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Abstract

Risk systems must decide not only which cases are high risk, but also which cases deserve scarce
human review. This paper studies a budgeted triage policy that combines calibrated risk scores,
uncertainty, subgroup safeguards, and a fixed review capacity. A deterministic synthetic
simulation represents clinical and financial decision streams with different base rates, asymmetric
error costs, and institution-level distribution shifts. It compares fixed-threshold automation,
uncertainty-only referral, cost-sensitive referral, and a privacy-budgeted fairness-aware policy.
The simulated results show that review allocation based on expected avoidable harm captures more
high-cost errors than a score-only queue under the same capacity, while explicit group caps prevent
one subgroup from absorbing disproportionate deferrals. Stronger privacy noise reduces ranking
resolution and can lower review yield, especially in small sites. The numerical results are generated
by the stated simulator and are not estimates from patient or applicant data. The paper contributes
a decision protocol that treats review capacity, privacy expenditure, calibration, and group-specific
queue burden as coupled constraints.

Keywords: human review; risk triage; differential privacy; calibration; fairness; clinical
decision support; credit assessment

1. Introduction

1.1. Risk Scores and Limited Review Capacity

Many decision systems generate more alerts than a human team can inspect. A clinical service
may need to prioritize uncertain deterioration alerts, while a financial team may need to review
suspicious transactions or borderline applications. The common operational question is not simply
whether a model ranks cases accurately. It is how to allocate a fixed number of reviews so that
review effort reduces expected harm without creating an unmanageable queue or concentrating
delays in one population.
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A score-only policy sends the highest predicted risks to review. This is simple, but it can
waste capacity when the score is already well calibrated and the likely action is unchanged. It can
also miss uncertain low-frequency events when the model is overconfident. A more deliberate
policy estimates the value of review: how much the review could change the decision, how costly
an error would be, whether the model is uncertain, and whether the case falls into a subgroup with
known reliability concerns. This policy still requires an accountable decision maker; it does not
convert a review queue into an automatic final action.

1.2. Research Gap

Existing evaluations often assess model discrimination and fairness separately from
operational review. Yet a fairness intervention that raises referral volume can exceed reviewer
capacity, while a privacy mechanism can change the ordering of borderline cases. Calibration
errors affect the expected value assigned to each review. A queue can therefore be statistically fair
under one metric but operationally uneven in delay, or efficient overall while failing to protect a
subgroup from false negatives.

The provided references motivate the component measures. Fraud resampling, credit-risk
comparisons, and calibration papers support class-imbalance and probability assessment .
Uncertainty and human-oversight studies motivate referral and review capacity . Clinical
prediction, county-level susceptibility, and systemic-risk drift work motivate temporal and
population-specific evaluation . Compliance, AML, anomaly, and transaction-network studies
provide adjacent examples of escalation systems [!4],

The remaining bibliography spans LLM agents, serving infrastructure, recommendation,
supply chains, energy, image and video tasks, and security . These studies are included as user-
supplied references and as neighboring methods for evaluation, monitoring, uncertainty, and
resource allocation. They do not provide direct validation for the clinical or financial policy tested
here.

1.3. Research Questions and Contributions

We ask whether value-aware routing captures more costly errors than a score-only queue at
equal review capacity; whether group-specific queue constraints reduce referral burden disparities;
and how privacy noise and site shift change review yield and calibration. The comparison is
designed to expose trade-offs rather than identify one universal threshold.

The contribution is a budgeted decision framework and an illustrative simulation with explicit
review capacity, asymmetric error costs, subgroup reporting, and privacy accounting. The
framework treats review as an intervention whose capacity and outcomes must be measured. It
distinguishes referral fairness from decision fairness and documents where human review is
assumed to be accurate, delayed, or unavailable.
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Budgeted risk triage and human review decision path

Human review 1

Local score Value and uncertainty Capacity queus Appeal | monitor
J
3lic K che :Ju]
Figure 1. Budgeted risk triage and human review decision path.
Table 1 Decision policy comparison and governing question
Policy Selection rule Primary question
. Refer above calibrated risk Does risk level alone
Fixed threshold . .
threshold prioritize useful reviews?
. Refer widest predictive Can uncertainty target
Uncertainty only . . .
intervals cases needing scrutiny?
. Rank expected avoidable Does estimated review
Value ranking .
harm benefit improve capture?

Safeguarded value

Value ranking plus group
disparity bound

Can queue burden be
limited transparently?

2. Related Work and Problem Formulation

2.1. Calibration and Decision Value

A ranking metric measures ordering, while a decision policy depends on probability meaning

and error cost. If a predicted risk is miscalibrated, the expected benefit of reviewing that case is
misestimated. Calibration should therefore be checked over time, by site, and by relevant
subgroup. The provided default-probability calibration and market-risk backtesting references
illustrate why reliability changes across class imbalance and market regimes . Clinical prediction
and emergency-department forecasting studies underscore that decisions depend on horizon and

context P81,

Let p_i be a calibrated probability, c FN the cost of a false negative, c_FP the cost of a false
positive, and r_1 the probability that review changes an incorrect automated decision. A simplified

expected value of review is V_i=r i[p_i ¢ FN +(1-p_i)c FP] - ¢ R, where c_R is the cost of
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review. In practice, the action and the direction of error matter, so V_i should be computed from
an approved decision model and not treated as a generic universal formula. The queue selects cases
with high positive value subject to capacity and safeguards.

2.2. Fairness in Queue Allocation

Fairness must be evaluated at several stages: model score, referral probability, waiting time,
reviewer decision, and final outcome. Equal referral rates do not guarantee equal benefit, because
groups can differ in prevalence and review accuracy. Conversely, unconstrained value ranking
may concentrate review in the group with the highest estimated event rate, leaving another group
with worse calibration or higher uncertainty. The policy therefore reports both referral coverage
and outcomes after review, with confidence intervals for groups with small denominators.

Studies on algorithmic fairness, recommendation debiasing, and group-level risk offer
methods for diagnosing unequal exposure, though their targets differ . Work on compliance
detection and automated monitoring highlights the need for a traceable reason for escalation . The
simulator does not claim that one parity constraint is normatively correct; it compares a queue cap
as a transparent operational guardrail and leaves its value to domain governancel®-12].

2.3. Privacy and Ranking Stability

A privacy mechanism can affect ranking quality even when the final model’s average
accuracy changes little. Noise may reorder cases near the referral boundary, where a queue policy
makes a consequential distinction. The right diagnostic is therefore not only the global error but
also top-k capture, boundary stability, and the subgroup composition of referred cases. Federated
privacy and cross-institution model work motivate keeping privacy budgets tied to the full release
process [13-16],

In decentralized settings, each institution may have a different review capacity and different
cost structure. A central queue can create a bottleneck or expose more information than necessary.
Site-local triage can reduce data sharing but may lose the benefit of shared ranking. The design
studied here shares a model and aggregate audit summaries while keeping case-level review
decisions local. Cross-site reports contain counts, rates, and uncertainty summaries subject to
minimum-cell thresholds!!"2%,

2.4. Formal Capacity-Constrained Policy

For site k with review capacity B_k, choose binary referrals z_i to maximize the sum of
estimated review values V_i z i subject to Xz i<B k. A group safeguard may additionally
constrain referral disparity or impose a minimum review share when a subgroup is demonstrably
under-served and the policy owner has approved the rule. Privacy expenditure is tracked
independently; a candidate must satisfy the declared budget and maintain minimum top-k capture
on a held-out validation set. If a subgroup estimate is too uncertain, the system reports an
uncertainty flag rather than forcing a precise quota from an unstable estimate!?!-24],
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The policy comparison includes fixed thresholding, uncertainty-only referral, value ranking,
and value ranking with a privacy and group safeguard. The selection uses validation data only. The
test block is then used once for evaluation. This separation prevents a queue rule from being tuned

to the same outcomes used to report its benefit!23-2%],

3. Methodology

3.1. Synthetic Decision Streams

The simulation creates two streams of 50,000 cases each, one clinical-style and one financial-
style, divided across five sites per domain. Each stream contains a binary outcome and two audit
groups. Clinical-style prevalence varies from 6 to 14 percent and uses a higher false-negative cost;
financial-style prevalence varies from 1 to 5 percent and uses a higher false-positive review
burden. Each site has a different feature coverage profile and one site experiences a step change in
prevalence midway through the test period.

Risk scores are generated from logistic models with shared and site-specific coefficients, then
calibrated using a validation-only isotonic map. A controlled miscalibration condition shifts
probabilities for one site. The synthetic generator injects label noise and group-dependent
missingness so the audit can test whether the policy notices unequal reliability. No real records are

used. Five paired seeds are generated and summarized with macro averages and site ranges/?°321,

3.2. Policies and Reviewer Model

Four queue policies are compared at capacities of 5, 10, and 20 percent of incoming cases.
Fixed threshold refers cases above a validation-selected probability. Uncertainty-only referral
selects scores with the largest predictive interval width. Value ranking orders cases by estimated
expected benefit of review. Safeguarded value ranking adds a maximum group referral disparity
of 8 percentage points when the site has enough validation observations; otherwise the system
flags the estimate and applies the unsafeguarded ranking subject to manual approval.

The reviewer model has 90 percent sensitivity and 92 percent specificity in the base condition,
with a 1.2-day simulated delay. A sensitivity case reduces reviewer accuracy for the smallest
subgroup and increases delay during peak load. Review is assumed to change the outcome only
when it corrects the model’s initial decision; the simulation assigns a 70 percent probability of
correction conditional on reviewer accuracy. These assumptions are intentionally explicit because
review is not a perfect oracle.

3.3. Privacy and Drift Conditions

Privacy is represented by a model-update noise level with illustrative accountant budgets e=2,
4, and 8 at 6=10"-5. We evaluate top-k rank stability between the non-private and private score
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distributions using overlap at each queue capacity. Drift conditions include stable prevalence, a
moderate site shift, and an abrupt test-period prevalence change. The model is not retrained during
the test block; the purpose is to test monitoring and triage under a fixed release.

An operational trigger is raised if ECE exceeds 0.10, top-k overlap drops below 0.75, or the
subgroup false-negative-rate gap exceeds 0.12. A trigger pauses automated threshold changes and
requests review of the model and queue policy. The trigger does not automatically change who is
referred. Thresholds are illustrative and require clinical, financial, privacy, and legal review before

use in any real system[**=¢],

Table 2. Simulation assumptions, costs, and operational constraints

Assumption Synthetic setting

Streams 50,000 cases per domain; 5 sites per domain
Prevalence Clinical-style 6-14%; finance-style 1-5%
Capacity 5%, 10%, or 20% of incoming cases
Reviewer base accuracy 90% sensitivity; 92% specificity

Review delay 1.2 days base; peak sensitivity to 2.1 days
Privacy Ilustrative =2, 4, 8; 6=10"-5

Monitoring triggers ECE>0.10; top-k overlap<0.75; gap>0.12
Uncertainty Five paired simulation seeds; site-level range

3.4. Outcomes and Analysis

Primary measures are costly errors captured in the review queue, net avoidable harm after
review, referral rate by subgroup, mean queue delay, ECE, and top-k overlap under privacy noise.
Net avoidable harm is measured relative to no review using the simulator’s declared cost units.
Secondary measures include review yield, cases per reviewer-hour, and the proportion of cases
whose outcome changes after human review. All reported values are synthetic means across five
seeds; ranges show site variation, not population confidence intervalst®7-4%,

We compare methods at the same review capacity and under the same generated outcomes.
A method is operationally feasible if it respects the queue cap, does not exceed the agreed group
disparity guardrail, and triggers monitoring when calibration or ranking stability crosses a
threshold. This evaluation emphasizes policy consequences that can be audited: who enters the
queue, how long they wait, what reviewers decide, and which errors remain(*!-4],
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4. Results and Analysis

4.1. Review Yield at Fixed Capacity

At a 10 percent review capacity, value ranking captures 71 percent of the simulator’s high-
cost errors, compared with 58 percent for fixed-threshold referral and 49 percent for uncertainty-
only referral. Safeguarded value ranking captures 68 percent while keeping the maximum referral-
rate disparity within the configured 8-point bound. The 3-point difference from unconstrained
value ranking reflects cases redirected to satisfy the safeguard. These values are generated by the
stated costs and reviewer assumptions; the comparison shows how the method behaves under a
known setup rather than estimating real-world benefit.

At 5 percent capacity, queue order matters more because fewer cases can be reviewed. Value
ranking retains a 12-point capture advantage over thresholding in the simulation. At 20 percent
capacity, the methods converge because the queue can include more cases. Review yield declines
as capacity expands, but net avoidable harm can still improve when the additional cases contain
meaningful risk. Capacity decisions should therefore be tied to the marginal benefit of each review
slot rather than a fixed desire to maximize the number of referrals.

Table 3. Synthetic review performance at 10 percent capacity

. High-cost Net  harm Max referral
Policy . Mean delay
errors captured reduction gap
Fixed
thresh(:if 58% 0.41 9.4 pp 12d
rtaint
only Uncertainty 49% 0.32 7.1 pp 1.1d
Val
rankinga ue 71% 0.56 13.6 pp 13d
f
Valuesa cguarded 68% 0.53 7.9 pp 13d

4.2. Group Safeguards and Queue Burden

Figure 2 shows the referral allocation by group across sites. The unsafeguarded value policy
has the highest overall capture, but the largest simulated referral disparity is 13.6 percentage points
at a shifted site. The safeguard reduces the maximum disparity to 7.9 points and narrows the site
range in queue burden. It also increases the number of high-cost errors missed by three percentage
points. Reporting both numbers is essential: a fairness intervention changes allocation and can
affect expected harm under the chosen cost model*>48],

7
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The subgroup with the smallest sample has wider uncertainty intervals. In two simulated sites,
the disparity estimate straddles zero and the 8-point threshold. The monitoring rule therefore marks
the estimate inconclusive rather than declaring the groups equal. Minimum cell thresholds and
uncertainty reporting prevent a low-volume queue from presenting a noisy rate as a stable fairness
result. The choice to use an 8-point bound is only an illustrative operating rule, not a normative
standard.

Referral share by audit group and policy

Fixed threshoid ®
Uncertainty only & —o
Value ranking L &
Safequarded value @ >
)" )
® Group A ® Group B

Figure 2. Referral allocation by policy and audit group.

4.3. Privacy Noise and Ranking Stability

At 10 percent capacity, top-k overlap between private and non-private rankings is 0.82 for
=8, 0.74 for e=4, and 0.61 for &=2. Review yield falls by 2, 7, and 14 percentage points,
respectively, relative to the non-private value policy. The decrease is larger at 5 percent capacity
because the queue boundary is more selective. This pattern arises from score noise reordering cases
near the top-k boundary; it illustrates why average AUC alone can fail to describe the operational
impact of privacy protection!**2],

The effect varies by site. Small sites have less stable local calibration and a greater fraction
of cases near the queue boundary. A site-level release test should therefore measure rank overlap
and capture at its own capacity, not infer queue quality from the federation-wide average. Privacy
budgets must also accumulate across model updates and audit releases. A single ¢ value detached
from the release schedule does not describe the full protection claim.
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Simulated review-capacity and privacy trade-off
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Figure 3. Review capacity, privacy, and net benefit trade-off.
Table 4 .Privacy and drift monitoring outcomes
Privacy budget Top-k overlap Capture change Site§ triggering
rank monitor

No added noise 1.00 Reference 0/10
e=38 0.82 2pp 1/10
e=4 0.74 -7pp 4/10
e=2 0.61 -14 pp 7/10

4.4. Drift, Delay, and the Value of Recalibration

Under stable prevalence, calibration-triggered monitoring activates in one site due to a
deliberately injected local probability shift. Under abrupt prevalence drift, four sites exceed the
ECE trigger and top-k overlap falls below 0.75 in two. Fixed-threshold referral then captures fewer
high-cost errors because the score distribution no longer matches the validation period. The value-
ranking policy degrades more slowly but also loses yield when its probabilities are miscalibrated.
Monitoring detects the change; it does not itself restore validity>3->¢],

The reviewer delay sensitivity creates a second operational risk. During peak periods, the

average delay rises from 1.2 to 2.1 days and the realized correction probability falls because some

9
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cases arrive after the useful action window. A queue policy should account for urgency and
expected time-to-harm, not only predicted severity. This is particularly important in clinical
settings; financial review also has time-dependent consequences such as transaction settlement or
application deadlines. The simulation indicates that capacity without timeliness is not a complete

service measurel>’].
Table 5 .Illustrative sensitivity to reviewer delay and drift

Scenario Triceered sites Capture at 10% Mean review
88 capacity delay
Stable prevalence 1/10 68% 1.2d
Moderate site shift 3/10 63% 1.3d
. Abrupt prevalence 4710 56% 144

drift
Peak reviewer 5710 61% ) 1d

delay

5. Discussion and Future Work

5.1. Policy Interpretation

A review queue is a decision policy with its own distributional consequences. Value-aware
ranking can improve high-cost error capture under a fixed capacity, but the expected value depends
on calibration and on a credible estimate of reviewer effectiveness. Group safeguards can reduce
referral disparity while changing which costly errors are captured. Privacy noise can alter the
ranking at the exact boundary where the operational decision is made. These mechanisms should
be evaluated together before a model is approved.

For an implementable workflow, the institution should document the action associated with
each score range, the cases eligible for review, reviewer service levels, group audit fields, privacy
budget, and rollback threshold. A review reason should be recorded in human-readable terms based
on evidence available to the reviewer. Reviewers should be able to disagree with the score and
record the correction. The model owner should monitor calibration and queue composition by site
and subgroup, while the operational team monitors delay and reviewer capacity.

The supplied literature on uncertainty, calibration, fraud, compliance, and risk monitoring
supports these measurement choices . Adjacent work on LLM agents, network risk, energy
scheduling, and recommendation informs the discussion of resource allocation and evaluation
design . Those citations do not substitute for domain-specific validation or authorization.

10
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5.2. Limitations and Future Work

The simulator assumes known error costs, a simplified reviewer model, and a binary outcome.
Real clinical and financial decisions may have multiple actions, delayed labels, appeal outcomes,
censoring, and different costs for different people. The model assumes review can correct some
errors but does not account for reviewer fatigue, automation bias, disagreement between reviewers,
or organizational incentives. Fairness is represented by two audit groups and one rate-gap
guardrail; intersecting groups and legal standards require a much richer analysis.

Future work should conduct a retrospective simulation using de-identified, approved data and
an externally reviewed cost model, followed by shadow deployment. The study should include
reviewer time studies, subgroup-specific calibration, queue delay, and structured appeal outcomes.
Privacy accounting should include the model training, monitoring summaries, and any repeated
subgroup reports. A prospective evaluation should define stopping criteria before launch and keep
all automated recommendations advisory until the institution approves the evidence.

Recent retrieval and financial-graph studies provide adjacent examples of context
management, graph representation, and textualized transaction analysis [*5-61],

Research on recommendation debiasing, systemic-risk drift, graph fraud, and anomaly
monitoring broadens the comparative evaluation context [©2-6%],

Materials-engineering comparisons of additively manufactured alloys, cellular metallic
glasses, damage tolerance, and elastocaloric response represent a separate cross-domain empirical
literature [66-%%1,

Other materials-engineering studies examine high-temperature tribology and strength
stability, metallic-glass nanocatalysts, and energy-absorbing architectures 7073,

A further study examines room-temperature elastocaloric effects in additively manufactured
NiTi alloys [,

6. Conclusion

This paper evaluates a capacity-constrained human review policy through a deterministic
synthetic simulation. Value-aware referral captures more high-cost errors than fixed thresholding
at the same capacity in the generated scenario, while group safeguards reduce referral-rate
disparities with a measurable trade-off in capture. Privacy noise can destabilize the top of the
queue, and drift or reviewer delay can erode expected benefit. The values are illustrative, not
empirical estimates. A deployment should validate calibration, queue stability, subgroup burden,
privacy accounting, and reviewer effectiveness together, then preserve a clear pause and appeal
path.

11
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