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Abstract

The effects of missing data have been studied primarily in the context of prediction,
where the literature has affirmed that informative missingness can be a strong
predictive signal in clinical settings. However, when this signal interacts with
deployment scenarios, it leads to consequential outcomes. We present a paper
showing that clinical prediction models (CPMs) can learn to use missing data
as a predictive signal, thereby creating an undesirable feedback loop. We also
introduce two mitigation methods that resolve these issues: an uncertainty-triggered
measurement intervention and a causal RLHF pipeline. Our bias identification
methods confirmed that models trained on biased measurement data learn to treat a
lack of data as a proxy for health, and our bias mitigation methods were effective
in reducing bias relative to the baseline model.

1 Introduction

The integration of artificial intelligence (Al) into the medical field raises concerns about how bias can
emerge, compound, and cause significant harm in clinical processes [[14} 5,16} 2l]. One such concern
is missing data, which occurs when clinical data generation is driven by decisions about whom to
test and monitor. These decisions are often influenced by both clinical and non-clinical factors [14].
As a result, electronic health record data is inherently selective and often incomplete. However,
when certain patients are measured less frequently, missingness itself can become informative. Prior
work shows that models may use the presence or absence of measurements as a proxy for risk,
effectively learning that unmeasured patients are lower risk [[17]. While this can improve retrospective
performance, it raises concerns at deployment. If model predictions influence future measurement
decisions, the data-generating process becomes coupled with the model. This can induce a feedback
loop: less measurement leads to sparser data, lower predicted risk, and consequently even less
measurement. Over time, such dynamics may compound disparities across patient groups.

Despite extensive work on handling missing data [4} 6} [18], little attention has been paid to how
missingness-based signals behave under deployment. In this work, we study how selective measure-
ment can induce feedback loops in clinical prediction systems and when these dynamics amplify bias.
Our contributions include: 1) demonstrating that CPMs can learn to use missing data as a predictive
signal, which creates an undesirable feedback loop, and 2) introducing mitigation methods that fix
these observed issues.

*Equal contribution.
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2 Related work

2.1 Informative missingness

Informative missingness is a concept that treats missing data in electronic health records (EHRs) as a
good predictive signal rather than a nuisance is called [21}[19} 20} 3]]. For example, clinicians who
selectively order tests for patients create informative patterns that reflect aspects of medical decision-
making. Informative missingness is prevalent in clinical predictive settings because data collection
is driven by clinical requirements of patients and clinicians rather than by a fixed measurement
protocol [19]. However, because of this, some patients may be unmeasured if internal patient
or clinician decisions deemed certain diagnostic processes unnecessary, thus creating space for
selectively biased data to be produced. One particular example is the selective labels problem, in
which outcomes are observed only for patients that a clinician chooses to test. As a result, the model
learns P(Y | X, D=1) rather than P(Y | X ), making standard evaluation unreliable (Y is the true
label, X is the covariates available for prediction, and D is the human decision) [12[7].

This literature establishes that informative missingness provides a predictive signal that can be
beneficial. However, [12, [7] shows that more work is needed to examine what happens when a
deployed model’s predictions feed back into the measurement process that generates the predictive
signal. This is the interaction we seek to investigate.

2.2 Performative prediction

Performative prediction describes settings in which a model’s predictions have downstream effects
on clinical decisions and care pathways that determine the outcomes the model aims to predict [15].

Formally, we can represent this performative risk minimization problem as PR(0) & E £(Z;0),
Z~D(0

where the data distribution D itself depends on model parameters.

Existing literature has shown how individual feedback loops in ML decision-making perpetuate this
concept, creating historical bias because decisions that alter current inherent properties can affect
future features 13} 1} 18]. However, this prior work has not necessarily examined how this mechanism
interacts with informative missingness, in which the measurement pattern is used as a predictive
feature. We address this gap by showing that informative missingness and performative prediction
interact to create an undesirable feedback loop and by proposing mitigation methods that break this
bias cycle.

3 Preliminaries

In forming our bias mitigation techniques, we decide to translate an RLHF pipeline into a causal
graph, as shown in Figure However, we notice that the resulting graph creates a cycle between
the model, the output, and the reward model. As a result, it breaks the directed acyclic graph (DAG)
assumption that underlies standard causal inference:

Let G = (V, E) be the causal graph. Standard causal inference methods, including
d-separation, require G to be a directed acyclic graph (DAG), i.e. there exists no
directed path v; — vg — -+ — v — vy forany {vy,..., v} C V.

Our analysis of performative prediction shows that these feedback loops and cycles can create
downstream effects on the outcomes themselves. Therefore, having a bias mitigation technique in
this structure would be counterproductive.

We resolve this issue by splitting the original causal graph (see Figure [A3) into three piecewise
causal chains that run in sequential time steps. This separation can be seen in Figure[A4] Our goal
was to apply D-separation to each of these causal chains to determine conditional independence,
but we encountered an issue: a node observed in one time step must be unobserved in the next.
For example,  — M — y requires M to be observed for conditional independence to occur, but
in M — y — RM, M must be unobserved. Resolving these observability issues was critical to
determining our solution. This split also does not provide an avenue for us to consider potential
hidden confounders, one of which could be the influence of missing data via informative missingness.



To resolve these challenges, we assume the following when building our causal RLHF model:

1. Confounder containment. All hidden confounders are absorbed into a single latent node h.
That is, for any unobserved variable U that is a common cause of two or more nodes in the
graph, U is contained in h. Formally, let Voo, = {x, M7, M2, y1,y2, RM71, RM>} denote
the set of observed nodes. For any pair V;, V; € Vs, there exists no latent common cause
outside of h:

BU ¢ Vips U{h} suchthat U — V; and U — V. (1)
This ensures that conditioning on h is sufficient to block all backdoor paths through unob-
served confounders, enabling valid causal identification within each piecewise subgraph.

2. Temporal copy exclusivity. Nodes that appear at multiple timesteps are copies of the same
underlying entity unrolled over time. Specifically, M; and M5 are instantiations of the same
model M at consecutive timesteps, and similarly, y; and ys for the output and RM; and
RMs> for the reward model. At any given timestep, only one copy is observed while the
other is unobserved:

o(My) =1 = o(M>) = 0,
o(M3) =1 = o(My) =0, 2)

where o(-) € {0,1} denotes the observability indicator. The same exclusivity holds for
(y1,y2) and (RM;, RM>). This temporal unrolling serves two purposes: it breaks the cycle
in the original causal graph, and it encodes the fact that the system cannot simultaneously
be in two stages of the feedback loop.

4 Methods

4.1 Bias identification

We propose a two-task methodology for identifying observation-driven bias in clinical risk scoring
systems, validated in both a controlled synthetic environment and a real-world clinical dataset.

Task 1 asks whether a model trained on informatively missing data encodes an observability shortcut:
treating unmeasuredness as a signal of lower clinical risk. We inspect learned coefficients directly
and develop a counterfactual masking audit that quantifies how much predicted risk drops when a
patient is artificially treated as unmeasured.

Task 2 asks whether this shortcut, once encoded, creates a self-sustaining feedback loop under de-
ployment. We simulate a risk-driven monitoring policy and track whether disparities in measurement
rate, predicted risk, and gap length emerge and persist despite equal underlying severity.

Together, Task 1 establishes that the bias exists within the model and Task 2 establishes that deploy-
ment actively compounds it. Both tasks are evaluated on the synthetic experiment first, then applied
to MIMIC-IV to assess whether the same signatures appear in real hospital data.

4.1.1 Task 1: observability audit

The observability audit is a two-stage procedure for detecting and quantifying whether a model has
encoded measurement patterns as proxies for clinical risk.

Stage 1: Coefficient inspection. We train a logistic regression model to predict outcome Y from
(Z¢, my, O, ¢t). The observability shortcut is directly detectable in the learned weights: negative
coefficients on m; and ¢; indicate the model predicts lower risk for unmeasured patients, and as
gaps accumulate. We assess statistical significance via Wald tests, reporting coefficients, z-scores,
p-values, and 95% confidence intervals. The shortcut is confirmed if m; and §; carry significant
negative coefficients dominant in magnitude over x;. To verify the shortcut is a structural property of
the data rather than an artifact of model choice, we additionally train an MLP (64 units, ReLLU) and
XGBoost on identical splits, using SHAP-based feature attribution to assess whether measurement
pattern features remain dominant across model classes.

Stage 2: counterfactual masking audit. To quantify the practical consequence of the shortcut on
individual predictions, for each held-out test record, we compute:

Arisk = f(it,mt, 5t7 Ct) — f('itv 1, 5t + 1, Ct) (3)



where f(-) denotes predicted probability. This measures how much predicted risk drops when we
counterfactually set m; = 1 and increment §; by one, the two features that would differ if no
measurement had occurred. A positive mean Arisk confirms the shortcut operates on real predictions.
We report the mean Arisk by group to assess effects across logistic regression, MLP, and XGBoost.

4.1.2 Task 2: score-based simulation

The score-based simulation deploys the trained model as a monitoring policy to test whether measure-
ment disparities emerge and persist over time, with no new external bias introduced after training.

Initialization. Each patient is initialized from their actual end-of-training feature state, preserving
the accumulated measurement disadvantage that Group 1 patients carry into deployment.

Simulation procedure. We simulate 7" = 30 deployment timesteps. At each timestep ¢, for every
patient i:

1. Predicted risk is computed: p¢ = f(features!)
2. Measurement probability is assigned:

oh = if pt =
t {phlgh 0.85 ifp; >7=0.5 @

e Plow = 0.15  otherwise

3. Measurement is drawn: M/} ~ Bernoulli(r})

4. Features update: if measured, gap resets, Z; refreshes, count increments; otherwise gap
increments, T; carries forward.

5. True severity transitions via the Markov chain, independently of measurement.

Tracked metrics. We record mean measurement rate, predicted risk, gap length, and true severity
prevalence by group at each timestep. True severity serves as a control: any disparity in the remaining
metrics is attributable to the model and policy rather than genuine clinical differences. Disparity is
reported as Group 0 minus Group 1 averaged across the deployment period. The model is frozen
throughout to isolate the feedback loop from the compounding effects of retraining, which we
acknowledge as a limitation.

4.2 Bias mitigation

We propose two bias mitigation techniques to reduce bias in our baseline model.

Task 3 proposes an uncertainty-triggered measurement intervention, which assigns the patient a higher
measurement probability during the score-based policy simulation phase (Task 2) if two specific
thresholds are exceeded.

Task 4 proposes a causal RLHF pipeline that offers an alternative to the typical RLHF processes
commonly found in clinical settings. It corrects the biased predictions directly, producing debiased
scores that naturally equalize monitoring rates when fed into the same threshold policy.

4.2.1 Task 3: uncertainty-triggered measurement

Method.We augment the baseline policy with two additional triggers. A patient is assigned phigp if
either their predictive uncertainty exceeds a threshold, p!(1 — p!) > ug, or their measurement gap
exceeds a maximum allowed duration, 6! > go. The uncertainty criterion targets patients for whom
the model lacks confidence, while the gap criterion directly addresses chronically under-observed
patients regardless of predicted risk. Together, they break the core feedback mechanism: a patient can
no longer be systematically under-measured simply because the model is confident they are low risk.

Justification of parameters. We set ug = 0.20, corresponding to 80% of the maximum Bernoulli
variance (0.25 at p = 0.5), and go = 3 timesteps, a gap duration that is routine for the under-measured
group, but rare for the reference group in our synthetic data.

4.2.2 Task 4: causal RLHF

Causal graph. Figure |I[shows the final construction of our causal RLHF pipeline after implementing
the assumptions made in our Preliminaries section. The splitting of nodes observed more than once



across timesteps resolves the violation of the DAG assumption and the observability conflicts. The
addition of the latent node & resolves the issue of not accounting for hidden confounders.

Components. M is frozen throughout, analogous to a pre-trained base model in standard RLHF.
M5 maps biased predictions and observable proxies to debiased targets: yo = Ma(y1, 0, my, Y1 -
¢, y1 - my). The interaction terms capture how gap-induced underestimation scales with predicted
risk. M5 learns only the debiasing correction from observable proxies and does not observe group

membership. To prevent abrupt parameter jumps, M, blends each round’s predictions with the
(blend) ( (r,new)

previous round’s: ¥ =(1-n) y{fl) + 1Y
R M, produces correction targets via counterfactual gap correction: for each patient, it computes the
prediction M; would make if the patient had just been measured: y* = M, (z | §;=0, m;=0). It

then applies a per-patient correction §; = v, (yﬁi;—ycurrem,i), where Yeurrent 18 ¥1 on round 0 and yéril)

thereafter, and «, controls correction strength. Training targets are g5 ="' = clip(Yeurrent + 0, 0, 1).
RM; evaluates y, each round via severity-adjusted disparity, which isolates the gap attributable
to measurement bias: (§24=0 — Sg=0) — (¥2,9=1 — Sg¢=1),- The fairness score is 1 —
|severity-adjusted disparity|.

Training and deployment. Each of R rounds applies: (1) frozen M; to obtain y;; (2) RM; to
correct Yeurrent and retrain My (3) updated Mo to produce y», audited by RM;. At deployment, Mo
is composed with M; so the threshold policy operates on debiased scores yo = Ma (M7 (x), ¢, ™).
Measurement-rate equalization emerges from corrected risk estimates rather than an explicit rule-
based override. The full algorithm is provided in [I]in the appendix.

Figure 1: Causal RLHF graph and its piecewise decomposition. Left: the full causal graph
with observed nodes split into temporal copies. Right: the three sequential causal chains. At t=1,
(x — My — y1) occurs. At t=2, (My — y2 — RM;) and (b — M7 — y71) occur simultaneously.
At t=3, (y1 — RMy — M>) occurs. The unrolling breaks the feedback cycle into a valid DAG while
the latent node h accounts for hidden confounders.

S Experiments

5.1 Synthetic experiment

We simulate N = 2000 patients over T = 20 timesteps. Each patient ¢ is assigned to a subgroup
gi € {0, 1} with equal prevalence (IN/2 per group). The two groups have identical underlying health
dynamics but differ systematically in their measurement rates, mimicking real-world disparities.

Severity state. Each patient has a hidden binary severity state S; € {0,1} evolving as a time-
homogeneous Markov chain:
P(Si41=1[85=1)=p11 =038, (%)
P(Si11 =15 =0)=po =0.2. (6)

The stationary distribution gives P(S = 1) = po1/(1 — p11 + po1) = 0.5, so both groups have equal
expected severity prevalence. Initial states are drawn from this stationary distribution.



Measurement process. At each timestep, a measurement decision M; € {0,1} is drawn from a
Bernoulli whose parameter depends on both current severity and group membership:

0.80 ifS;=1,g=0
0.60 ifS,=1,g=1
0.30 ifS,=0,g=0
0.15 ifS, =0, g=1

P(My=1]59) = @)

This encodes two structural properties of real clinical data. First, sicker patients are measured more
often regardless of group. Second, Group 1 is systematically under-measured across all severity
levels, resulting in a measurement rate disparity of 17.7 percentage points (Group 0: 55.1%, Group 1:
37.4%) despite identical true severity distributions (Group 0: 50.7%, Group 1: 50.4%).

Observed feature. When M; = 1, a biomarker value is drawn as:
X; ~N(ps,,0%), w1 =10, uo =0.0, 0 = 1.0. 8)

When M; = 0, X; is missing (NaN), representing a noisy clinical variable whose distribution differs
by severity, analogous to a lab value such as troponin or creatinine.

Outcome label. The outcome Y; = Sq(f ) @ &;, €; ~ Bernoulli(0.05) is the patients’s last timestep
severity, yielding approximately 50% prevalence in both groups. The noise term reflects the imperfect
correspondence between clinical labels and true underlying severity in real EHR data.

Feature construction. From the raw trajectory data we construct four features per (patient, timestep)
pair: (1) Z;, the forward-filled last observed value (global mean if never observed); (2) m; € {0, 1},
missingness indicator for the current timestep; (3) 6; € Z>¢, the gap in timesteps since the last
measurement; and (4) ¢; € Zx, the cumulative measurement count.

Bias mitigation setup. Both mitigation methods are evaluated on the synthetic dataset. We compare
three conditions against the same deployment simulation described in Task 2: the biased baseline
(M under the standard threshold policy), the uncertainty-triggered policy (Task 3), and the Causal
RLHF pipeline (Task 4). For the uncertainty-triggered policy, ug = 0.20 and gg = 3; for Causal
RLHF, R = 8 rounds with annealing schedule o, = min(0.4 + 0.12r, 1.0) and blending rate
n = 0.6. My is instantiated as an ordinary least squares linear regression with standardised inputs.
All hyperparameters were selected by manual tuning; no grid search was performed.

5.2 MIMIC-IV experiment

We apply the same bias identification pipeline to MIMIC-IV, a publicly available dataset of hospital
admissions from Beth Israel Deaconess Medical Center [[L1, [10, 9], accessed under institutional
ethics training and a signed data use agreement. Unlike the synthetic experiment, the true underlying
health state is never observed in real clinical data — the MIMIC experiment instead asks whether the
preconditions for the feedback loop are present in practice.

Cohort construction. We restrict to adults (anchor_age > 18) with a first ICU stay only and
minimum length of stay of 48 hours, ensuring sufficient temporal resolution for time-series feature
construction. We further restrict to Private or Medicaid insurance, excluding Medicare, to avoid
age-related confounds. This yields 12,726 patients: 8,301 Private (Group 0) and 4,425 Medicaid
(Group 1). Private patients constitute the reference group and Medicaid patients the disadvantaged
group, used as a proxy for access disparity rather than a causal claim.

Outcome variable. In-hospital mortality serves as Y (Y = 1 if deathtime is non-null, Y = 0
otherwise). Overall mortality is 10.58% (Private: 9.61%, Medicaid: 12.38%). The higher Medi-
caid mortality indicates genuine severity differences between groups, which we acknowledge as a
limitation: unlike the synthetic experiment, equal underlying severity cannot be guaranteed.

Lab variable selection. We systematically evaluated 12 candidate variables from labevents. Rou-
tine electrolytes and metabolic panels showed no disparity or slight reverse disparity (Private/Medicaid
ratios 0.94-0.96). Troponin T (itemid 51003) was the sole variable with higher measurement rates
among Private patients (ratio 1.062), with a 6.6 percentage-point zero-measurement gap among
deceased patients (Private: 57.1%, Medicaid: 63.7%) absent among survivors. Creatinine (itemid
50912) is retained as a control given its near-universal ordering rate (99.9% Private, 100% Medicaid).



Feature construction. Each ICU stay is divided into 12-hour bins up to a maximum of 20 timesteps.
The bin size is motivated by the median inter-measurement interval for troponin (9.42 hours). We
construct the same four features — Z;, my, d;, ¢, — separately for troponin and creatinine, yielding
eight features per (patient, timestep) pair, with Y and group label joined onto every row. The final
feature matrix contains 123,342 rows across 12,726 patients (mean 9.69 timesteps per patient).

6 Results

6.1 Bias identification
6.1.1 Synthetic experiment

Models trained on biased measurement data learn to treat unmeasuredness as a proxy for health,
and this observability shortcut is statistically dominant over genuine clinical signal. The fitted
coefficients directly reveal the shortcut (Table[I)): both observability features carry highly significant
negative weights (m;: —0.130, p < 0.001; d;: —0.035, p < 0.001), while the clinical signal z; is
only weakly significant (p = 0.015) with a substantially smaller effect size, and measurement count
is non-significant (p = 0.31). The model relies more on the measurement pattern than its content,
producing a lower mean predicted risk for Group 1 (0.507) than for Group 0 (0.521) despite equal
severity.

Table 1: Logistic regression coefficients with Wald test statistics. The model relies more heavily
on measurement-pattern features (m;, d;) than on the clinical signal (Z;), confirming the observability
shortcut. Asterisks denote significance level: x x xp < 0.001, *p < 0.05, ns = not significant.

Feature Coef z  p-value Sig
¢ (forward-filled) +0.026 2.42 0.015 *
my (missingness indicator) —0.130 —4.42 < 0.001  *%%*
0+ (gap length) —-0.035 —4.73 <0.001 ***
¢ (measurement count) +0.004 1.02 0.309 ns

The observability shortcut manifests in individual predictions: masking a measurement reduces
predicted risk regardless of true clinical state. The counterfactual masking audit confirms the
shortcut operates on real predictions: mean Arisk is positive for both groups (Group 0: +0.026;
Group 1: 4-0.020). The smaller effect in Group 1 showed that the model had so thoroughly absorbed
their unmeasuredness into its baseline predictions that masking an additional step barely changed
anything, providing evidence of the shortcut’s depth. The multi-step masking audit further shows that
predicted risk degrades monotonically with £, and the inter-group disparity persists through k£ = 10
(Table 2] Figure[B3)), driven by the staleness of Group 1’s forward-filled values.

The observability shortcut is not an artifact of model simplicity; it emerges across all tested
model classes through different but equivalent pathways. We additionally trained an MLP
(64 units, ReLU) and XGBoost on identical features and splits. All three models achieve near-
identical AUROC scores (LR: 0.530, MLP: 0.538, XGB: 0.518), confirming task difficulty is model-
independent. SHAP-based feature attribution reveals all three exploit the observability shortcut
through different pathways (Table B5): logistic regression through m; and d; directly, the MLP
through §;, and XGBoost through Z;, which is itself a product of the measurement process as longer
gaps produce increasingly stale forward-filled values. The shortcut is not eliminated by model
sophistication; it is redistributed across features.

Once encoded in a deployed model, the observability shortcut creates a self-sustaining feed-
back loop that compounds measurement disparity without any new external bias. The policy
simulation reveals three coupled disparity channels sustaining simultaneously across 30 deployment
timesteps (Table[3] Figure B6). Under the baseline policy, Group 0 is measured at a 4.6 percentage
point higher rate than Group 1 despite equal true severity, with mean predicted risk remaining 1.1
percentage points higher and gaps 0.576 timesteps shorter throughout deployment. The policy per-
petuates lower measurement rates for Group 1, keeping their features staler and their predicted risk
lower in a self-reinforcing cycle that compounds rather than corrects the historical deficit. Critically,
true severity remains equal throughout, confirming none of the observed disparity reflects genuine
clinical differences. The feedback loop requires no new external bias to sustain itself.



Table 2: Predicted risk under multi-step masking. Predicted risk decays monotonically as consecu-
tive unmeasured steps increase, and the inter-group disparity persists through £ = 10, showing the
shortcut compounds with prolonged unobservation.

Group0 Groupl GO—-GlI

k

0 0.526 0.508 0.018
3 0.482 0.470 0.012
5
10

0.465 0.453 0.012
0.422 0.410 0.012

Table 3: Disparity (Group 0 — Group 1) under baseline policy. The feedback loop sustains
measurement, risk, and gap disparities throughout deployment despite equal true severity. Positive
values indicate Group 1 disadvantage for measurement rate and predicted risk; negative values
indicate Group 1 disadvantage for gap length.

Metric Baseline disparity
Measurement rate +0.046
Predicted risk +0.011
Gap length —0.576

6.1.2 MIMIC-IV experiment

The observability shortcut replicates in real clinical data, operating more strongly for selectively
ordered labs than for routine controls. The coefficient on trop_missing_now is —0.2794 (p <
0.001, ***), confirming that being unmeasured for troponin predicts lower mortality risk (Table 4.
The effect is larger for troponin than creatinine (—0.28 vs —0.16), consistent with troponin’s more
selective ordering carrying a stronger informative missingness signal. The troponin gap coefficient is
positive and significant (p = 0.013), reflecting a clinically coherent reversal: patients who receive
troponin after a long gap are those who received enough clinician concern to trigger the order. The
counterfactual masking audit produces smaller Arisk values than the synthetic experiment (Private:
+0.00112; Medicaid: +0.00081), which we attribute to troponin being missing in 95.5% of bins. The
model has absorbed unmeasuredness so thoroughly that the additional masking step has little impact.

The gap disparity signature persists in real deployment simulation, though predicted risk
and measurement rate disparities do not replicate cleanly. Medicaid patients enter with longer
troponin gaps (9.04 vs 8.53 bins), and this disparity persists throughout the 30-step simulation (5.45
vs 5.34 bins at the final timestep). However, predicted risk and measurement rate show no consistent
directional disparity: predicted risks cluster around 0.13, well below 7 = 0.5, collapsing the policy
to a near-uniform low-measurement regime where group differences cannot manifest. The gap
disparity persists because Medicaid patients initialise with longer gaps and the policy is insufficiently
sensitive to correct them. These results might understate real-world risk, as the model is frozen during
simulation whereas real deployments involve periodic retraining that could reinforce the bias.

6.2 Bias mitigation

Our bias mitigation techniques were effective at reducing bias from the baseline model. Figure[2]
compares both methods against the baseline across three disparity metrics. For measurement rate (left
column), both methods yield identical results, reducing the baseline disparity of +0.046 to -0.005.
This shows a near-complete correction that slightly over-corrects, with Group 1 ending up marginally
more measured than Group 0. For predicted risk (center column), both methods substantially reduce
the baseline disparity of +0.011: uncertainty-triggered measurement corrects within five timesteps
while causal RLHF eliminates the gap almost immediately, achieving average disparities of +0.0034
and +0.0030, respectively. Causal RLHF in this area performs marginally better. Some residual
disparity remains, indicating the bias is not fully eliminated. For gap length (right column), both
methods collapse the baseline disparity of —0.576 to near zero (— 0.0002), indicating that both
groups are re-measured at comparable frequencies.



Table 4: Logistic regression coefficients for the MIMIC-IV model comparing troponin and crea-
tinine features. The observability shortcut is stronger for selectively ordered troponin, confirming the
bias scales with measurement selectivity. Asterisks: * * xp < 0.001, *p < 0.05, ns = not significant.

Feature Coef  p-value Sig
trop_missing_now —0.2794 < 0.001  #**
trop_gap +0.0064 0.013 *
creat_missing_now —0.1595 < 0.001  ***
creat_gap —0.0229 0.174 ns

Three-Way Comparison: Baseline vs Uncertainty-Triggered vs Causal RLHF
Solid=Baseline | Dashed=Uncertainty-Triggered | Dotted=Causal RLHF

Measurement Rate Mean Predicted Risk Mean Gap (steps)
057 N =

051 | [ P
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Figure 2: Baseline (solid) vs. uncertainty-triggered mitigation (dashed) vs. causal RLHF (dotted)
Both mitigation methods nearly eliminate disparity across all three metrics, with causal RLHF
achieving this through corrected risk scores alone rather than policy overrides.

7 Conclusions, implications, and limitations

Our bias identification methods confirmed that models trained on biased measurement data learn to
treat a lack of data as a proxy for health. Furthermore, deploying these models under a risk-driven
monitoring policy creates a self-sustaining feedback loop that compounds measurement disparity
without any new external bias. Our bias mitigation methods were relatively effective at reducing bias
from the baseline model, though they did not eliminate it entirely.

We agree that informative missingness improves prediction in clinical settings and helps overcome
past barriers associated with missing data. However, our research shows that the predictive signal
of informative missingness becomes a mechanism for compounding inequality and imbalance in
deployment. Despite this, it is important to note that highly beneficial techniques in clinical settings,
such as human validation and iterative improvements to downstream training, require a feedback loop.
Therefore, our research also provides bias-mitigation strategies that preserve the benefits of feedback
loops in clinical settings while addressing potential consequences of performative prediction.

Our findings are subject to several limitations. The synthetic experiment utilized clean, controlled
bias injection, but real-world measurement disparities are noisier. Our policy simulation is also
retrospective, as it shows what would happen under the programmed policy, not what occurs in real
clinical deployment. In our MIMIC analysis, the true underlying severity is never directly observed, so
the troponin disparity may reflect genuine clinical differences between insurance groups. Furthermore,
the effect sizes on MIMIC were small, since ICU protocols partially equalize measurement intensity
and limit how strongly a feedback loop can operate in this setting. Regarding our bias mitigation
techniques, our primary limitation was that the causal assumptions we introduced created a controlled
setting that may not generalize to complex clinical settings. Future work will focus on resolving this
limitation by better articulating which components influence a healthcare setting and how they can be
represented and manipulated in a lab-controlled environment.
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A Causal RLHF earlier progressions

These illustrate the causal RLHF graphs we originally constructed, which helped us identify violations
of the DAG assumption and observability conflicts.

Figure A3: Original causal graph of the RLHF pipeline. Let x be the user input, M be the ML
model that receives the user input, y be the generated result, and RM be the reward model. Notice how
this version of the causal RLHF pipeline creates a cycle and does not account for hidden confounders,
introducing two challenges that we address in our preliminaries section.

™o o° Lo

Figure A4: Piecewise separation of the causal RLHF graph. We separate the original causal
representation of RLHF into three piecewise causal graphs. This makes the sequence into a series of
DAGs. It also sets up the problem for applying d-separation to determine conditional independence
within each piecewise network. However, doing so revealed observability problems regarding nodes
having to go from being observed to being unobserved between timesteps. This challenge was
addressed in our preliminaries section.
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B Additional figures related to bias identification task results

Multi-Step Masking Audit — Actual Historical Starting State
Dashed verticals mark k = 3, 5, 10
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Figure B5: Multi-step masking audit. Left: predicted risk vs. consecutive unmeasured steps & by
group. Centre: risk degradation relative to k=0 baseline. Right: inter-group disparity vs. k. Risk
declines monotonically for both groups, confirming the model systematically underestimates risk for
unobserved patients.

Score-Based Monitoring Policy — Baseline
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Figure B6: Baseline policy simulation over 30 deployment timesteps. Measurement rate (top left),
predicted risk (top right), gap length (bottom left), and true severity (bottom right) by group. The
feedback loop sustains all three disparity channels while true severity remains equal, confirming the
disparity is model-induced, not clinical.
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Table B5: Feature importance across model classes. All three models exploit the observability
shortcut through different pathways: LR via m; and ¢, directly, MLP via d;, XGBoost via stale
forward-filled values. The shortcut is redistributed across features instead of being eliminated by
model sophistication.

Feature LR coef LRrank MLP |SHAP| MLPrank XGB |[SHAP| XGB rank
Z+ (forward-filled) +0.0240 3 0.0112 4 0.2837 1
my (missingness indicator) —0.1054 1 0.0117 3 0.0715 4
0+ (gap length) —0.0386 2 0.0352 1 0.0882 3
c; (measurement count) +0.0058 4 0.0133 2 0.1801 2

C Causal RLHF algorithm

Algorithm 1 Causal RLHF Pipeline

Require: Frozen primary model M, feature matrix X = [Z;, my, J;, ¢], true severity S, group

labels g (diagnostics only), number of rounds R, blending rate 7, annealing parameters oy = 0.4,
Aa =0.12
. Initialise M5 (unfitted), RM;, RMy

2: y1 < M .predict_proba(X)
3: forr =0to R — 1do
// Timestep t=1: x — M1 — 1
4: y1 < My .predict_proba(X) > M, observed, frozen
5: if M is fitted then
6: Yeurrent < clip(Mg.predict(yl, o, my), 0, 1)
7: else
8: Yeurrent < Y1
9: end if
// Timestep t=3: y; — RMo — Mo
10: Xt X with 6 < 0, my < 0 > Counterfactual features
11: Y < M, .predict_proba( X fir)
12: a; < min(ap + Aa -7, 1.0) > Annealing schedule
13: § < ap - (Y™ — Yeurrent) > Residual correction
14: Y < clip(Yourrent + 6, 0, 1)
15: Define Z < [y1, 6:, My, Y1+ 0s, Y1 - My
16: Zs < standardise(Z2)
17:  Fit M3®¥ via OLS on (Z, ys"*)
18: if M, was previously fitted then
19 e (1— ) clip(Ma(Zy),0,1) + n clip(ME(Z,), 0,1)
20: Refit My via OLS on (Z,, y5end) > Soft update
21: else
22 My  Mpev
23: end if
// Timestep t=2: My — yo — RM1; h — M; —
24: y2 < clip(Ma.predict(y, 6, m¢), 0, 1) > Debiased predictions
25: dadj — (yQ,g:O — Sg:O) — (g2,g:1 — Sg:l) > RMl fairness audit
26: score, — 1 — [daqj
27: end for

28: return M, composed with M,

> Deployment: § = clip(Ma(M;(z), &, my), 0, 1)
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