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Abstract—Clinical risk models routinely achieve strong ag-
gregate performance while producing materially different error
rates across patient subgroups. Audit pipelines are proposed
to catch this, but their components are rarely stress-tested,
so it is unclear which parts of an audit can be trusted and
under what conditions. We present KAISEN, a five-phase audit
pipeline covering subgroup stratification, disparity measurement,
mechanism diagnostics, post-hoc mitigation, and longitudinal
drift monitoring, and we evaluate each phase to the point of
failure on a synthetic benchmark of 16 disease tasks, 15 social-
determinant axes drawn from Healthy People 2030 [24], and three
prespecified intersections. Four findings follow. (i) Significance
tracks each axis’s gap measured against its own minimum
detectable effect. Across the 15 single axes, rank correlation
between significance count and raw equalized-odds difference
(EOD) is p = 0.56; standardizing EOD by that detectable floor
raises it to p = 0.78. (ii) Per-group threshold optimization
reduces EOD in 48 of 48 held-out runs (paired A = —0.285,
95% CI [—0.313,—0.252]), whereas group-wise Platt scaling is
the better calibrator yet behaves as a coin flip on EOD (19 of
48 runs improved, 95% CI [0.26, 0.55]). Its mean EOD effect is
indistinguishable from zero, so what an audit should report about
it is the variance. (iii) The mechanism diagnostic classifies 144
of 144 controlled cases correctly but recovers none of 48 model-
driven cases when its proxy columns are misspecified, and emits
no signal that it has failed. (iv) CUSUM detection failures and
false alarms track the cohort realization far more closely than the
disease: at the reference threshold, all 27 false alarms and 7 of 8
missed shifts come from different seeds (x> p = 0.002). An alarm
threshold tuned on one cohort’s in-control stream therefore fails
to transfer. All results are on synthetic data with known ground
truth and do not establish clinical validity. Code, artifacts, and
the scripts that emit every number in this paper are released.

Index Terms—algorithmic fairness, clinical machine learning,
subgroup disparity, calibration, model auditing, equalized odds,
post-hoc mitigation, distribution shift, change detection, bench-
mark

I. INTRODUCTION

Aggregate performance can hide clinically relevant failures.
A risk model may retain strong overall AUROC while its
false-negative rate, calibration, or ranking performance differs
sharply across patient groups. These gaps can arise without
using a protected attribute directly, because electronic health
records encode proxies for access, utilization, neighborhood
conditions, and prior care. They can also widen after deploy-
ment as patient populations and coding practices shift.
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Most evaluation pipelines are not designed to surface this.
They report aggregate discrimination and calibration, add
subgroup analyses inconsistently, and rarely track fairness
metrics over time. A model can pass a conventional validation
review while producing different errors for patients who differ
by insurance status, income, or neighborhood deprivation.

A growing number of audit frameworks address this gap. We
take up a prior question about those frameworks. An audit is
a measurement instrument, and an uncharacterized instrument
fails quietly. A clean audit result admits at least three readings:
the disparity really is absent, the diagnostic was aimed at the
wrong features, or the subgroup was too small for the test to
resolve anything; the printed output looks identical in every
case. This paper asks under what conditions each component
of an audit stops working, and whether the failure shows up
in what the audit reports.

Answering that requires ground truth, so we build a syn-
thetic benchmark in which the disparity mechanism is known
by construction and then break each of the audit’s assumptions
in turn. Interpretability is bought here at the cost of external
validity. Every result below describes the audit procedure
under controlled conditions and says nothing about disparity
in any clinical population.

A. Scope

We evaluate binary risk prediction on 16 synthetic disease
tasks: diabetes, heart failure, sepsis, chronic kidney disease,
stroke, 30-day readmission, COPD, asthma, hypertension,
depression, obesity, myocardial infarction, pneumonia, acute
kidney injury, atrial fibrillation, and in-hospital mortality. The
audit covers race/ethnicity, sex, and age alongside 12 addi-
tional social-determinant (SDOH) axes, plus three prespecified
intersections. Race and sex are included, but restricting an
audit to those fields misses disparities associated with insur-
ance, income, education, neighborhood deprivation, housing,
and access [6].

We make no claim to clinical validity. Causal effects are
outside what this design can identify, which is why Phase III
is called a mechanism diagnostic throughout. Nor do we
recommend a deployment configuration for any component:
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the operating points that work on this generator are properties
of the generator.

B. Contributions

(1) A five-phase audit pipeline with conditional permutation
inference for equalized-odds disparities, specified so that
each phase’s assumptions are separately testable (§III—
§V).

(i) An account of what subgroup significance actually
tracks. Effect size and evidence rank axes differently;
standardizing each axis’s EOD by its own minimum
detectable effect largely reconciles them, and the two
axes that reach significance in no disease are the two
with the smallest standardized effect (§VI-D, §VII-B).

(iii) A run-level comparison of two post-hoc mitigations, with
paired uncertainty on the deltas, in place of the usual
comparison of configuration means. The better calibrator
turns out to be the unreliable fairness intervention, and
because its mean EOD effect is inseparable from zero,
what we report is its variance (§VII-D).

Stress tests that break the mechanism diagnostic’s two

assumptions and show that the more consequential failure

is silent (§VII-E).

(v) A characterization of a CUSUM fairness monitor across
an alarm-threshold sweep, reported with in-control av-
erage run length, in which detection failures and false
alarms track the cohort realization far more closely than
the disease (§VII-F).

(vi) An analysis of three deployed clinical decision contexts
that derives which subgroup metric each one makes
consequential, so the audit reports the metric the decision
depends on (§IV, §VII-G).

(vii) A released synthetic SDOH benchmark generator span-
ning 16 disease parameterizations X 15 sensitive axes
with correlated latent socioeconomic structure, the full
audit codebase, and the scripts that regenerate every
number in this manuscript from committed artifacts [42].

(iv)

II. RELATED WORK
A. Fairness criteria in machine learning

Formal fairness criteria for binary classifiers are well-
established [1]-[4]. Demographic parity, equalized odds, and
within-group calibration are the most studied, and a central
result is that they are mutually incompatible under realistic
class imbalance [3], [S]. KAISEN does not try to satisfy them
simultaneously. It measures all of them, reports the trade-off
surface, and leaves the choice of which violations are clinically
unacceptable to the deploying institution. Our Phase IV results
give a run-level empirical instance of that incompatibility; we
propose no resolution to it.

B. Disparities in clinical risk prediction

Subgroup failures are documented in dermatology Al [8],
pulse oximetry [7], EHR-based readmission prediction [6],
and chest radiograph classifiers across 14 pathology cate-
gories [28]. Obermeyer et al. [6] found that a widely deployed

risk-stratification algorithm assigned lower scores to Black
patients than to comparably ill White patients because it
used health cost as a proxy for health need. The algorithm’s
aggregate metrics gave no sign of it. Seyyed-Kalantari et
al. [28] found that underdiagnosis rates are highest for inter-
sectional minority subgroups even when overall AUC exceeds
0.90, which motivates per-group AUC reporting alongside
population-level metrics. KAISEN extends this audit approach
across the full SDOH axis space and across 16 disease tasks
simultaneously. Table I summarizes what each study measured
and what it implies for the audit design.

C. Social determinants of health in clinical Al

The Healthy People 2030 framework [24] organizes SDOH
into five domains: economic stability, education, health-care
access, neighborhood and built environment, and social and
community context. Insurance status [6], area deprivation [25],
and housing instability [26] have each been linked to differ-
ential clinical outcomes, but fairness audits rarely measure
all domains in the same study. We treat the 15 axes in our
benchmark as a practical approximation of this space.

D. Calibration and statistical testing for subgroups

Calibration and equalized odds answer different questions.
Reliability diagrams and expected calibration error summarize
probability accuracy, extending the binned goodness-of-fit
approach of the Hosmer-Lemeshow test [9] to modern binary
classifiers, while AUC measures ranking performance. Equal-
width binning is a known source of bias in ECE estimates, and
equal-mass and debiased variants have been proposed [10];
we report both schemes and quantify their disagreement in
§VII-C. EOD is defined within outcome strata, so we use con-
ditional randomization for its permutation test, and Benjamini-
Hochberg correction controls the false discovery rate across
the prespecified disease-axis hypotheses [20].

E. Counterfactual and causal approaches to fairness

Counterfactual fairness [12] requires that a prediction not
change when the sensitive attribute is intervened on under the
true causal model. This is hard to enforce in EHR data because
the causal graph is rarely known. We use a weaker model-
internal diagnostic that shifts known synthetic proxy columns
toward a reference-group mean. The generator exposes the
injected proxy mechanism, which makes this tractable; it
should not be read as a causal intervention on real patient
data, and §VII-E shows what happens when the proxy set is
wrong.

F. Debiasing methods

Debiasing methods split into three families. Pre-processing
modifies training data via class reweighting [13] or resam-
pling to equalize group representation. In-processing con-
strains training directly; adversarial debiasing [14] adds a
discriminator that penalizes group-predictive features. Post-
processing adjusts predictions after training, with group-wise
Platt scaling [15] and per-group threshold optimization [2]



the standard examples. Our experiments use inverse-propensity
weights only when fitting the group-wise calibration models;
the base predictor is not retrained. This is post-hoc weighted
calibration, not a pre-processing intervention on the training
set.

G. Longitudinal fairness monitoring

Most audit literature evaluates a model at a fixed point
in time. Post-deployment distribution shift can degrade
fairness properties even when aggregate performance ap-
pears stable [18]. Sequential change-point methods such as
CUSUM [16] detect when a tracked statistic has shifted
beyond a controlled false-alarm rate, and are conventionally
characterized by in-control average run length (ARL() along-
side detection delay [17]. We apply CUSUM to subgroup-
stratified EOD streams and report both quantities. Little work
applies these methods to clinical Al fairness, and we treat ours
as an initial probe, well short of a validated clinical monitoring
tool.

III. PROBLEM FORMULATION
A. Data and notation

Let D = {(x;,a;,y;)}Y, be a labeled dataset where x; €
X C R is the feature vector (lab values, vitals, coded history),
a; € A={1,...,K} is a sensitive attribute, and y; € {0,1}
is the binary clinical outcome. A trained model fy : X —
[0, 1] produces a risk score p; = fg(x;), and a hard-threshold
classifier at cutoff 7 produces Y; = 1[p; > 7]. We write D, =
{i : a; = a} for the index set of group a.

B. Fairness criteria

We evaluate four quantities simultaneously and do not claim
to satisfy all of them. Each is defined for a reference pair
a,be A

1) Equalized odds difference (EOD). Equalized odds re-
quires equal true positive rates (TPR) and equal false positive
rates (FPR) across groups [2]:

EOD(a,b) = max({|TPR, — TPRy|, [FPR, — FPR;|). (1)

Because the TPR term is estimated on positives only, the
effective sample size for EOD is the number of positive cases
in the smaller cell, not its total size. §VI-D builds on this.

2) AUC disparity.

AAUC(a,b) = |AUC, — AUG,/, 2)
where AUC, is the Wilcoxon—-Mann—Whitney estimator [11]
computed within subgroup a only.

3) Expected calibration error by group. Partition [0, 1] into
M bins {B,,,}*_,. For group a:

M . ~
ECE, = Z ‘{Z < Da|Dpl| < Bm}| ‘g(Bmaa) 713(Bmaa)|a
3)

where 4(By,,a) and p(B,,,a) are the mean outcome and
mean predicted probability in bin m restricted to group a. We
compute (3) under both equal-width and equal-mass (quantile)

m=1

bins and report the agreement, because the binning scheme is
a known source of ECE bias [10].

4) Maximum calibration error by group. A bin-averaged
statistic can conceal a single badly miscalibrated region, so
we also report

MCE, = |7(Bm, @) = p(Bm,a)|. (4

max
m: | By, MDDy |>0
§VII-G identifies a decision context in which (4) carries the
decision weight and (3) does not.

C. Audit questions

The audit does not optimize a model. Given a fixed deployed
model fy, it asks five questions, each answered by a designated
section.

(Q1) Which groups exhibit statistically significant disparities,
on which metric, and what governs whether a real
disparity is detectable at all? (§VII-A, §VII-B)

(Q2) Are the calibration conclusions stable under the analyst’s
free choices, chiefly the binning scheme? (§VII-C)

(Q3) Does a post-hoc mitigation reduce held-out EOD in
every run under a prespecified accuracy constraint, and
with what uncertainty? (§VII-D)

(Q4) Is the observed pattern more consistent with proxy
sensitivity or excess label disagreement, and does that
verdict survive violation of its assumptions? (§VII-E)

(Q5) Is there evidence of longitudinal drift in group-stratified
performance, and at what false-alarm cost? (§VII-F)

IV. WHICH METRIC THE DECISION DEPENDS ON

A subgroup fairness audit is actionable only if the metric it
prioritizes matches the decision the score actually drives. We
therefore characterize three representative deployed clinical
prediction tasks along six dimensions: who reads the score,
when it is produced, what action it triggers, the harm of a
false negative, the harm of a false positive, and the subgroup
metric whose degradation would be most consequential. The
asymmetry between the two error costs is what selects the
metric, and that asymmetry differs across the three tasks.

a) 30-day hospital readmission: Model user: Discharge
planners, case managers, and post-acute care coordinators,
who use the risk score to decide how much follow-up support
a patient needs before leaving the hospital.

Prediction timing: During the index admission, in the final
days before discharge, once comorbidities, SDOH, the post-
discharge plan, and laboratory trends are available in the EHR.
Action after alert: A high-risk score triggers automated care
pathways: accelerated primary-care follow-up, home-health
nursing visits, medication management, and enrollment in
remote monitoring.

False-negative harm: A genuinely high-risk patient is sent
home without extra support, so an unrecognized secondary
infection or medication problem can continue unchecked,
leading to unplanned readmission or a preventable death.
False-positive harm: Low-risk patients consume limited home-
health and case-management capacity, coordinators experience



TABLE I
PUBLISHED EXAMPLES OF SUBGROUP PERFORMANCE GAPS IN DEPLOYED CLINICAL Al. THE disparity found COLUMN REPORTS WHAT EACH STUDY
MEASURED; THE proposed mechanism AND implication COLUMNS ARE OUR INTERPRETATION AND ARE NOT CLAIMS ESTABLISHED BY THE CITED WORK.

Study Clinical task Groups compared Disparity found (published) Proposed Implication for
mechanism KAISEN
(interpretation)
Obermeyer et al., Sci-  Health-risk Black vs. White Equal-acuity Black patients Cost-based  proxy  Ground-
ence 2019 [6] stratification (commercial scored ~45% lower; at equal feedback loop:  truth proxy
(readmission /  insurance) risk score, Black patients were  historical under-  choice encodes
utilization) materially sicker utilization by Black  access inequity;
patients  depresses KAISEN flags
spending labels used  cost-proxy
as ground truth surrogates
via audit of
positive-rate
disparity
Sjoding et al., NEJM  Arterial oxygen Black vs. White Occult hypoxemia  Melanin Input-level
2020 [7] saturation moni-  (two large academic  (SpO2>92% despite  absorption  artifact  sensor bias can
toring (ICU) hospitals) Sa02<88%) was three  systematically masquerade
times more frequent in Black inflates SpO2  as model
patients readings in patients  calibration error;
with darker skin KAISEN’s MCE
pigmentation metric  isolates
worst-bin
miscalibration
where such
artifacts
concentrate
Seyyed-Kalantari Chest X-ray  Sex, insurance type, Underdiagnosis rates consis- Model trained  High aggregate
et al, Nat. Med.  pathology race, age >80 tently highest for intersectional  to maximize ~ AUC masks
2021 [28] detection  (14- minority subgroups across all  population-level subgroup
class CheXpert / 14 pathologies even when over-  AUC; minority  underdiagnosis;
MIMIC-CXR) all AUC exceeded 0.90 subgroups too small ~KAISEN’s per-

to influence loss

gradient

group AUC and
EOD  surfaces
this by design

workload fatigue, and patients face unnecessary follow-up
burden.

Priority metric and why: Missed-case rate, evaluated as the
equalized false-negative rate. The SDOH variables that drive
these models, such as housing instability, transportation ac-
cess, and insurance status, are already correlated with under-
resourced groups. A model that under-flags high-risk patients
in one subgroup denies that group the intervention intended
to close the gap. It worsens the existing disparity, where a
false positive only wastes resources [6]. Published readmission
models are predominantly discriminative rather than calibrated
for resource targeting, and their reported performance varies
substantially across populations [35].

b) Sepsis early warning: Model user: Bedside nurses,
rapid-response teams, and emergency department or ICU
physicians, who receive real-time alerts prompting immediate
bedside evaluation.

Prediction timing: Continuously throughout an ED or ICU
stay as new vital signs, laboratory values, and notes enter
the EHR, in principle before a clinician would independently
suspect sepsis, defined per the Sepsis-3 consensus criteria as
life-threatening organ dysfunction caused by a dysregulated
host response to infection [27], [40].

Action after alert: Sepsis screening orders, lactate draws,
blood cultures, and rapid-response activation to begin antibi-

otics and fluids without delay.

False-negative harm: A true sepsis case goes undetected. Each
additional hour of delay from hypotension onset to effective
antimicrobial therapy is associated with a mean decrease in
survival of roughly 7.6% in septic shock [29], and shorter
time to antibiotic administration is associated with lower risk-
adjusted in-hospital mortality in mandated sepsis care [30], so
a missed or late alert can be directly life-threatening.
False-positive harm: Unnecessary antibiotic orders, excessive
blood draws, and false alarms that produce alert fatigue, which
can lead clinicians to ignore or override subsequent genuine
alerts.

Priority metric and why: Missed-case rate, at a fixed alarm
rate. Given how sharply mortality risk rises with each hour
of delay, an early-warning tool that under-detects sepsis
in a particular subgroup puts that group at a time-critical
mortality risk, which a difference in false-alarm rate would
not. Neonates are the clearest case, since their baseline vital
signs differ sharply from the adult population these models
are mostly trained on; the same argument covers any group
underrepresented in a model’s training data. Sepsis prediction
is also the setting where such models are furthest along toward
deployment, and reviews of the area single out validation gaps
and algorithmic bias as the open problems [32], [33]. One
proprietary sepsis model is among the most widely deployed



clinical prediction tools in US hospitals, which is what makes
its independent evaluation so useful: external validation found
substantially poorer discrimination than its developer had
reported, with a large fraction of sepsis cases missed at the
recommended alerting threshold [31]. That is the failure mode
a stratified sensitivity audit is designed to surface.

¢) In-hospital mortality prediction: Model user: 1CU
attendings and critical-care teams, who use the continuous
risk score to inform resource allocation, escalation of care,
and goals-of-care conversations with families (the discussions
that set the objectives guiding treatment).
Prediction timing: Throughout the ICU stay, updated con-
tinuously and in some models hourly, with reported lead
times ranging from roughly 6 to 48 hours before severe
deterioration [36].
Action after alert: Pre-emptive ICU transfer, closer moni-
toring, earlier initiation of vasopressors or renal replacement
therapy, and earlier goals-of-care discussions with the patient’s
family.
False-negative harm: A deteriorating patient is left at a lower
level of care, so decline is recognized later, possibly past the
point at which escalation still changes the outcome.
False-positive harm: A patient who would have survived is
over-prioritized, potentially prompting premature or overly
intense goals-of-care conversations, unnecessary ICU bed oc-
cupancy, or more invasive treatment than warranted. Treatment
intensity at the end of life is not race-neutral even absent any
algorithmic input, so a subgroup-differential false-positive rate
would compound a pre-existing disparity rather than introduce
a new one [41].
Priority metric and why: Calibration. Unlike a binary alert,
this score is consumed as a continuous probability that in-
forms resource allocation and end-of-life conversations, so the
numeric value itself carries decision weight beyond the im-
plied ranking. Established severity scores such as SOFA [38]
and APACHE II [37] show limited generalization across
cohorts, and the prognostic accuracy of severity scores for
in-hospital mortality varies by the population in which they
are applied [39]; a systematic review of Al mortality and
outcome models in ICU sepsis reports the same pattern of
limited external validation [34]. A model whose predicted
probabilities are systematically too high or too low for a
specific subgroup will misinform these probability-dependent
decisions even when its rank-ordering, and therefore its AUC,
remains acceptable [7].

V. AUDIT FRAMEWORK
A. Overview
The pipeline has five phases. Fig. 1 shows the execution
flow and Fig. 2 the disparity decomposition within Phase III.
B. Phase I: Subgroup stratification

Phase I partitions observations by sensitive attribute. Groups
smaller than a minimum support threshold n.,;, are flagged
instead of tested, and we report a simulation-based power
curve for detecting a prespecified difference in true-positive

rates. This support check is descriptive: it does not turn an
underpowered estimate into evidence that no disparity exists.
§VI-D makes the check quantitative by pairing each axis with
its own minimum detectable effect.

C. Phase II: Multi-metric disparity measurement

For each group, Phase II computes subgroup AUC, ECE,
MCE, TPR, and FPR. The maximum pairwise EOD is the
prespecified inferential endpoint.

o AUC disparity: Wilcoxon—-Mann—Whitney rank estima-
tor, reported descriptively by group and as the maximum
pairwise gap.

o EOD: one-sided conditional permutation test (Nperm =
5,000) shuffling group labels within outcome-by-seed
strata, with Benjamini-Hochberg FDR correction [20] at
a = 0.05 across the prespecified HGBT disease-axis
comparisons.

« Calibration: equal-width and equal-mass ECE with M =
10, MCE, and reliability curves, all reported descriptively.

The confirmatory flag is the EOD permutation test after FDR
correction; AUC gaps and calibration provide complementary
descriptive evidence.

D. Phase III: Mechanism diagnostics

For each flagged group, Phase III applies two probes and
classifies the setting relative to a matched no-disparity control
with the same disease and seed. The control is what prevents
legitimate risk gradients, which also activate the counterfactual
probe, from being read as injected disparity.

1) Counterfactual proxy probe. For each observation (x;, a;)
with a; = a, we measure the mean prediction change when
proxy features associated with the disadvantaged group are
varied while labels are held fixed:

> |falxs

1€D,

Aci(a,a) — fo(xq)],

|D | &)
where X; substitutes the proxy columns of the disadvantaged
group with reference-group values. The excess probe value
Ageess = A p— A%l g taken relative to the matched control.

2) Residual-disagreement probe. Defined as the target
group’s mean |y—p| minus the corresponding mean outside the
target group, with an analogous excess 7% = 7 — feontrol,
If AZS > ™S at a fixed margin 7 = 0.03, the setting
is labeled model-driven; otherwise label-noise-driven. When
both excesses are near zero the label is no-material-disparity.

The rule returns exactly one label. §VII-E shows that this
is its central weakness.

E. Phase IV: Post-hoc mitigation

Phase IV applies two post-hoc procedures in sequence,
neither of which retrains the base model.

1) Weighted calibration. We fit a propensity model e(x) =
P(A = a | x) by logistic regression on the calibration set, and
weight calibration observations by

Ta

é(x;)’

(6)

w; =
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Fig. 1. Five-phase audit pipeline. Phases I-IV are applied at deployment time. Phase V runs continuously post-deployment and triggers re-entry into Phase

II when a CUSUM alarm fires.
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Fig. 2. Disparity decomposition in Phase III. Both probes are evaluated
relative to a matched no-disparity control.

where 7, is the marginal prevalence of group a [13].
2) Group-wise Platt scaling. For each group a we fit

i = o{a, - logit(p;) + Ba) (7

on the [PW-weighted calibration set [15]. This adjusts calibra-
tion per group while preserving rank order within the group,
and hence within-group AUC.

3) Threshold optimization. We solve for group-specific
thresholds {7,} minimizing EOD subject to overall accuracy
remaining at or above 96% of uncorrected accuracy, following
Hardt et al. [2]. The search is coordinate descent over a 97-
point grid on [0.02, 0.98] with four sweeps, which is determin-
istic but returns a local rather than a global optimum, so the
reported reductions are lower bounds on what the constrained
objective admits. Because the two procedures are applied in
sequence, threshold optimization inherits the Platt calibration
and the two configurations share a calibration result.

F. Phase V: Longitudinal drift monitoring

Phase V tracks group-stratified equalized-odds streams over
rolling windows of W = 1,200 patients. For a moni-
tored statistic Sy, the EOD between the composite Medi-
caid/uninsured group and commercially insured patients, the
one-sided CUSUM detector maintains

Ct = maX(O, Ct—l + (St - /’LO) - K‘)) (8)

where po is the in-control mean estimated over 8 baseline
windows and k£ = 0.005 is the allowance parameter. An
alarm fires when C; > h, with h = max(0.15, ¢ - §¢) set
adaptively from the in-control standard deviation [16]. The
multiplier ¢ is the monitor’s single free parameter and is swept
in §VII-F. Separate streams run per disease. The injected

scenario at window t* = 20 progressively suppresses true-
positive predictions for the disadvantaged group by 0.9 score
units. EOD widens as a result, and catching that widening is
what Phase V is for.

Two conventional properties characterize such a monitor:
detection delay after a real change, and in-control average
run length ARL,, the expected number of windows between
false alarms when nothing has changed [17]. We report both,
because either alone permits a misleading operating point.

VI. EXPERIMENTAL SETUP

All main claims come from the synthetic SDOH benchmark
described below. Code, configuration files, and seed-level logs
are available at [42]; see $IX.

A. Synthetic SDOH benchmark

We generate cohorts of N = 12,000 patients per disease
from a structural causal model with correlated SDOH at-
tributes. A latent socioeconomic (SES) factor is drawn per pa-
tient, anchored on a race-conditional mean to encode structural
inequity. Income, education, and area deprivation are derived
from the SES factor, and insurance type is derived from age
(Medicare eligibility) and SES (Medicaid or uninsured at low
SES), so that the 15 axes covary. The binary outcome is
generated as

Y; ~ Bernoulli(o (¢ "x$"™ + X - g(a;) +&5)), )

where c is a shared clinical coefficient vector, g(a;) is
a mean-centered SDOH gradient scaled by A = 0.6 to
keep within-disease prevalence ratios in a clinically plausible
1.5-2.5x range, and ¢; is individual noise. Disease-specific
base log-odds set overall prevalences in the range 0.17-
0.38. The deployment feature matrix excludes all 15 sensitive
attributes; disparity arises through group-correlated clinical
proxy columns. Fig. 3 shows the resulting outcome-prevalence
gradient across axes.

Injected disparity settings. Three settings are evaluated per
disease: (i) none, with gradients only and equal low label noise
(n =~ 0.04), which supplies the matched control; (ii) model-
driven, where proxy columns are inflated for the disadvantaged
group after labels are fixed, so the model over-relies on a
misleading proxy while true risk is unchanged; (iii) label-
noise, with an elevated label-flip rate (n ~ 0.40) for uninsured
patients, modeling worse documentation quality. Phase III
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Fig. 3. Outcome prevalence by SDOH axis across all 16 disease tasks (HGBT,
model-driven setting, 3 seeds). Prevalence ratios between the most- and least-
disadvantaged groups range from 1.5x to 2.5x, which is the latent SES
gradient built into the data-generating process.

should distinguish (ii) from (iii); § VII-E tests whether it does,
and what happens when both are present at once.

B. Baseline models

We audit three model classes spanning common clinical Al
deployments.

o Logistic regression (LR): /y-penalized, no sensitive-
attribute input.

o Histogram gradient boosted trees (HGBT): scikit-
learn HistGradientBoostingClassifier [23]
with native missing-value support. HGBT is the desig-
nated model for all confirmatory inference.

o Neural network (MLP): a dependency-light one-hidden-
layer NumPy perceptron with 48 ReL.U units, 5 regular-
ization, deterministic initialization, and full-batch gradi-
ent descent.

All three exclude the 15 sensitive attributes as direct in-
puts. Disparity still arises through group-correlated proxy
features. Dropping a protected attribute is a well-known non-
solution [6].

C. Statistical inference

Held-out predictions from three independently generated
seed cohorts are pooled for confirmatory inference. EOD 95%
confidence intervals come from a non-parametric bootstrap
(Mboot = 5,000) [21]. Significance is assessed by one-sided
conditional permutation tests (Npem = 5,000) [22] with
Benjamini-Hochberg FDR correction at oo = 0.05 [20] across
the prespecified HGBT disease-axis comparisons. With 5,000
permutations the smallest attainable raw p-value is 2 X 104,
which is the resolution floor reported for the socioeconomic
axes. Point estimates are mean + sample standard deviation
over three seeds unless stated otherwise.

Mitigation effects are analyzed as paired per-run differences
rather than as differences of independently reported configu-
ration means, since the same held-out cohort is scored under
both configurations. We report bootstrap 95% intervals on
the paired mean, Wilcoxon signed-rank p-values across the
16 disease-level deltas, and Clopper-Pearson intervals on the
count of runs improved.

TABLE II
MONTE CARLO POWER FOR DETECTING A TRUE EOD OF 0.05 AT
a = 0.05 AS A FUNCTION OF PER-GROUP SAMPLE SIZE (10,000
SIMULATION RUNS). MDE IS THE MINIMUM DETECTABLE EOD UNDER
THE Z-TEST APPROXIMATION. NO SUBGROUP CELL IN THE BENCHMARK
REACHES THE n = 8,000 NEEDED FOR 80% POWER AT THIS EFFECT SIZE;
SEE TABLE IV.

n per group Power MDE
500 0.09 0.065

1,000 0.15 0.046

2,000 026 0.032

4,000 045 0.023

8,000 0.73 0.016
12,000 0.88 0.013

D. Subgroup support and detectable effects

Table II reports Monte Carlo power for detecting an EOD
of 0.05 at @ = 0.05 as a function of per-group sample size,
using the pooled two-proportion z-test as a proxy. Achieving
80% power at that effect size requires roughly n = 8,000 per
group (Fig. 4).

That reference number sets up the point of this subsection.
In the benchmark as run, no subgroup cell reaches it: all 78
cells across the 18 axes fall below n = 8,000, the median
cell holds 308 held-out patients, 54 cells hold fewer than 500,
and the smallest intersectional cell (Black & Uninsured) holds
30. A single global power reference is therefore not the right
instrument. What matters for each axis is its own minimum
detectable effect, computed from the positives in its smallest
cell, because the TPR term of (1) is estimated on positives
only. We define for each axis

_ EOD, .
MDE = (z1_a/2 + 21-5) | 252, R= e

(10)
with p = 0.30 the reference positive rate, 3 = 0.20, and n..
the positive count in the axis’s smallest cell. Table IV reports
both. R is the axis-standardized effect size, and §VII-B shows
that it predicts which axes reach significance far better than

raw EOD does.

E. Mitigation and monitoring protocol

Phase IV uses a 70/15/15 train/calibration/test split. IPW
weights are estimated on the calibration set, Platt parameters
are fit on the weighted calibration set, and evaluation is on
the held-out test set. Phase V uses W = 1,200, 8 in-control
baseline windows, 40 windows per run, and slack x = 0.005.
The adaptive threshold at the 6o reference setting averages
h = 0.31 across runs (range 0.19-0.40); the 40 and 8o settings
average 0.21 and 0.41.

VII. RESULTS AND ANALYSIS

Results address Q1-Q5 from §III. Unless noted, numbers
are mean + standard deviation over three seeds on the held-
out test set, for the HGBT model and the insurance axis.
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Fig. 4. Monte Carlo power curve for detecting a true EOD of 0.05 at a=0.05.
The dashed line marks 80% power; approximately n=8,000 per group is
required.

TABLE III
BASELINE FAIRNESS METRICS ACROSS MODEL CLASSES, DIABETES TASK,
MODEL-DRIVEN SETTING (3 SEEDS). THE FIRST THREE ROWS ARE THE
INSURANCE AXIS; THE LAST ROW IS THE SAME HGBT MODEL ON THE
SEX AXIS AS A NEGATIVE REFERENCE, WHERE NO DISPARITY WAS
INJECTED. AAUC IS THE LARGEST PAIRWISE AUC GAP, EOD THE
LARGEST PAIRWISE EQUALIZED-ODDS DIFFERENCE, AND ECE THE MEAN
GROUP ECE OVER THE AXIS CATEGORIES. OVERALL AUC IS A PROPERTY
OF THE MODEL, SO IT IS IDENTICAL FOR THE TWO HGBT ROWS.

Model Axis AUC

.816+.010
.791£.015
.804+.014

.804+.014

AAUC

.093+.016
.101+.019
.094+£.030

.023+£.027

EOD

.603+£.009
.5544.022
.544+.016

.032+.018

ECE

.073+£.008
.069+.013
.072+.006

.038+.007

LR Insurance
MLP  Insurance
HGBT Insurance

HGBT Sex

A. Baseline disparities across SDOH axes

Table III reports AUC and disparity metrics for all three
model classes under the model-driven setting on the dia-
betes task. Across single axes, averaged over 16 diseases,
socioeconomic and material-hardship axes produce the largest
gaps: area deprivation index (EOD = 0.542 4+ 0.093, peak
0.682 on depression), income (0.511 4= 0.082), and insurance
(0.509 £ 0.060). Biological sex shows substantially smaller
disparity (0.034 + 0.010) and is the smallest axis in 15 of
16 diseases. Per-group AUC gaps are smaller than EOD gaps
because ranking is less sensitive to group-conditional threshold
miscalibration (Fig. 7).

The ranking is stable only in coarse terms. The four socioe-
conomic axes (ADI, income, insurance, education) occupy the
top four positions in all 16 of 16 diseases, but their internal
order is not fixed: the specific ordering ADI > income >
insurance holds in only 7 of 16 (Fig. 5). Fig. 6 gives the per-
disease spread on the insurance axis. Claims are safe at the
level of the axis block and unsafe at the level of an individual
axis rank.

Maximum EOD by disease and SDOH axis (sklearn_hist_gbdt)
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Fig. 5. Maximum pairwise equalized-odds difference across 16 diseases and
the 15 single SDOH axes for the HGBT model, averaged over three seeds.
The socioeconomic block is uniformly at the top, but its internal ordering
varies by disease.
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Fig. 6. Insurance-axis EOD across all 16 clinical tasks (HGBT, 3 seeds).
Error bars show +1 SD. The dashed line marks the cross-disease mean of
0.509.

B. What subgroup significance actually tracks

Disparity magnitude and statistical evidence rank the axes
differently, and the difference has a systematic cause. Table IV
reports both orderings together with the support that produced
them.

The largest gaps in the benchmark turn out to be the
least evidenced. The three prespecified intersections carry the
largest raw gaps of any axis, with racexinsurance averaging
0.703 = 0.031 across diseases, above every single axis, but
our inference protocol prespecified permutation testing for the
15 single axes only, so they carry no p-value. This limitation
belongs to the present run, not to the data, and it has a reason:
the intersections have 8 to 14 cells against the 2 to 5 of
a typical single axis, and their smallest cells hold 30 to 45
patients, so testing them would have required a prespecified
minimum cell count that we did not set. We report them
descriptively and do not claim them as findings.

Among the 15 tested axes, raw effect size predicts signif-
icance only weakly. The rank correlation between an axis’s
EOD and the number of diseases in which it is significant
is p = 056 (p = 0.029). Race illustrates the failure:
at EOD = 0.274 it is the fifth largest axis, yet reaches
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Fig. 7. Per-group AUC for the lead disease and axis (diabetes, insurance,
HGBT, 3 seeds). AUC gaps are smaller than EOD gaps because ranking
performance is less sensitive to group-conditional threshold miscalibration
than error-rate parity.

significance in only 11 of 16 diseases, while food security
at EOD = 0.185 reaches 16 of 16.

Standardizing by each axis’s own detectable floor largely
resolves this. Replacing EOD with R = EOD/MDE from
(10) raises the rank correlation to p = 0.78 (p = 0.0005).
The two axes significant in no disease, age and sex, have the
two smallest standardized effects in the table (R = 0.34 and
R = 0.23), strictly below every axis that reaches significance
anywhere, whose minimum is R = 0.46. Race’s anomaly
resolves in the same direction: its five-way split leaves only
about nine positives in its smallest cell, giving R = 0.46, near
the bottom of the tested set despite a mid-table raw gap.

A subgroup audit reporting only effect sizes and one re-
porting only p-values mislead in opposite directions. Neither
is interpretable without the cell support behind it. Age is the
clearest case: an EOD of 0.113 that is significant in zero of
16 diseases is not evidence that the age axis is clean, because
the axis’s own detectable floor sits at 0.329. The audit cannot
distinguish absence of disparity from absence of resolution,
and should say so. We accordingly report n;;m, MDE, and
R alongside every axis-level disparity, and treat any axis with
R <1 as underpowered for its own observed effect, which in
this benchmark is 12 of the 15 tested axes.

C. Binning choice and worst-bin error

Equal-width ECE is sensitive to bin placement, so a cal-
ibration conclusion that depends on it needs a robustness
check [10]. Across all 1,248 group-level cells we compute
ECE under both equal-width and equal-mass binning at
M = 10. The two agree closely in ordering: cell-level rank
correlation is p = 0.96, and the axis-level ordering they
induce correlates at p = 0.96. Magnitudes differ modestly
and in a consistent direction, with equal-mass ECE higher on
average (0.076 against 0.069; mean absolute difference 0.010,
maximum 0.069). The most-miscalibrated third of the axes
is identical under both schemes, and no axis moves between

TABLE IV
EQUALIZED-ODDS DISPARITY, SUBGROUP SUPPORT, AND EVIDENCE BY
AX1S (HGBT, MEAN OVER 16 DISEASES), ORDERED BY EFFECT SIZE. k IS
THE NUMBER OF CELLS, "$in THE MEAN POSITIVE COUNT IN THE
SMALLEST CELL, MDE THE AXIS’S OWN MINIMUM DETECTABLE EOD
FROM (10), AND R = EOD/MDE THE STANDARDIZED EFFECT. “SIG.”
COUNTS DISEASES SIGNIFICANT AFTER BH CORRECTION AT a=0.05.
INTERSECTIONS WERE OUTSIDE THE PRESPECIFIED INFERENCE
PROTOCOL AND ARE UNTESTED (N/A). EFFECT ORDER AND EVIDENCE
ORDER DIFFER; R LARGELY RECONCILES THEM (§VII-B). SOURCE:
OUTPUTS/SDOH_MULTIDISEASE/AXI S_SUPPORT.CSV.

Axis EODmax k nl, MDE Sig

Race X insurance 0.703£0.031 14 3 1.02 n/a

Income X race 0.641+0.126 12 <1 298 n/a

Insurance x disability 0.5814+0.064 8 9 0.62 n/a

Area deprivation 0.542+0.093 5 7 0.67 16/16
Income 0.511£0.082 3 12 0.52 16/16
Insurance 0.509+0.060 4 39 0.29 16/16
Education 0.42240.064 3 21 0.40 16/16
Race 0.274£0.027 5 9 0.60 11/16
Food security 0.1854+0.021 2 123 0.16 16/16
Employment 0.181£0.033 3 65 0.22  16/16
Housing 0.1724+0.019 2 73 021 16/16
Language 0.1434+0.028 2 80 020 16/16
Transportation 0.11940.028 2 97 0.18 16/16
Rurality 0.11740.024 3 76 021 11/16
Age 0.113+0.019 4 30 033 0/16
Disability 0.095+£0.014 2 112 0.17 16/16
Social support 0.095+0.022 2 121  0.17 12/16
Sex 0.034+0.010 2 149 0.15 0/16

the top and bottom thirds; four axes exchange between the
middle and bottom thirds, all of them inside the narrow band
ECE € [0.040,0.042] where the axes are effectively tied.
The calibration conclusions in this paper are therefore not an
artifact of the binning choice, though absolute values should
be read as scheme-dependent to about +0.01.

Maximum calibration error behaves differently, and this
matters because §IV identifies a decision context, in-hospital
mortality, in which the worst bin carries the decision weight.
Mean MCE across cells is 0.341, roughly five times mean
ECE: the worst-calibrated region of the probability range
is badly wrong even where the bin-averaged statistic looks
acceptable. MCE also ranks the axes differently from ECE,
correlating at only p = 0.65 at the axis level. An audit
reporting ECE alone will understate the severity of the worst
miscalibration, and on some axes it will point at the wrong axis
altogether. We report both. Table X records which decision
contexts require which.

D. Phase 1V mitigation across all 48 runs

Table V reports the two-step mitigation on the diabetes task
and Table VI across all 48 disease-seed runs, with Figs. 8-
10 showing the same comparison for EOD, ECE, and the
reliability curves. What matters is whether a method improves
the target metric in every held-out run, since a deployment
sees one run and never the mean.

Threshold optimization reduced EOD in 48 of 48 runs and
in all 16 of 16 diseases, with a paired mean AEOD = —0.285
(95% CI [-0.313, —0.252]; Wilcoxon p = 3.1 x 107> across



TABLE V
FAIRNESS METRICS BEFORE AND AFTER PHASE IV MITIGATION (HGBT,
DIABETES, INSURANCE AXIS, 3 SEEDS).

Configuration AUC EOD ECE

Uncorrected .804+.014 .544+.016 .0724.006
IPW+group Platt .808+.015 .5614.072 .0554.003
Threshold opt. .808+£.015 .241+.079 .0554.003

the 16 disease-level deltas), improvement rate 48/48 (Clopper-
Pearson 95% CI [0.93,1.00]), and no cost in overall AUC,
which rose slightly (+0.004, CI [+0.003,+0.005]) through
the Platt stage it inherits.

Weighted group-wise Platt scaling behaved very differently,
and a means-only table would describe its failure too broadly.
It improved EOD in 19 of 48 runs (CI [0.26,0.55]) and
worsened it in 28, with one run unchanged; at the disease
level it improved 6 of 16. Its paired mean effect was +0.009
with 95% CI [—0.007,40.024] and Wilcoxon p = 0.30. That
interval contains zero, so the data will not support a claim
that Platt scaling worsens EOD on average. They support
a claim of unreliability: its improvement rate is statistically
indistinguishable from a coin flip, and its run-to-run spread
on EOD (SD 0.033 across disease-level deltas, against a mean
of 0.009) runs to several times its central effect. Wherever
the mean sits, a method whose 95% interval spans both
meaningful improvement and meaningful harm makes a poor
default.

The same method is nonetheless the better calibrator, im-
proving ECE in 33 of 48 runs (CI [0.54,0.81]) and 13
of 16 diseases, with paired mean AECE = —0.006 (CI
[—0.009, —0.002], p = 0.004).

This divergence is the substantive finding, and it comes from
a difference between the two objectives; neither method is
defective. Platt scaling recalibrates per-group probability mag-
nitudes without constraining class-conditional error rates, so a
monotone rescaling that lowers ECE can move a group’s TPR
and FPR in opposite directions and widen EOD. Threshold
optimization operates directly on the EOD objective subject
to the accuracy constraint of §V-E, and inherits whatever
calibration gain the Platt stage supplied, which is why the two
configurations share an ECE column. The audit consequence
is concrete: a calibration improvement is no evidence of a
fairness improvement, and a report showing only ECE would
have presented an EOD-neutral-to-harmful intervention as a
success.

a) Two-disease validation cohort: The
same comparison on the smaller validation run
(outputs/sdoh_validation/; diabetes and sepsis,

3 seeds each) was analyzed independently and reproduces the
pattern. For diabetes, EOD moved from 0.602 uncorrected
to 0.681 under Platt scaling (worse in 3 of 3 seeds) and to
0.347 under threshold optimization (better in 3 of 3); for
sepsis, from 0.443 to 0.411 under Platt (better in 2 of 3)
and to 0.157 under threshold optimization (better in 3 of 3).
Pooling the six seeds, threshold optimization improved EOD

TABLE VI
MITIGATION RELIABILITY AND PAIRED EFFECTS ACROSS 16 DISEASES ON
THE INSURANCE AXIS (HGBT, 3 SEEDS; 48 RUNS). THE A ROWS GIVE
THE PAIRED MEAN CHANGE WITH A BOOTSTRAP 95% CI OVER THE 16
DISEASE-LEVEL DELTAS; LOWER EOD AND ECE IS BETTER. “IMPR.”
COUNTS INDIVIDUAL RUNS IMPROVED OUT OF 48 WITH A
CLOPPER-PEARSON 95% CI. THE TWO CONFIGURATIONS ARE APPLIED
SEQUENTIALLY, SO THRESHOLD OPTIMIZATION INHERITS THE PLATT
CALIBRATION AND THEY SHARE AN ECE COLUMN. THE PLATT EOD
INTERVAL CONTAINS ZERO, SO THE DEFECT TO REPORT IS ITS VARIANCE.
SOURCE: OUTPUTS/SDOH_MULTIDISEASE/CORRECTION.CSV.

Configuration AUC EOD ECE EOD impr. ECE impr.
Uncorrected .796+.013 .509+.060 .064=+.007 — —
IPW + group Platt .799+.012 .518+.078 .058=+.005 19/48 33/48
paired A +.004 +.009 —.006
95% CI [.003,.005] [-.007,.024] [—.009,—.002] [.26,.55] [.54,.81]
Threshold opt. .799+.012 .2244.089 .058+.005 48/48 33/48
paired A +.004 —.285 —.006
95% C1 [.003,.005] [—.313,—.252] [—.009,—.002] [.93,1.00] [.54,.81]

Mitigation effect on EOD: Insurance (SES)
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Fig. 8. Maximum equalized-odds difference before and after mitigation on the
insurance axis. Thresholds are selected on the calibration split and evaluated
on the held-out test split.

in 6 of 6 while Platt scaling worsened it in 4 of 6. Threshold
optimization was therefore the method that most consistently
reduced EOD, reducing it in every seed across both diseases,
while Platt scaling targets probability calibration instead of
equalized odds and improved ECE in only 4 of 6 seeds.
By the rule that a method fails if it worsens held-out runs,
neither method succeeds on calibration, and only threshold
optimization succeeds on EOD. The cautious reading is that
an improvement in one fairness measure does not imply an
improvement in another, so a result on one metric should not
be generalized to the others. Agreement between a 6-run and
a 48-run cohort on the direction of both effects is reassuring,
but neither licenses a deployment recommendation: both
draw on the same generator, and the accuracy constraint that
makes threshold optimization viable here is a property of that
generator’s group sizes (§VIII-B).

E. Phase IIl mechanism diagnostics and their failure modes

Under the controlled generator the diagnostic works. Ta-
ble VII reports the diabetes task: in the model-driven setting
A rises from 0.282 +0.012 to 0.398 4= 0.013 while residual
disagreement stays at the control level, and in the label-noise
setting the residual diagnostic rises from 0.104 £ 0.014 to
0.187 4+ 0.021 while counterfactual sensitivity does not. The
rule classifies 144 of 144 disease-seed-setting cases correctly
(Fig. 11).
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Fig. 9. Mean group expected calibration error for the same comparison.
Group-wise Platt scaling targets calibration rather than EOD.
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Fig. 10. Insurance-stratified reliability curves before and after [PW-weighted
group Platt scaling for the lead disease. Curves closer to the diagonal are
better calibrated.

That accuracy is a property of a generator in which ex-
actly one mechanism is active and the probe is handed the
correct proxy columns. Both assumptions fail in practice, so
we construct two conditions that violate them deliberately
(Table VIII). Neither has a single ground-truth label, so we
report the label distribution in place of an accuracy.

Under mixed mechanisms the diagnostic split almost evenly,
21 of 48 model-driven and 27 label-noise-driven, and never re-
turned no-material-disparity. It correctly registered that some-
thing was wrong in every run, but the split is an artifact of
the single-label rule and not a measurement of anything: both
mechanisms were present in all 48 runs, so whichever label is
returned is at best half the answer, and the near-even division
reflects which mechanism happened to dominate a given seed.
There is no single correct label when both mechanisms are
active, and forcing one produces a false binary; choosing
one label when both are causing the problem splits the runs
between model and label noise without identifying a cause
in either group. A reader given only the label would conclude
that roughly half these cohorts had a label-quality problem and
the other half a model problem, when every one had both.

Under a misspecified proxy the failure is more consequential
because it is silent. A model-driven disparity was present in
all 48 runs, yet the probe returned no-material-disparity in 36,
label-noise-driven in 12, and model-driven in none. Mean CF
excess fell from +0.092 to —0.235: probing unrelated columns
finds no sensitivity, and the rule reads absence of sensitivity as
absence of a model-driven problem. The diagnostic depends on
correctly identifying the relevant proxy features, and without
that it is fragile: because it evaluates unrelated columns it

TABLE VII
PHASE III DIAGNOSTICS UNDER THE CONTROLLED GENERATOR,
DIABETES TASK (3 SEEDS). “CORRECT” MEANS THE DIAGNOSTIC
RECOVERS THE INJECTED SETTING RELATIVE TO THE MATCHED
NO-DISPARITY CONTROL.

Setting At Est. 7 Correct

None (control)  0.2824+0.012 0.104 £0.014  100.0%

Model-driven 0.398 +£0.013 0.112+£0.013  100.0%

Label-noise 0.262 +£0.003  0.187+0.021  100.0%
TABLE VIII

STRESS TESTS ACROSS 16 DISEASES X 3 SEEDS (48 RUNS PER
CONDITION). Mixed mechanisms: PROXY SENSITIVITY AND LABEL NOISE
ARE BOTH INJECTED. Misspecified proxy: A MODEL-DRIVEN DISPARITY IS
PRESENT BUT THE PROBE IS GIVEN UNRELATED FEATURE COLUMNS. CF

EXCESS IS THE COUNTERFACTUAL PROBE MAGNITUDE NET OF ITS
DECISION MARGIN; A NEGATIVE VALUE MEANS THE PROBE REGISTERED
LESS SIGNAL THAN THE THRESHOLD FOR A MATERIAL FINDING. SOURCE:
OUTPUTS/SDOH_MULTID ISEASE/ATTRIBUT ION_STRESS.CSV.

Condition Model- Label- No mat. CF
driven noise disparity excess

Mixed mechanisms 21/48 27/48 0/48 +0.092

Misspecified proxy 0/48 12/48 36/48 —0.235

cannot recognize the bias that is in fact present, and the
no-material-disparity verdicts are false negatives dressed as
clean results. Nothing in the output distinguishes “we probed
the right features and found nothing” from “we probed the
wrong features”. The 12 runs relabeled as label-noise-driven
are worse still, because they redirect the investigation toward
data quality when the model is at fault.

Three consequences follow. All three are limitations of the
diagnostic; the benchmark is doing its job. The single-label
output should be read as a ranking of candidate explanations,
since mixed-mechanism cohorts are common in the field
and the rule has no way to represent them. Proxy selection
determines whether the probe is valid at all, so proxy columns
have to be prespecified, justified against domain knowledge
before the audit runs, and reported alongside the result; a
no-material-disparity finding means nothing without them.
And what the probe measures is the model’s sensitivity to
feature values, which falls well short of establishing that
group membership caused the disparity through those features.
The perfect recovery above is a property of a generator
we constructed and does not transfer to causal discovery
on observational data: the probes do not measure a causal
mechanism, and success under a controlled generator does not
establish causal discovery on real data. We therefore describe
Phase III as a mechanism diagnostic throughout, and it should
guide investigation without justifying a corrective action on its
own.

a) Two-disease validation cohort: The validation run
reproduces both patterns at smaller scale: mixed mechanisms
split 4 model-driven and 2 label-noise-driven across 6 runs
with no no-material-disparity verdicts, and the misspecified
proxy returned no-material-disparity in 5 of 6 with mean
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Fig. 11. Diagnostics relative to the matched control. The model-driven con-
dition raises the counterfactual-proxy probe, while the label-noise condition
raises residual disagreement.

TABLE IX

CUSUM THRESHOLD SWEEP ACROSS 16 DISEASES X 3 SEEDS (48 RUNS
PER THRESHOLD; £=0.005, W =1,200, SHIFT INJECTED AT ¢t*=20, 40
WINDOWS PER RUN, 12 MONITORED IN-CONTROL WINDOWS PER RUN).
THE LABEL IS THE MULTIPLE OF THE IN-CONTROL SD USED TO SET h
ADAPTIVELY. LAG IS CONDITIONAL ON DETECTION, SO THE COLUMNS

ARE NOT COMPARABLE WITHOUT THE DETECTION COUNT BESIDE THEM;
THE MEDIAN IS GIVEN BECAUSE THE DISTRIBUTION IS RIGHT-SKEWED.
ARL IS THE IN-CONTROL AVERAGE RUN LENGTH IN WINDOWS. “FA
RUNS” COUNTS HOW MANY OF THE 48 RUNS PRODUCED AT LEAST ONE

FALSE ALARM. SOURCE:
OUTPUTS/SDOH_MULTIDI SEASE/MONITORING_SWEEP .CSV.

Thresh. Detected Lag (mean) Lag (med.) False alarms FA runs ARLg

4o 41/48 1.46 0 59 11/48 10
60 40/48 2.50 1 27 5/48 21
8c 38/48 2.87 2 11 3/48 52

CF excess —0.249. The direction and the silence of the
misspecification failure are consistent across cohorts.

FE. Phase V drift monitoring across cohorts

The CUSUM monitor tracks the EOD stream for the com-
posite Medicaid/uninsured population, roughly 30% of the
cohort, against commercially insured patients. Table IX sweeps
the alarm threshold over 40, 60, and 8¢ across all 48 disease-
seed runs, reporting detection, delay, and in-control average
run length; Fig. 12 shows a representative stream and its
CUSUM trace.

At the 60 reference setting the monitor detects 40 of 48
injected shifts with a mean lag of 2.50 windows, roughly 3,000
patients at W = 1,200, and produces 27 false alarms. Raising
the threshold from 40 to 80 reduces false alarms more than
five-fold and lifts ARLy from 10 to 52 windows, and this is
the only quantity that improves: detections fall from 41 to 38
and mean lag among detected runs rises from 1.46 to 2.87
windows, an increase from roughly 1,800 to 3,400 patients
scored by a degraded model before any alarm. The lag figure
understates the cost of a strict threshold because it conditions

Fairness drift monitoring: Diabetes
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Fig. 12. Representative EOD stream and one-sidled CUSUM trace. The
vertical line marks injected drift onset; the alarm is the first threshold crossing
after onset.

on detection, so the runs a stricter threshold loses entirely drop
out of the average instead of entering it as an unbounded delay.
No threshold detected every run.

Where the errors fall is the more useful finding. Both failure
modes separate almost perfectly by cohort realization, and
barely at all by disease. At 60, all 27 false alarms come
from seed 37, concentrated in 5 of its 16 runs, while seeds
11 and 23 produce none at all; conversely 7 of the 8 missed
detections are seed 23, whose per-seed detection rate is 9 of
16 against 15 of 16 for seed 11 and 16 of 16 for seed 37 (x?
p = 0.002). Seven runs go undetected at every threshold in the
sweep, and all seven are seed 23. The mechanism is visible
in the adaptive threshold itself: seed 23 has the noisiest in-
control stream (69 = 0.054 on average against 0.048 for seed
11), so the adaptive rule hands it the highest alarm threshold
(h = 0.33 against 0.29) precisely in the cohort where the shift
is hardest to see, while seed 37’s lower and more variable
in-control mean (po = 0.190 & 0.041 against 0.222 4 0.017)
makes it prone to spurious crossings.

This changes the practical reading of the sweep. Within
a cohort the two error types barely coexist: the cohort that
misses almost never false-alarms, and the cohort that false-
alarms never misses. What looks like a threshold-tuning trade-
off is largely a transfer problem. An operator who calibrates
h on one in-control period and deploys it on a population
whose baseline EOD variance differs will land in a different
error regime from the one they tuned for, and the adaptive rule
meant to protect against exactly this works against detection
when the baseline is noisy. We therefore report the sweep and
recommend no default, noting that a principled choice requires
what this benchmark does not supply: a target in-control false-
alarm rate, equivalently a target ARL, fixed in advance and
calibrated on in-control data from the deployment population
itself, with re-calibration when that population changes.

a) Two-disease validation cohort: The same sweep on
the validation run (diabetes and sepsis, 3 seeds each; 6 runs
per threshold) shows the same monotone structure: detections
held at 4 of 6 at every threshold, mean lag among detected
runs rose from 1.25 to 1.75 to 5.25 windows, and false alarms



fell from 6 to 4 to 0. The two missed runs were missed at all
three thresholds, which points to a stream whose noise level
defeats the monitor at any setting. The false-alarm reduction
is steeper and the lag penalty larger in this cohort, which is
why the 48-run sweep supplies the quantitative claims above.
The 8o setting reaching zero false alarms in this cohort is
worth stating plainly as a caution: zero false alarms is not
automatically the best choice, because the trade-off for a high
threshold is a monitor delayed long enough that a degraded
model keeps scoring patients in the interval. The operating
threshold has to be chosen from the clinical cost of that delay
weighed against the review burden a spurious alarm imposes.
That is a deployment-specific judgment, and no statistic settles
it.

G. Audit priorities by decision context

Table X summarizes the three decision-support contexts of
§IV. The priority metric follows from the asymmetry between
the two error costs, not from which metric is most convenient
to compute, and the three tasks do not resolve to the same
choice.

For 30-day readmission and sepsis early warning the dom-
inant harm is a missed case, so the priority metric is the
equalized missed-case rate. Because the false-negative rate
is the complement of the true-positive rate, equalizing one
equalizes the other; we report the false-negative form so that
the equalized quantity is the harm itself. The two tasks differ in
tolerance for false alarms. Readmission alerts consume case-
management capacity over days, so a moderate false-alarm
burden is absorbable, whereas sepsis alerts fire into a workflow
where excess alarms degrade response to genuine ones, SO
the missed-case constraint must be met without inflating the
alarm rate. The stakes in the sepsis case are set by the time
dependence of the underlying harm [29]-[31].

For in-hospital mortality prediction the score is consumed
as a probability and not as a binary flag, so rank-order agree-
ment will not do. A model that systematically overestimates
mortality for one subgroup can contribute to disproportionate
care limitation even when its per-group AUC is acceptable [7],
[41]. Group-stratified ECE is the priority metric, supplemented
by MCE, and §VII-C shows this supplement is not cosmetic:
mean MCE is about five times mean ECE and ranks the axes
differently (p = 0.65), so the two can disagree about which
subgroup is worst served.

The ordering says which metric to privilege when metrics
conflict, and it has a direct consequence for the audit. In this
benchmark the most disparate metric is often not the one a
given task depends on, so a single-metric audit can return a
clean result on the axis that matters least.

VIII. DISCUSSION

A. What generalizes

The numeric results in this paper are properties of a genera-
tor we wrote, and none of them estimates disparity in a clinical
population. Three structural claims about the audit itself should
survive the move to real data.

TABLE X
CLINICAL DECISION-SUPPORT CONTEXT FOR THREE REPRESENTATIVE
TASKS. METRIC PRIORITY FOLLOWS FROM THE ASYMMETRIC COST OF
THE DOMINANT ERROR TYPE. FNR AND TPR ARE COMPLEMENTARY; THE
FALSE-NEGATIVE FORM IS REPORTED SO THAT THE EQUALIZED
QUANTITY IS THE HARM ITSELF.

Task Users Timing Priority met-
ric
30-day read-  Discharge Final days of  Equalized
mission planners; index admis-  missed-case
case sion rate (FNR)
managers;
post-acute
coordinators
Sepsis early  Bedside Continuous Equalized
warning nurses; during missed-case
rapid- ED/ICU rate (FNR),
response stay at fixed alarm
teams; rate
ED/ICU
physicians
In-hospital ICU attend-  Continuous Group-
mortality ings; critical-  during ICU  stratified
care teams stay (hourly ECE, with
in some MCE
models)

The first concerns silence. A no-material-disparity verdict
from Phase III comes out the same whether the model is clean
or the probe was pointed at the wrong columns (§VII-E); a
non-significant axis in Phase II comes out the same whether
the disparity is absent or the smallest cell simply cannot
resolve it (§VII-B). One cheap remedy covers both cases: print
the instrument’s resolution next to its reading, which means
the proxy set for Phase III and n;in, MDE, and R for Phase II.

The second is that metric improvements fail to compose.
Calibration and error-rate parity pull in different directions,
and §VII-D gives a run-level instance of the impossibility
results [3], [5], with the better calibrator turning out to be
the unreliable fairness intervention. A single aggregate fairness
score would have buried this, which is why we report a metric
vector.

The third concerns aggregation. Averaging mitigation results
across runs made Platt scaling look like a mild EOD regres-
sion, when the defensible finding is an effect centered near
zero with a spread several times larger. Applied to Phase V, the
same averaging would have reported a detection/false-alarm
trade-off that no single cohort ever experiences.

B. Limitations

The framework is evaluated on a synthetic benchmark with
controlled injected disparities. We chose that deliberately,
since controlled generation supports recovery tests and lets
us exercise each phase independently. The generator also
encodes the relationships among SDOH attributes, outcomes,
and proxy features, which makes the observed ranking of axes
a benchmark property and not an estimate of clinical disparity.
In real EHR data the data-generating process is unknown, the
sensitive attribute is often missing or poorly coded, and label
noise is inseparable from documentation practice.



Statistical scope is limited in three specific ways. Inference
is prespecified for the 15 single axes on the HGBT model only,
which leaves the three intersections carrying the largest point
estimates in the benchmark and no evidence at all (§VII-B).
No subgroup cell reaches the support the power analysis calls
for (§VI-D), and 12 of the 15 tested axes have R < 1. The
significance pattern we report is also conditional on three seed
cohorts, and §VII-F shows how far a single cohort realization
can move a result.

The Phase IV mitigation is post-hoc. Inverse-propensity
weighting balances measured feature distributions on the cal-
ibration set but does not identify causal effects or address
unmeasured confounding. The threshold search is coordinate
descent and returns a local optimum, so the reported EOD
reductions are lower bounds under the accuracy constraint.
Group-specific thresholds require group membership at infer-
ence time and therefore explicit legal, ethical, and clinical
governance, and selection on a calibration split does not
guarantee improvement on future data.

A broader limitation is that optimizing one fairness metric
gives no guarantee about the others. Threshold optimization
was highly effective on EOD, reducing it in all 48 runs, but it
acts only on the decision boundary and carries no calibration
objective of its own: the ECE gain reported beside it is inher-
ited from the Platt stage that precedes it, not produced by the
thresholds. Platt scaling improved probability calibration but
was not a successful fairness intervention. Post-hoc calibration
can therefore increase disparity in error rates, so the mitigation
has to be matched to the quantity the deployment actually
depends on (§1V), which is often the harder one to improve.

Intersectional fairness is evaluated for three axis pairs and
not exhaustively. Intersectional strata consistently show ampli-
fied EOD relative to single-axis strata, reaching 0.703 +-0.031
on race X insurance against 0.509+0.060 for insurance alone.
Compound disadvantage of this kind is well documented in the
SDOH literature. Full combinatorial intersectional analysis,
with a prespecified minimum cell count and an inference
protocol extended to those strata, is the direct next step.

C. Outlook

Real-world validation remains necessary before any
deployment-level conclusion. The recommended next steps
are: (i) replication on MIMIC-IV readmission and mortality
tasks [19] with race and insurance as sensitive attributes,
reporting n.t. and R per axis; (ii) longitudinal evaluation on
time-stamped admission data to test Phase V against observed
drift instead of injected drift, with A calibrated to a prespecified
ARLj on a held-out in-control period; (iii) a Phase III protocol
in which the proxy set is registered in advance and the
diagnostic reports a sensitivity range over plausible proxy sets
in place of a single label; and (iv) a prospective audit protocol
designed with a clinical partner.

IX. CONCLUSION

KAISEN separates subgroup measurement, confirmatory
testing, mechanism diagnostics, post-hoc mitigation, and lon-

gitudinal monitoring into a reproducible workflow, and we
pushed each component until it broke. In the controlled
16-disease benchmark, aggregate performance conceals large
subgroup error-rate gaps, and which of those gaps reaches
significance depends on effect size measured against each
axis’s own detectable floor, with p rising from 0.56 to
0.78 under standardization. Threshold optimization reduces
EOD in 48 of 48 held-out runs (paired A = —0.285, CI
[—0.313, —0.252]), while group-wise Platt scaling calibrates
better and performs like a coin flip on EOD. The mechanism
diagnostic classifies all 144 controlled cases and none of 48
misspecified-proxy cases, giving no signal that it has failed.
The drift monitor’s detection failures and false alarms follow
the cohort realization, so a threshold tuned on one in-control
period fails to transfer.

Every one of these components fails quietly, and the same
fix applies to all of them: publish the instrument’s resolu-
tion beside its reading. In practice that means the subgroup
support behind a p-value and the proxy set behind a no-
material-disparity verdict, together with the per-run spread
behind any mitigation mean and the in-control ARL behind
any detection rate. Fairness metrics belong in a vector with
uncertainty across all relevant subgroups, because recalibration
and equalized-odds objectives need separate interventions and
progress on one buys nothing on the other. Mitigation and
diagnostic claims should be validated on untouched held-out
data. Clinical and causal conclusions need external evidence
well beyond this synthetic benchmark.

REPRODUCIBILITY

A script emits every quantitative claim in this manuscript
from a committed artifact; none was transcribed by

hand. scripts/generate_paper_results.py
writes the point estimates, and
scripts/generate_extended_results.py the

derived statistics of §VI-D, §VII-B, §VII-C, §VII-D, and
§VII-F, both as LaTeX macro files alongside this source.
Experiment runs record a git commit, a SHA-256 hash of
the configuration, the Python version, and the platform in
run_metadata. json; the results reported here correspond
to commit 46341ee0 and config hash 4bb87ed0. Seeds are
fixed at {11,23,37} and all models are deterministic given
a seed. The benchmark generator, the audit implementation,
the 16-disease and 2-disease output artifacts, and the
figure-generation code are released at [42].!
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