servicing data. Results should distinguish model performance 

from intervention impact: a high-risk list can identify accounts 

likely to deteriorate, but only a controlled operational study can 

show whether outreach improves repayment or business 

continuity. The evaluation should also track whether false alerts 

cause unnecessary borrower burden, and whether missed alerts 

delay access to restructuring or support. 

Q. End-to-end alert procedure 

The monthly scoring cycle is specified as follows. Input: 

eligible active accounts A(t), fitted model fθ, calibration map 

gφ, uncertainty threshold τu, drift policy D, and review capacity 

K. (1) Validate the monthly extract against schema, freshness, 

duplicate, and missingness checks; quarantine invalid records. 

(2) Build point-in-time features using only information 

timestamped on or before t. (3) Compute calibrated event 

probabilities p(i,t), ensemble dispersion u(i,t), and feature-shift 

score d(i,t). (4) Apply the drift policy: if population shift is 

material, preserve the prior model version, flag affected 

accounts, and route low-confidence observations for 

verification; do not silently replace the model. (5) Compute 

priority s(i)=p(i,t)L(i)/c(i), or p(i,t) when validated L and c are 

unavailable. (6) Create the top-K queue subject to eligibility and 

review rules, counting uncertainty referrals against the stated 

capacity. (7) Attach the event horizon, uncertainty state, reason 

codes, and source timestamps to each alert. (8) Store the scored 

cohort, model version, selected queue, exclusions, and review 

outcomes in an immutable audit log. (9) When labels mature, 

compute monthly and subgroup metrics and evaluate whether 

an approved recalibration or retraining gate has been reached. 
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The procedure deliberately separates a warning from an 

intervention. A high score causes a timely review under the 

lender’s existing process; the officer confirms data, asks about 

relevant business conditions, and documents a proportionate 

next step. A low score does not certify that the borrower is safe. 

If the lender learns that the account data are stale or incomplete, 

the case is marked for data repair and is not presented as a 

confident model assessment. Queue-level monitoring should 

report the fraction of records excluded, delayed, manually 

overridden, or routed as uncertain, as these operational 

outcomes affect the effective review capacity. 

IV. RESULTS 

A. Evidence status 

This manuscript defines a study protocol; it does not report a 

completed lender experiment. No anonymized account-month 

records, label specification, or executed model outputs were 

available for analysis. Accordingly, no AUC, recall, calibration 

score, workload reduction, or loss-saving estimate is claimed. 

The reporting table below identifies the evidence to report once 

an authorized dataset and a frozen evaluation design are in 

place. 

B. Required reporting table 

Evaluation item Required reporting 

Temporal holdout Dates; borrower and event counts; 

prevalence 
Budgeted retrieval Precision@K, recall@K, and lift@K for 

each K 
Probability quality Brier score, log loss, ECE, calibration 

slope 
Uncertainty route Abstention rate and event rate among 

abstained cases 
Drift response Alarm dates, false alarms, recovery after 

recalibration 
Subgroup analysis Metrics and uncertainty intervals by 

segment 

C. Hypotheses and acceptance criteria 

H1: At the same K, the full model captures more future stress 

events than the current-policy and static-model baselines on 

multiple chronological test windows. H2: recalibration reduces 

Brier score and calibration error after observed prevalence or 

covariate change without materially reducing ranking quality. 

H3: uncertainty routing concentrates a higher event rate among 

abstained cases than the overall portfolio, while keeping the 

additional review load within budget. H4: the drift-response 

policy reduces the duration of material calibration degradation 

compared with a static model. Each hypothesis is evaluated 

with paired, month-clustered intervals and a pre-specified 

minimum operational effect chosen with the lender. Statistical 

significance alone is insufficient. 

A result table should include point estimates and 95% intervals, 

sample counts, number of stress events, test months, and the 

exact denominator used for each metric. For instance, recall@K 

is the share of all observed events captured among the K 

reviewed accounts; precision@K is the event proportion among 

those K. PR-AUC is prevalence-sensitive and should be read 

with the event rate. Expected loss captured requires validated 

loss and intervention-effect assumptions; absent these, it must 

not be presented as monetary benefit. 

D. Robustness and error analysis 

The final evaluation should vary the stress horizon, budget, 

calibration window, uncertainty threshold, and drift threshold. 

Examine false negatives by subsector and event lead time, and 

false positives that arise from seasonal working-capital needs or 

one-off payment delays. Conduct a temporal permutation check 

and a label-leakage audit. Compare predicted-risk distributions 

before and after each shift alarm, and assess whether officer 

overrides add useful information. If results are unstable across 

months, the correct conclusion is that the model is not yet 

reliable for operational use. 

V. CONCLUSION 

The proposed framework turns a model score into a capacity-

limited MSME review queue. It combines a short-horizon stress 

probability with calibration checks, drift monitoring, and a 

route for uncertain cases. Its operational purpose is narrow: help 

officers decide which accounts to investigate within the time 

available, while keeping regulatory classification and borrower 

treatment under established lender processes. 

The central claim still needs to be tested on chronological data 

from a lender: at the same review capacity, does drift-aware 

ranking capture more future stress events, and does uncertainty 

routing identify cases that need additional examination? The 

present manuscript provides the target definitions, formulas, 

baselines, and reporting plan for that test. The next study should 

use more than one lender or product where possible, then 

evaluate not only prediction quality but also whether timely 

outreach supports successful rectification or restructuring. 
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