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Abstract

Many sequential decision settings in healthcare
feature fumnel structures characterized by a se-
ries of stages, such as screenings or evaluations,
where the number of patients who advance to
each stage progressively decreases and decisions
become increasingly costly. For example, an on-
cologist may first conduct a breast exam, fol-
lowed by a mammogram for patients with con-
cerning exams, followed by a biopsy for patients
with concerning mammograms. A key challenge
is that the ground truth outcome, such as the
biopsy result, is only revealed at the end of this
funnel. The selective censoring of the ground
truth can introduce statistical biases in risk
estimation, especially in underserved patient
groups, whose outcomes are more frequently
censored. We develop a Bayesian model for
funnel decision structures, drawing from prior
work on selective labels and censoring. We first
show in synthetic settings that our model is
able to recover the true parameters and predict
outcomes for censored patients more accurately
than baselines. We then apply our model to a
dataset of emergency department visits, where
in-hospital mortality is observed only for those
who are admitted to either the hospital or ICU.
We find that there are gender-based differences
in hospital and ICU admissions. In particu-
lar, our model estimates that the mortality risk
threshold to admit women to the ICU is higher
for women (5.1%) than for men (4.5%).
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which requires credentialed access, which is granted
after the completion of a data use agreement and re-
quired training on data security and patient privacy.
Further details on accessing the MIMIC-IV database
can be found at (?)this link. We release the code for
our Stan model and preprocessing scripts at (?)this
link.

Institutional Review Board (IRB) Our re-
search does not require IRB approval, as MIMIC con-
tains de-identified patient records.

1. Introduction

Many important sequential decision-making settings
follow a funnel structure, where each successive stage
involves fewer candidates or items yet brings addi-
tional information (Jain et al., 2023). For instance,
in healthcare, a clinician trying to diagnose a breast
cancer may (1) conduct a breast exam, then (2) order
a mammogram if the breast exam is concerning, then
finally (3) order a biopsy if the mammogram is con-
cerning (Johns Hopkins Medicine, 2025). Crucially,
fewer patients progress through each successive stage,
and the ground truth outcome (biopsy result) is only
observed at the final stage of this decision pipeline.
Funnel structures are a variant of the selective la-
bels problem. The selective labels problem describes
settings in which ground truth outcomes (e.g., disease
diagnosis) are censored for a subset of the population
as a result of a human decision (e.g., whether to test
the patient for the disease). This selective censor-
ing has been studied in healthcare (Mullainathan and
Obermeyer, 2022), lending (Fu et al., 2021; Guerdan
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et al., 2023), and other high-stakes domains (Klein-
berg et al., 2018).

There are risks in failing to account for this se-
lective censoring. Any models fit only on patients
whose ground truth outcomes are observed (e.g., dis-
ease diagnosis) may be statistically biased and fail to
generalize to the population as a whole. Biases in
early decisions — such as which patients are tested
for a disease — can propagate throughout the care
pipeline, producing systemic under-diagnoses in un-
derserved populations, which may go undetected un-
less the selective censoring is modeled.

While the selective labels problem has been stud-
ied in settings with single decisions, we generalize
this setup to sequences of nested (“funnel”) deci-
sions in the presence of unobserved covariates that
affect both the human decision and the label (e.g.,
patient’s visible discomfort). Additional examples of
funnel structures outside healthcare include hiring,
where a candidate must pass progressively harder in-
terviews to be hired (Sackett and Roth, 1996), lend-
ing, where an applicant must pass through several
screenings to be approved for a loan (Chakravarty
and Yilmazer, 2009), and drug discovery, where a
candidate molecule must pass through several phases
of trials before FDA approval.

We introduce a Bayesian model for such decision
funnels. Our model jointly learns to predict both
the ground truth outcomes and the human decisions
(which selectively censor the ground truth). We gen-
eralize prior work on threshold tests (Pierson et al.,
2018; Simoiu et al., 2017), originally developed in the
context of policing, which explicitly account for un-
observed covariates that influence both the human
decisions (to censor a label) and the ground truth
outcome. Specifically, threshold tests model the de-
cision to test a patient (e.g., to administer a biopsy)
as a function of some estimated risk (e.g., risk of ac-
tually having a cancer). If the estimated risk exceeds
a decision threshold, the label is observed. We extend
this test to funnel structures, where censoring occurs
at multiple stages.

We first validate our model on synthetic data. We
demonstrate, across a wide range of parameter set-
tings, that our model is able to estimate the true
parameters more accurately than binary classifica-
tion baselines. In addition, our model estimates risk
more accurately on the entire population (both cen-
sored and uncensored) than other binary classifica-
tion baselines that do not account for multi-stage cen-
soring.

We then apply this model to analyze real-world
emergency department visits in MIMIC-IV, a Boston-
area electronic medical record database. In particu-
lar, we focus on two critical emergency department
decisions: (1) admitting a patient to the hospital,
and (2) admitting a patient to the ICU. We consider
in-hospital mortality to be the ground truth outcome
of interest, which is only observed if the patient is
admitted to the hospital or ICU. In contrast, if the
patient is discharged from the ED, their ground truth
is censored. At each stage of this funnel, patients are
prioritized according to the urgency of care. We find
that (1) men are admitted to the hospital and ICU
at lower mortality risk thresholds than are women,
and (2) men are assigned more severe triage acuities
(assigned by a clinician) at the same estimated mor-
tality risk than women, a finding that agrees with
prior work on gender disparities in emergency and
intensive care medicine (Todorov et al., 2021; Patel
et al., 2024). We emphasize, however, that our model
cannot explain the source of these gender-based dis-
parities, and that the disparities, though statistically
significant, are small in magnitude.

Overall, our contributions are as follows:

1. We generalize the selective labels setting to a
general setting with multi-stage censoring in the
presence of unobserved covariates that influence
both the human decisions and the label itself.
We introduce a model to study multi-stage cen-
soring in the presence of such unobservables by
jointly modeling the true label and the human
decisions.

2. We show, in synthetic simulations, that our
model outperforms baselines which do not ac-
count for this multi-stage censoring.

3. We apply our model to real-world emergency de-
partment data from MIMIC-IV. We find that
there are gender-based differences in hospital
and ICU admissions decisions. Our model es-
timates that female patients must have a higher
mortality risk (5.1%) to be admitted to the ICU
than male patients (4.5%).

2. Related Work

Several prior works learn decision policies for sequen-
tial decision tasks, including funnel-like structures
(Jin and Candes, 2023). At its core, funnel struc-
tures are a multi-stage extension of the selective la-
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Figure 1: Mechanics of the model. (Left) At each stage, the decision-maker estimates the mortality risk of
a patient, given some covariates (e.g., blood pressure, or BP). If the drawn risk is larger than the
threshold to hospitalize (or admit to ICU), the decision-maker moves them onto the appropriate
stage. New variables, such as X-rays, may be collected at later stages, which are used to update the
decision-maker’s risk estimate. The ground truth is only observed for patients who are admitted
to the hospital or ICU. (Right) A graphical representation of the patient flows. At each stage, X
represents the set of covariates available (e.g., BP and X-ray), while D is the decision made for
that patient at a particular stage (e.g., Dgp could be discharge, admit to hospital, or admit to
ICU). Y is unobserved for patients discharged from the ED.

bels problem (Lakkaraju et al., 2017). In funnel
structures, patients are given a label only if they pass
several decision stages. Jia et al. (2024) attempts to
learn funnel decision policies which satisfy group fair-
ness (i.e. some notion of parity is achieved at each
stage). Grossman et al. (2023) discusses the hetero-
geneity across decision makers in funnel structures
and its relation to racial bias in pretrial detentions.
Wan and McAuley (2018) develops a method for
learning from sparse and noisy feedback from funnel
structures in consumer recommender systems. Unlike
our work, these works do not account for unobserved
covariates that influence both the intermediate deci-
sions and the label.

Other works have focused on developing models for
sequential decision making more broadly. Within the
context of healthcare, prior works have separately

analyzed ED to hospitalization admissions (Barak-
Corren et al., 2017) and ICU admissions (Raita et al.,
2019). Some works have focused on other, non-funnel
sequential decision pathways in healthcare, includ-
ing chronic disease management (Denton, 2018) and
surgery planning (Gul et al., 2015).

Emergency department visits and decisions, in par-
ticular, are also valuable for other analyses. Prior
literature has used ED data to monitor disease out-
breaks (Wieland et al., 2007), evaluate health risks
(Patterson et al., 2019), assessed the expertise that
doctors can provide over algorithms (Alur et al.,
2024), and assessed racial disparities in algorithmic
performance (Movva et al., 2023).
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3. Methods

3.1. Setup

For concreteness, we describe our model in the set-
ting of ED decision-making, but our approach can be
applied to other funnel settings such as cancer screen-
ing or hiring. Let there be N patients and K decision
stages. For example, if the funnel is ED — hospital
— ICU, then K = 3. For each patient ¢ who makes
it to stage k € {1,2,..., K}, the decision-maker ob-
serves a covariate set X; ;, where covariates at earlier
stages are (non-strict) subsets of covariates at deeper
stages, i.e., X;1 C X;2--- X; k. Let s; be the deep-
est stage patient ¢ progresses to. If s; > S for some
pre-determined stage S (e.g. hospital stage), the bi-
nary ground truth y (e.g., in-hospital mortality) is
revealed. Otherwise, y is unobserved.

Patients need not progress through every stage se-
quentially. For instance, a patient with severe com-
plications in the ED might be directly admitted to
the ICU, bypassing hospitalization.

Observed data. Consider a particular patient i
progressing through different stages of a hospital stay
(e.g., ED — hospital admission — ICU). At each
stage k, the clinician decides to move the patient on
to a later stage or to discharge. We define the admis-
sion decision at stage k for patient ¢ as D, , which
takes on values in {discharge,k + 1,k + 2,...,K}.
Note that D; j can take on values larger than k + 1,
as the clinician can move the patient onto any later
stage.

We additionally observe the patient’s mortality
Y; € {0,1} at discharge if the stage k > S. If the
patient is discharged before stage S, Y; is unobserved
in our data. Our observed data for each patient 4
consists of a sequence of covariates X; j, admissions
decisions D; j, and mortality Y; if the patient makes
it past stage S. Otherwise, Y; is unobserved.

3.2. Generative Model

Model. We propose a generative model that extends
prior work on threshold tests (Simoiu et al., 2017;
Pierson et al., 2018), originally developed to model
censored outcomes in policing settings, to funnel set-
tings with arbitrary numbers of decision stages. Our
generative model, also shown in Figure 1, is as fol-
lows.

Consider the patient ¢ progressing through the
stages of a hospital stay. At each stage k, the clini-
cian estimates some mortality risk p; p = Pr(y; = 1).

We model p; 1 as a draw from a distribution to re-
flect the fact that the clinician may have access to
unobservables that are informative about mortality
risk, and relevant to the clinician’s decision, but are
not recorded in the data (e.g., whether a patient’s
speech is slurred). A shape parameter d; modulates
the uncertainty in R, ie., p;x ~ R(®ik,0k), where
¢i., and 0y are the mean and shape parameters of R,
respectively.

The mean of this distribution, ¢;j, is a learned
function of the covariates available at stage k, i.e.
¢ik = f3(Xir), where 8 denotes the learnable pa-
rameters. The parameters S may be (partially or
fully) shared from stage to stage, or learned sep-
arately at each stage. In this paper, we instanti-
ate fz as a logistic model, ie. ¢(X) = fz(X) =
sigmoid(a + X7 3), where « is also learnable.

The clinician then makes a decision on where to
send the patient based on the patient’s assessed mor-
tality risk p; . If p; exceeds a decision threshold
tr € [0,1], the clinician admits the patient to the
next stage (e.g., the hospital). If it is smaller than
this threshold, the patient is discharged. Patients
can skip stages if the estimated mortality risk is suf-
ficiently large; for instance, if p; , exceeds tj11, the
subsequent threshold, the clinician may directly ad-
mit the patient to a later stage (e.g., ICU), skipping
the earlier stage (hospital). Let D; ; be the decision
on where to send patient 7 after stage k, as defined in
the observed quantities section. Then, we define the
decision rule as

discharge, p;x < tg,

kE+1, e < pik < thyi,

kE+2, tht1 < Dik < try2,
Dy =

K -1, tk—2 < pik <trk-—1,

K, Dik = tx—1-

We define the admit rate A; j—m, for individual ¢
from stage k to some stage m > k (i.e., the rate at
which they’re sent to that stage) as:

Ai,kﬂm = P?“(tm,1 < Di.k < tm)

(1)

In our model, the decision D;; is thus sampled
from a categorical distribution:

) Al,k—>K>

(2)

D; i, ~ Cat(A; k—discharge, Aik—kt1s - - -
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Method Parameter MAE
Logistic Regression (target: ICU) Q@ 2.45
Logistic Regression (target: y) @ 0.69
Logistic Regression (imputed y) a 1.74
Funnel Model o 0.16
Logistic Regression (target: ICU) B 1.33
Logistic Regression (target: ) Bi:6 0.21
Logistic Regression (imputed y) Bi:6 0.51
Funnel Model Bi6 0.06

Table 1: The funnel model outperforms all logistic
regression baselines in estimating the true
parameters, achieving the lowest mean ab-
solute error (MAE) across both the in-
tercept (a) and the regression coefficients
(B1.6)- Results are shown for three logis-
tic baselines: Logistic Regression (target:
ICU), which regresses the decision to ad-
mit to the ICU on X; Logistic Regression
(target: y), which regresses y on X for ob-
served y; and Logistic Regression (imputed
y), which regresses y on X after imputing
unobserved outcomes.

If Y; is eventually observed (as the patient eventually
moves to some stage k > S), we additionally model
the mortality rate as:
M; . = E(Yilpix < tr) (3)
Implementation details. We instantiate this
model in our MIMIC case study with K = 3 stages,
with t1 = tp0sp, Or the threshold to hospitalize a pa-
tient, and to = t;coy, or the threshold to admit a
patient to the ICU. The risk distribution R is pa-
rameterized using the parameterization from Pierson
et al. (2018). In particular, we fix the shape parame-
ter d; to be constant across all individuals and let the
mean ¢; ;, be parameterized with a logistic function.
We provide details on its parameters and our infer-
ence procedure in Appendix A. We implement our
model in Stan and use MCMC to fit all parameters.
We maximize the log-likelihood of the observed data,
with likelihood contributions from Equation 2 and 3.

4. Results

4.1. Synthetic simulations

We begin by showing that our model can (1) recover
the true parameters more accurately, and (2) predict

mortality risk better than baselines in synthetic set-
tings where the funnel model is well-specified. To do
so, we conduct a synthetic experiment with K = 3
stages, where certain covariates are revealed only af-
ter the first stage, mirroring the setup of MIMIC.

Synthetic data generating process. We gen-
erate data for each patient by sampling six features
Xi,...,Xg w (0,1) and adding an intercept term.
The first three covariates are collected at stage 1 and

the final three at stage 2. We sample coefficients

Br,... B Y (0,1) and an intercept a ~ N(0,1)
which map X7.¢ to the mean ¢ of the risk distribution
R. We additionally sample two decision thresholds

t1,ts and risk distribution shape parameters d1, ds.

To generate the observed admissions decisions D; j,
and mortality Y;, at each stage k, we set ¢; 1 =
sigmoid(a + BT X) using the features X available at
that stage. We sample p; ,, ~ R(¢; k,0x), and if this
value exceeds t;, we move the patient onto the next
stage. We use the final p;j available for the pa-
tient to generate the true y;. That is, we sample
the true label y is sampled as y; ~ Bern(p; i), where
Dik ~ R(¢ir, k) for the last stage k from which the
covariates are collected. This y; is observed if the last
stage k > 2 but unobserved if k = 1 (i.e., patient is
discharged at stage 1).

The funnel model recovers true parameters
better than logistic baselines. We first assess how
other baselines recover the true data-generating coef-
ficients compared to our model. To assess this, we fit
three logistic regression baselines, as our data gener-
ating process is also a logistic model.

Our first baseline fits y on all collected features X,
which we denote as target y, except exclusively on
patients where y is available. Our second baseline
fits a different binary variable, whether the patient
is admitted to the ICU, on the same X. This sec-
ond baseline uses a mis-specified target (ICU) but is
able to use all of the available data. We denote this
baseline as target ICU. Our third baseline imputes
y = 0 among the censored population then fits y on
X across the entire dataset. We note this baseline,
common in prior work on selective labels (Chang and
Wiens, 2024), as imputed y. We show that by failing
to account for the censoring in the regression, these
baselines produce worse model fits.

We track the mean absolute error (MAE) in es-
timating each of the fitted parameters. We see, as
in Table 1, that the funnel model outperforms logis-
tic regression baselines that do not account for the
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Method AUROC 1 ECE |
Random Forest 0.625 0.347
Logistic Regression (target: ICU) 0.743 0.155
Logistic Regression (target: y) 0.722 0.302
Logistic Regression (imputed y)  0.739 0.166
Funnel Model 0.786 0.040

Table 2: On synthetic data, the funnel model
achieves higher AUROC and lower expected
calibration error (ECE) than logistic regres-
sion and random forest baselines. We addi-
tionally include a non-linear baseline here
that does not directly provide feature coef-
ficients.

censoring. Averaged over 1000 simulations, the fun-
nel model improves MAE in estimating the intercept
4-fold and in estimating the regression coefficients 3-
fold, compared to the best logistic regression base-
line. Appendix B additionally shows that the funnel
model’s estimates of the thresholds and shape param-
eters are well-calibrated.

The funnel model more accurately predicts
true mortality risk. Next we assess the funnel
model’s ability to predict true mortality risk on the
censored population. In particular, we show that the
funnel model is able to better predict the censored y
compared to other baselines which do not explicitly
account for the censoring.

To simulate this setting, we generate y for all pa-
tients and then manually censor it for patients who
do not make it to the last stage (ICU). We then as-
sess our model (and baseline models’) accuracy in
predicting risk on the censored population.

In this setting, our performance metric is predictive
ability (i.e., AUROC, ECE), so we include a non-
linear baseline, random forest, which does not provide
interpretable regression coefficients but can still make
predictions on the censored population. We find in
Table 2 that the funnel model is able to generalize
better to the censored population, both in predictive
power (AUROC) and in calibration (ECE).

4.2. MIMIC Data and Model Setup

For our real-world case study, we model mortality
risk as patients flow from the emergency department
(ED) to the hospital and ICU. We use the MIMIC-IV
dataset for this case study. The MIMIC-IV dataset
consists of the Beth-Israel Deaconness Medical Cen-
ter’s (BIDMC) de-identified electronic health records

from January 2008 to December 2019. The BIDMC is
composed of multiple hospital wards, including mul-
tiple ED and ICU wards. Patients can be discharged
from the BIDMC from the ED, hospital, or ICU.
Death at discharge, encoded as a binary variable, is
unobserved for ED patients but is observed for hos-
pital and ICU discharged. We include two threshold
parameters in our model: (1) t0sp, the mortality risk
threshold to hospitalize a patient, and (2) t;cy, the
mortality risk threshold to admit a patient to the
ICU. We constrain tpesp < trcu to reflect that the
ICU is typically reserved for more acute cases.

We include 25 covariates, based on features col-
lected at triage. We z-score the numeric features
and include a quadratic term, the square of the z-
score, to account for non-linearities in the relation-
ship between triage features and mortality risk (e.g.,
very high and very low high heart rates may both
indicate high risk). We additionally one-hot encode
the chief complaint (e.g. dizziness or shortness of
breath). Once the patient is hospitalized, we collect
their age, which is included as an additional covari-
ate from the hospital stage onwards. Details on the
MIMIC dataset are provided in Appendix D.

4.3. Case study: Gender disparities in
MIMIC

We apply our model to analyze how emergency de-
partment decisions in MIMIC differ across male and
female patients." To do so, we fit our funnel model to
male and female patients in MIMIC separately, using
the set of covariates and pathways described in Sec-
tion 4.2. In total, our dataset contains 229,898 and
195,189 unique visits from female and male patients,
respectively.

The funnel model outperforms baselines in
real-world MIMIC data. We begin by assessing
whether our model can outperform the baselines we
introduced in Section 4.1 in our real-world case study.
Mortality records (i.e., y) are censored in MIMIC for
patients discharged from the ED. We instead define
two prediction tasks from the data we have: (1) pre-
dicting mortality among patients whose mortality is
observed, and (2) predicting ICU admission. Our

1. We follow language from MIMIC in describing the gender
column name and values. Specifically, our analysis uses
the ‘gender’ variable from MIMIC-IV-ED’s table, which
is described in MIMIC as “The patient’s administrative
gender as documented in the hospital system”; within that
column, 229,898 patients are charted as “F” and 195,189
patients are charted as “M”.
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Method Gender AUROC 1 ECE |
Random Forest F 0.535 0.285

Logistic Regression

(target: ICU) F 0.674 0.276

Logistic Regression

(target: y) F 0.658 0.145

Logistic Regression

(imputed y) F 0.633 0.472

Funnel Model = _ F____0677 _0.011
Random Forest M 0.527 0.256

Logistic Regression

(target: ICU) M 0.669 0.331

Logistic Regression

(target: y) M 0.643 0.108

Logistic Regression

(imputed y) M 0.600 0.461

Funnel Model M 0.678 0.014

Table 3: Averaged AUROC and ECE on MIMIC
data, comparing the funnel model against
logistic regression and random forest base-
lines. Metrics are averaged across ICU
admission and mortality prediction tasks.
Mortality is censored for ED patients, so
mortality prediction is evaluated on hos-
pitalized patients only. The funnel model
achieves superior predictive performance
and calibration across both genders.

trained funnel model directly provides estimates of
the admit rates and mortality rates for every patient.
Given this is a multi-task prediction problem, we re-
port metrics averaged across both tasks.

To compare these predictions to baselines, we com-
pare to logistic regression and random forest base-
lines and assess their predictive performance (aver-
age AUROC across the two tasks) and calibration.
Table 3 compares the funnel model to other base-
lines, all of which have worse AUROC than the fun-
nel model. The random forest baseline performs well
in-distribution (i.e., on the training target, y in ICU),
but fails to generalize to the out-of-distribution (cen-
sored y and ICU admission) tasks, so the averaged
AUROC is close to random. There are addition-
ally substantial improvements in calibration, with the
funnel model always achieving an ECE less than 0.02,
while the next-best baseline has a calibration error of
0.10. There are cases where the performance of one
of these models is better at predicting one particular
outcome. For instance, models trained to only pre-
dict y tend to have better AUROC in predicting y, at
the cost of having lower AUROC in predicting ICU
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Figure 2: Fitted coeflicients in MIMIC for male
(blue) and female (yellow) patients. Aster-
isks indicate statistically significant differ-
ences by gender in the fitted coefficients.
There are notable differences in the rela-
tive importance of age and O2 saturation
in predicting mortality risk across gender.

admissions. By contrast, the funnel model is able
to predict both well, as shown in the appendix. In
addition, we demonstrate that our model’s posterior
estimates of the true admit and mortality rates are
accurate, which we provide in Appendix C.

Gender differences in admissions thresholds.
We find that the estimated mortality risk thresholds
thosp and trcy for admitting patients to the hospital
and ICU, respectively, is higher for female patients
than male patients, indicating that female patients
must be at greater risk of dying to be admitted to
the hospital or ICU than male patients. Our model
estimates that the mortality risk threshold to admit
male patients to the hospital is tysp, 1 = 0.0032 (95%
CI: 0.0028 — 0.0036), 25% lower (in relative terms)
than that for female patients, tjosp,r = 0.0043 (95%
CI: 0.0039—0.0047). Similarly, the estimated thresh-
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old to admit male patients to the ICU, tjcum =
0.045 (95% CI: 0.043 — 0.047), is 10% lower than the
threshold to admit female patients t;cpy,r = 0.051
(95% CI: 0.048 — 0.053). Both differences are sta-
tistically significant: the 95% confidence interval on
thosp,F —thosp,m 18 (0.00055,0.0017) and the 95% con-
fidence interval on ticy r — ticu,m is (0.002,0.008).
Female patients are admitted to the hospital and
ICU at lower rates (46% and 5.7%, respectively) than
male patients (52% and 8.0%, respectively) but die at
comparable or higher rates (13.1% ICU mortality for
women, 12.4% ICU mortality for men; 0.5% hospi-
tal mortality for women, 0.6% hospital mortality for
men). This indicates that our model’s findings are
justified within the data.

Gender differences in triage acuity assess-
ment. We next examine whether clinician assessed
risk at triage differs across gender. We do this by
examining how our model’s estimated mortality risk
compares to the triage acuity scores. In MIMIC, acu-
ity is scored from 1 (most severe) to 5 (least severe),
so in general we should expect patients with higher
estimated mortality risk to have lower acuity scores.

To evaluate gender differences in triage acuity, we
run a risk-adjusted regression to see if gender pro-
vides any additional signal in predicting acuity. In
particular, we fit the regression

acuity; = B - male; + S - female; + Biigi - risk; + €;

where risk; is the model-estimated risk for patient
i, male; is a binary indicator whether the patient is
male, female; is a binary indicator whether the pa-
tient is female, and €; ~ N(0,1) is a noise term. We
find that S is larger (2.967, CI: [2.962, 2.971]) than
B (2.940, CL: [2.935, 2.945]), indicating that women
are assessed to have less acute cases at the same esti-
mated mortality risk, although the magnitude of this
difference is small.

Discussion of gender disparities in thresh-
olds and acuity. Although these results indicate
gender disparities, it is important to note our model
does not explain why those disparities might exist.
Moreover, these differences, while statistically signif-
icant, are small in magnitude. In particular, our re-
sults should not necessarily be taken to imply that
clinicians have gender-based biases, though that is
one possibility. For example, one non-bias explana-
tion would be that thresholds are time-varying (e.g.,
higher thresholds to admit to ICU when ICU is near
capacity), and female patients are more likely to

come to the ED at capacity-constrained times (data
which is unavailable in MIMIC). Other possible con-
founders include insurance (e.g., women are unin-
sured at higher rates) or comorbidities (e.g., women
have higher rates of comorbitities unaccounted by our
model).

Beyond gender, our approach can be used to an-
alyze differences in emergency care across other fea-
tures, including insurance status, marital status, and
race. We provide results from applying the same
model to different race groups in MIMIC in the Ap-
pendix.

Gender differences in regression coefficients.
Finally, we investigate how risk differs across gender
by analyzing the fitted coefficients in our regression
models. Figure 2 shows how the estimated regression
coefficients differ across male and female patients.
In general, the most important predictors of mortal-
ity risk include chief complaints including shortness
of breath, back pain, and headache; age; and oxy-
gen saturation, consistent with prior work (Fernan-
des et al., 2020; Stretch and Shepherd, 2021). For in-
stance, our model estimates that the mortality odds
increase by a factor of 2.2 if a (male) patient’s chief
complaint is shortness of breath, as opposed to back
pain.

Although the coefficients generally agree across
gender, there are some notable differences. For in-
stance, age increases mortality risk among male pa-
tients (coefficient: 0.232) more significantly than fe-
male patients (coefficient: 0.105). Conversely, oxy-
gen saturation is far more important in predicting
female patients’ mortality risk (coefficient: -0.424)
than male patients’ (coefficient: -0.273), consistent
with prior work on gender-based differences in hy-
poxia (Jun et al., 2021). A few variables, such as dias-
tolic blood pressure, have negative coefficients for the
linear term, indicating that smaller values are gener-
ally worse, but also have positive coeflicients for the
quadratic term, indicating that large deviations from
the mean (e.g. very high blood pressure) also increase
mortality risk.

5. Discussion

Our work demonstrates the importance of modeling
funnel decision structures, where labels are censored
as a result of a sequence of human decisions. By
modeling both the label and the censoring decisions
jointly, we are able to more accurately capture the
true parameters and predict mortality and admissions
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decisions than models which fail to account for the
censoring. Applying our work to MIMIC, we find ev-
idence of gender-based disparities in emergency care,
with women facing slightly higher thresholds for ICU
admission than men. Our model does not explain
the sources of this disparity, and we leave it as future
work to more carefully investigate the sources. Other
future work includes using time-varying thresholds
(e.g., admission decisions change when ICU is at ca-
pacity), examining other disparities (e.g., by insur-
ance status), and modeling other funnel decisions,
potentially beyond healthcare settings too.

6. Acknowledgements

We thank Sidhika Balachandar, Divya Shanmugam,
Raj Movva, Drew Prinster, and Gabriel Agostini for
helpful comments and feedback on the work. This
work was supported by a Hertz Fellowship, NSF
Graduate Research Fellowship under grant number
2141064, NITH R35 GM141861-05, a Google Research
Scholar award, an AI2050 Early Career Fellowship,
NSF CAREER #2142419, a CIFAR Azrieli Global
scholarship, a gift to the LinkedIn-Cornell Bowers
CIS Strategic Partnership, the Survival and Flourish-
ing Fund, Open Philanthropy, and the Zhang Family
Endowed professorship.

References

Rohan Alur, Loren Laine, Darrick Li, Manish Ragha-
van, Devavrat Shah, and Dennis Shung. Auditing
for human expertise. Advances in Neural Informa-
tion Processing Systems, 36, 2024.

Yuval Barak-Corren, Andrew M Fine, and Ben Y
Reis. Early prediction model of patient hospital-
ization from the pediatric emergency department.
Pediatrics, 139(5), 2017.

Robert J Boik and James F Robinson-Cox. Deriva-
tives of the incomplete beta function. Journal of
Statistical Software, 3:1-20, 1999.

Sugato Chakravarty and Tansel Yilmazer. A multi-
stage model of loans and the role of relationships.
Financial Management, 38(4):781-816, 2009.

Trenton Chang and Jenna Wiens. From biased se-
lective labels to pseudo-labels: an expectation-
maximization framework for learning from biased

decisions.  Proceedings of machine learning re-
search, 235:6286, 2024.

Brian T Denton. Optimization of sequential deci-
sion making for chronic diseases: From data to de-
cisions. In Recent Advances in Optimization and
Modeling of Contemporary Problems, pages 316—
348. INFORMS, 2018.

Marta Fernandes, Ruben Mendes, Susana M Vieira,
Francisca Leite, Carlos Palos, Alistair Johnson,
Stan Finkelstein, Steven Horng, and Leo Anthony
Celi. Predicting intensive care unit admission
among patients presenting to the emergency de-
partment using machine learning and natural lan-
guage processing. PloS one, 15(3):e0229331, 2020.

Runshan Fu, Yan Huang, and Param Vir Singh.
Crowds, lending, machine, and bias. Information
Systems Research, 32(1):72-92, 2021.

Joshua Grossman, Julian Nyarko, and Sharad Goel.
Racial bias as a multi-stage, multi-actor problem:
An analysis of pretrial detention. Journal of Em-
pirical Legal Studies, 20(1):86-133, 2023.

Luke Guerdan, Amanda Coston, Zhiwei Steven Wu,
and Kenneth Holstein.  Ground (less) truth:
A causal framework for proxy labels in human-
algorithm decision-making. In Proceedings of the
2023 ACM Conference on Fairness, Accountabil-
ity, and Transparency, pages 688-704, 2023.

Serhat Gul, Brian T Denton, and John W Fowler. A
progressive hedging approach for surgery planning
under uncertainty. INFORMS Journal on Comput-
ing, 27(4):755-772, 2015.

Sneha S Jain, Tony Sun, Kathleen Brown, Vijendra
Ramlall, Nicholas Tatonetti, Noémie Elhadad, Fa-
tima Rodriguez, Ronald Witteles, Mathew S Mau-
rer, Timothy Poterucha, et al. Antiracist ai: A
machine learning model using electrocardiograms
and echocardiograms can detect transthyretin car-
diac amyloidosis and decrease racial bias in diag-
nostic testing. Journal of the American College of
Cardiology, 81(8_Supplement):338-338, 2023.

Zhuangzhuang Jia, Grani A Hanasusanto, Phebe
Vayanos, and Weijun Xie. Learning fair policies
for multi-stage selection problems from observa-
tional data. In Proceedings of the AAAI Conference
on Artificial Intelligence, volume 38, pages 21188—
21196, 2024.



A BAYESIAN MODEL FOR MULTI-STAGE CENSORING

Ying Jin and Emmanuel J Candes. Selection by pre-

diction with conformal p-values. Journal of Ma-
chine Learning Research, 24(244):1-41, 2023.

Johns Hopkins Medicine. Breast screen-
ing and imaging appropriateness criteria.
https://www.hopkinsmedicine.org/imaging/
provider-information/order-wisely/
breast-ordering, 2025.  Accessed: 2025-11-
04.

Tomi Jun, Sharon Nirenberg, Tziopora Weinberger,
Navya Sharma, Elisabet Pujadas, Carlos Cordon-
Cardo, Patricia Kovatch, and Kuan-lin Huang.
Analysis of sex-specific risk factors and clinical out-
comes in covid-19. Communications Medicine, 1
(1):3, 2021.

Jon Kleinberg, Himabindu Lakkaraju, Jure Leskovec,
Jens Ludwig, and Sendhil Mullainathan. Human
decisions and machine predictions. The quarterly
journal of economics, 133(1):237-293, 2018.

Himabindu Lakkaraju, Jon Kleinberg, Jure Leskovec,
Jens Ludwig, and Sendhil Mullainathan. The selec-
tive labels problem: Evaluating algorithmic predic-
tions in the presence of unobservables. In Proceed-
ings of the 28rd ACM SIGKDD International Con-
ference on Knowledge Discovery and Data Mining,
pages 275284, 2017.

Rajiv Movva, Divya Shanmugam, Kaihua Hou, Priya
Pathak, John Guttag, Nikhil Garg, and Emma
Pierson. Coarse race data conceals disparities
in clinical risk score performance. In Machine
Learning for Healthcare Conference, pages 443—
472. PMLR, 2023.

Sendhil Mullainathan and Ziad Obermeyer. Diagnos-
ing physician error: A machine learning approach
to low-value health care. The Quarterly Journal of
Economics, 137(2):679-727, 2022.

Mehul D Patel, Peter Lin, Qian Cheng, Nilay T Ar-
gon, Christopher S Evans, Benjamin Linthicum,
Yufeng Liu, Abhi Mehrotra, Laura Murphy, and
Serhan Ziya. Patient sex, racial and ethnic dis-
parities in emergency department triage: a multi-
site retrospective study. The American journal of
emergency medicine, 76:29-35, 2024.

Brian W Patterson, Collin J Engstrom, Varun Sah,
Maureen A Smith, Eneida A Mendonga, Michael S
Pulia, Michael D Repplinger, Azita G Hamedani,

10

David Page, and Manish N Shah. Training and in-
terpreting machine learning algorithms to evaluate
fall risk after emergency department visits. Medical
care, 57(7):560-566, 2019.

Emma Pierson, Sam Corbett-Davies, and Sharad
Goel. Fast threshold tests for detecting discrim-
ination. In International conference on artificial
intelligence and statistics, pages 96-105. PMLR,
2018.

Yoshihiko Raita, Tadahiro Goto, Mohammad Ka-
mal Faridi, David FM Brown, Carlos A Camargo,
and Kohei Hasegawa. Emergency department
triage prediction of clinical outcomes using ma-
chine learning models. Critical care, 23:1-13, 2019.

Paul R Sackett and Lawrence Roth. Multi-stage se-
lection strategies: A monte carlo investigation of
effects on performance and minority hiring. Per-
sonnel Psychology, 49(3):549-572, 1996.

Camelia Simoiu, Sam Corbett-Davies, and Sharad
Goel. The problem of infra-marginality in outcome
tests for discrimination. 2017.

Benjamin Stretch and Stephen J Shepherd. Criteria
for intensive care unit admission and severity of
illness. Surgery (Ozford), 39(1):22-28, 2021.

Atanas Todorov, Fabian Kaufmann, Ketina Arslani,
Achi Haider, Susan Bengs, Georg Goliasch, Niria
Zellweger, Janna Tontsch, Raoul Sutter, Bigna
Buddeberg, et al. Gender differences in the pro-
vision of intensive care: a bayesian approach. In-
tensive care medicine, 47(5):577-587, 2021.

Mengting Wan and Julian McAuley. Item recommen-
dation on monotonic behavior chains. In Proceed-
ings of the 12th ACM conference on recommender
systems, pages 86-94, 2018.

Shannon C Wieland, John S Brownstein, Bonnie
Berger, and Kenneth D Mandl. Automated real
time constant-specificity surveillance for disease
outbreaks. BMC' medical informatics and decision
making, 7:1-10, 2007.

Appendix A. Model Details

A.1. Risk distribution parameterization

Our goal is to write a distribution R, defined on the
unit interval [0, 1], such that if p ~ R, it is easy (and
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fast) to compute the admit and mortality rates, as
defined in Equations 1 and 3, respectively. A natural
choice for R might be a beta distribution. However, it
is expensive to compute Pr(p > t) and E,g[p|p > t]
and associated derivatives if R is a beta distribution
(Boik and Robinson-Cox, 1999). Discriminant distri-
butions, as introduced in (Pierson et al., 2018), offer
a scalable workaround.

Let Y ~ Bern(p). We assume the distribution of
some signal X (e.g., a learned function of the fea-
tures) is distributed XY =0 ~ N(0,0) and X|Y =
1~ N(u,0). Define g(z) = Pr(Y = 1|X = z). Prior
work (Pierson et al., 2018) shows that g is a mono-
tonic function of x.

If we define § = £, then it is possible to parame-
terize R in terms of ¢, the mean parameter, and 4, a
shape parameter, alone. Moreover:

1

9@) = =% exp(—dz + 02/2)

14+ 2 @)

This yields exact analytic expressions for the admit
and mortality rates. In particular:

P?“(p>t)=(1— )( (I)(g 1(t) ))
+o(1— @(g~'(t);6,1))
Blylp > 1 = 2L= 27 (16, 1))

Pr(p > t)

where @ is the normal CDF.

We parameterize ¢ as a learned (logistic) function
of covariates. In particular, we set ¢, = f3(Xix),
for the ith individual at stage k, and fg(X) =
sigmoid(ar + X7 3), where the intercept « is also a
learnable parameter. Although we parameterize this
with a logistic function, other parameterizations are
also possible. For instance, one could set f3 to a small
neural network.

A.2. List of MIMIC pathways and
corresponding likelihood contributions

There are four possible pathways a patient may take
in this MIMIC setup: (1) discharged from ED, (2)
admitted from ED to hospital to ICU, (3) admitted
from ED to hospital, then discharged, (4) admitted
from ED to ICU.

We write out the likelihood contributions for each
of these four.
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ED discharge If the patient is discharged from
the ED, their only likelihood contribution is via the
admit rate:

Ai,ED—)discharge = PT(pi,ED < thosp)

ED, hosp, ICU The admit rate from the ED to
the hospital will be:

Ai ED—hosp = Pr(thosp < pi,ED < ticu)

This patient’s risk is then updated based on the
new covariates collected in the hospital to p; posp. Af-
terwards the clinician decides whether to admit this
patient to the ICU, and the corresponding admit rate
is:

Ai,hosp—)ICU = Pr(thU < pi,hosp)

For patients who reach the ICU, we compute the

mortality rate as:

E(}/i|pi,hosp > tICU)

ED, hosp, discharge The admit rate from the
ED to the hospital is computed the same as above.
We update the patient’s risk in the hospital to p; rosp
based on the covariates collected in the hospital. The
admit rate for the discharge is:

Ai,hosp—)discharge = Pr(pi,hosp < tICU)

The corresponding (and distribution-matched)
mortality rate is:

MLhosp—)dischaTge = E(}/i|pi,hosp < tICU)

Note that this mortality rate matches the most re-
cent admit rate. The most recent admit rate is the
rate of discharge from the hospital, and this mortality
rate matches that admit rate.

ED, ICU The admit rate for ED to ICU is:

A epsicu = Pr(piep > ticu)
We then calculate the mortality rate for these pa-
tients as:
M; ep—icu = Pr(Yipi,ep > trcu)

Putting together these with A.1, we compute the
admit and mortality rates in MIMIC as (shortening
Si,ED—)hosp to Si,e—>h):

Ai,e%h = Pr(thosp < pi,ED < tICU)
= (;bi,E'D [‘I) (g_l (tICU) - g_l(thosp); 6hosp7 1)]

+ (1= 65ep) [® (97" (trcv) — 97 (thosp); 0, 1)]



A BAYESIAN MODEL FOR MULTI-STAGE CENSORING

The mortality rate is only computed after failing
(or passing) a particular stage k (k =ICU or hosp),
and thus can be calculated as:

_ Gi k®(g~ " (tk); Ok, 1)
Pr(pix < tr)

Each of these terms S; , H; contributes to the
model’s likelihood during fitting. For each patient, we
observe a flow through the hospital and, for a subset
of patients, the true label y, and learn the parame-
ters 8 that maximize the likelihood of the observed
pathways and y.

H;

A.3. Model fitting details

We set priors on all parameters. For the intercept,
we set a ~ N(0, 1), although we use o ~ N (—5,1) in
our MIMIC experiments to reflect the fact that the
baseline mortality rate is very small (1%). All the
other regression coefficients have priors 8; ~ N(0,1).

Our threshold priors are thosp ~
Half-Normal(0, 0.5), trcu thosp +
Half-Normal(0,0.5).  We constrain the smaller
threshold to be in the interval [0,0.5] and the larger
threshold to be in the interval [0,1]. The shape
parameter priors are also J; ~ Half-Normal(0,0.5)
and d2 ~ Half-Normal(0, 0.5).

We implemented our model in Stan and interfaced
with it in cmdstanpy, which enabled GPU support.
We ran all experiments shown in the paper on a single
NVIDIA A6000 48GB GPU. We fit our model using
MCMC using 500 warmup steps and 500 sampling
steps. To ensure convergence, we verified that R <
1.05 for all parameters on our real-data experiments.

~

Appendix B. Synthetic Simulations
B.1. Synthetic data details

As noted in 4.1, we sample X,...,Xs < N(0,1)
and a, ..., 53 ”NdN(O,l). At each stage k (k =1 or
2), we set ¢; , = sigmoid(a + BL.sX1.6). We sample
Dik ~ R(¢ir,0k), and if this value exceeds tj, we
move the patient onto the next stage.

We sample ¢t; ~ Unif(0,0.5) and t2 ~ ¢; +
Unif(0,0.5) and §; ~ Half-Normal(0,0.5), d2 ~
Half-Normal(0, 0.5).

We parameterize the risk distribution mean with
a logistic model. X;, X5, X3 are revealed at stage
1 (ED), so ¢;1 = sigmoid(a + 8f3X1.3). We then
sample p; 1 ~ R(¢;1,01). If p;1 > t1, then patient
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Funnel Model: Threshold 0 Calibration Funnel Model: Threshold 1 Calibration

MAE: 0.035 MAE: 0.030
Coverage: 0. Coverage: 0.962

Fitted Threshold 0
Fitted Threshold 1

Figure 3: Calibration plots of threshold parameters,
funnel model.

i passes stage 1 (i.e., admitted to the hospital) and
three more features X4, X5, X¢ are revealed. We then
repeat: ¢;» = sigmoid(a + B1,6X1:6). If the sampled
Pi2 > to, the patient makes it to the last stage (i.e.,
admitted to ICU), and the true label y is sampled as
y ~ Bern(p; 2), where p; o ~ R(¢;2,02).

For each simulation, we ensure that the distribu-
tion of stages and outcomes is reasonable (e.g., avoid-
ing pathological cases such as all patients end up in
ICU). In particular, we only keep simulations where
at least ten patients are observed in each pathway.

B.2. Baseline details

We compare against three sets of baselines, explained
in 4.1. For the logistic regression baselines, we train
on model y ~ X only on the population where y
and X is observed. We additionally include another
baseline ICU ~ X, which enables us to use all the
samples, at the cost of mis-specifying the target (ICU
instead of y). Lastly, we train a model y ~ X where
we impute y = 0 for the missing population. Figure
4 shows that calibration of the first two baselines’
fitted coefficients across several simulations. We ad-
ditionally plot our model’s fitted coefficients in this
plot.



Logistic Regression
(target: ICU): By

A BAYESIAN MODEL FOR MULTI-STAGE CENSORING

Logistic Regression
(target: ICU): B

Logistic Regression
(target: ICU): B,

Logistic Regression
(target: ICU): B3

Logistic Regression

(target: ICU): Ba

Logistic Regression
(target: ICU): Bs

Logistic Regression
(target: ICU): Bg

201 [MAE: 2.446 j MAE: 1.721 MAE: 1.706 ; 30 (4aE 1.760 ) MAE: 0,942 . 204 [MAE: 0,934
Coverage: 0.039 30/ (Coverage: 0059 Cov 0.060 Coverage: 0.053 Coverage: 0.187 Co 204
10 T
~ S~ 20 ,, S . 10 4 |
& g & 20 & vl g <
0 S S p
K . ® 10 i d 3 3
£ -10 £ g 0© £ 0
[ ¥ [ [ S . [
-20 N P —20{ -20 H R 0]
~30 1 . } _30 § ~30]” 4 -10 .{ N
-20
-20 0 20 0 20 -20 0 20 -20 0 20 -20 0 -10 0 10 -0 0 10 20
True Bo True By True B, True B3 True B4 True Bs True Be
Logistic Regression Logistic Regression Logistic Regression Logistic Regression Logistic Regression Logistic Regression Logistic Regression
(target: y): Bo (target: y): B1 (target: y): B> (target: y): B3 (target: y): Ba (target: y): Bs 4 (target: y): Bs
E:0.688 41 (wa MAE: 0.216 4 MAE: 0.210 & 41(MAE: 0.216 MAE: 0.214 MAE: 0.207 .1
Coverage: 0.236 Co\ 71 ’ 41| Coverage: 0.553 Coverage: 0.560 ‘L Coverage: 0.524 47} | (Coverage: 0539 4 Coverage: 0.566 )
2 1 2 7
L . & . 2 g | . : il
< 4 & 4 & 2 $ & & & 1 &
s s o s s 0 3 50 s 0
3 3 3 3 2 0 g g
£ £ £ £ b=t b=t k=1
i -2 i £ o i i =PSB i
-2 ¥ -2{ 4 2 3 -2
4 2 S J & ! 2
» 4 b -af! »
2 0 2 -2 0 2 -25 00 25 2 0 2 2 0 2 a -4 2 0 2 2 0 2
True Bo True By True B, True B3 True B4 True Bs True Be
Funnel Model: By Funnel Model: B, Funnel Model: 8, Funnel Model: B3 Funnel Model: B4 4 Funnel Model: Bs Funnel Model: Bg
MAE: 0.165 MAE: 0.064 MAE: 0.061 + MAE: 0.063 4{|MAE: 0.066 + MAE: 66 6 MAE: 0.064
21|Coverage: 0.956 4(Coverage: 0.962 4| Coverage: 0.965 41|Coverage: 0.957 I Coverage: 0.959 e Coverage: 0.961 Coverage: 0.954
3 ; 2 4 o
o0 ; . + o2 ; Q2 . . g
& & 2 i & 2 & o & < 2
- ° ° 5 0 - © 0 o
g2 3 3 g %o g g
£ g0 E= £, k=1 = g0
[ ¢ w w w w [ 2 [
-4 2 -4 -21 4 -2
6 - 6 i +"+
- -4 ! -4 -4 -4
-2 0 2 -25 00 25 -25 00 25 50 -25 00 25 -2 0 2 4 -25 00 25 2 0 2 a
True Bo True By True B, True B3 True Bs True Bs True Bs

Figure 4: Calibration plots of logistic regression baselines and funnel model.

coverage of the 95% confidence intervals.

Appendix C. Additional results

C.1. Posterior predictive checks

Using posterior predictive checks (i.e., inferred quan-
tities from posterior), we additionally validate that
our model is able to recover the admit and mortality
rates in MIMIC, which we show in Figure 5.

Female Estimated
Female Observed
= Male Estimated
X Male Observed

Admit Rate, ED to Hospital

Admit Rate, Hospital to ICU

Admit Rate, ED to ICU

Mortality Rate, ICU

Mortality Rate, Hospital I >4
Pr(hospital or ICU) %
Pr(ICU) b 3
-5 -4 -3 -2 -1
log(rate)

Figure 5: Our model is able to recover the true admit
and mortality rates in MIMIC data.
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Coverage is the empirical

C.2. Racial subgroup results

We additionally apply our model separately to each
coarse race subgroup in MIMIC (Movva et al., 2023).
We omit “Native American” as a racial category due
to small sample size and “Other” due to lack of speci-
ficity.

Table 4 shows the fitted thresholds by race. In gen-
eral, we observe that Asian patients have the highest
mortality risk thresholds for both hospital and ICU
admission. This aligns with observations that their
mortality rates in the ICU and hospital are higher
than any other group, despite having comparable ad-
mit rates. Figure 6 further examines race-specific co-
efficients in MIMIC.
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Hospitalization 1CU Hospital 1CU Hospital 1CU
Race Threshold Threshold Mortality Mortality Rate Admit Rate Admit Rate
Asian 0.008 [0.006, 0.010] 0.064 [0.055, 0.073] 0.007 0.146 0.394 0.054
Black/African 0.003 [0.003, 0.004] 0.039 [0.036, 0.042] 0.004 0.097 0.395 0.043
White 0.003 [0.003, 0.004] 0.047 [0.045, 0.049] 0.006 0.121 0.536 0.074
Hispanic/Latino  0.004 [0.003, 0.005] 0.037 [0.031, 0.043] 0.003 0.084 0.363 0.037

Table 4: Race-specific decision thresholds and outcome rates. Hospitalization and ICU thresholds are esti-

mates from our model (95% CIs in brackets). The mortality and admission rates are both empiri-

cally calculated on the MIMIC data.

Fitted Regression Coefficients, with 95% Cls

ke Asian
Black/African

ki White
Hispanic/Latino

Chief Complaint: Back Pain Lssa—]
Oxygen Saturation e

Chief Complaint: Headache

Chief Complaint: Syncope L== e~

Oxygen Saturation, Squared

Chief Complaint: Cough peip—r—

Chief Complaint: Dizziness

Pain )

Diastolic Blood Pressure e
Temperature, Squared bl

Pain, Squared [

Chief Complaint: Nausea/Vomiting et
Temperature 8l

Heart Rate -

Heart Rate, Squared il

Systolic Blood Pressure

Diastolic Blood Pressure, Squared
Respiration Rate "

Systolic Blood Pressure, Squared el
Chief Complaint: Abdominal Pain
Respiration Rate, Squared

Chief Complaint: Chest Pain préo—
Gender (1: Male, 0: Female)

Age (normalized)

Chief Complaint: Fever/Chills
Chief Complaint: Shortness of Breath

Jor et
lgger

——t——y—r————

-0.9 -0.7 -0.5 -0.3 -0.1 0.1 0.3 0.5 0.7 0.9
Regression Coefficients

Figure 6: The fitted coefficients in MIMIC for each

race.

Appendix D. MIMIC details
D.1. Data details

The MIMIC database contains several hundreds of
thousands of patients. Each patient is given a unique
subject ID. Within each stay at the ED, the patient
is given a unique stay ID. Patients are triaged upon
arrival at the ED, providing nine common covari-
ates: temperature (°F), heart rate (bpm), respiratory
rate (bpm), oxygen saturation (%), systolic blood
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pressure (mmHg), diastolic blood pressure (mmHg),
chief complaint, pain, and acuity, which is measured
according to the Emergency Severity Index (ESI)
Five Level triage system and assigned by a registered
nurse. We omit acuity as a predictor in our model, as
we use it to correlate our model’s estimated mortality
risk to the triage acuity.

Missing values are replaced by the average of the
non-missing values. Pain, which is right-skewed, is
self-reported by the patient on a scale of 0 — 10. Val-
ues deviating outside the range 0 — 10 were replaced
with the average. In general, for values outside the
range of plausible values, such as body temperatures
above 200F and oxygen saturation above 100 we im-
pute the mean. We z-scored all numeric variables to
better compare effect sizes. We additionally included
a quadratic term, 22 for these variables, as the mor-
tality risk was often non-monotone in the observed
value. For instance, very low and very high heart
rates are both concerning. We additionally one-hot
encoded chief complaint into one of ten possible com-
plaints. Age is collected upon admission to the hospi-
tal (or ICU), along with language and marital status.
We include age as a predictor in our experiments but
omit language and marital status.

We define ICU wards as any hospital ward identi-
fied as some sort of “ICU” or “Intensive Care Unit.”
We consider the universe of all patients who were ad-
mitted to the BIDMC through the ED. This leaves
425,087 patients. Of these patients, 182,803 are ad-
mitted to the (non-ICU wards of the) hospital, and
20,213 are admitted directly to the ICU. An addi-
tional 8,368 patients are admitted from the hospital
to the ICU.
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Feature Type First available at Description

intercept Intercept (constant) ED Constant 1.

temperature numeric, Z-scored ED Triage body tempera-
ture (°F).

heartrate numeric, Z-scored ED Heart rate (bpm).

resprate numeric, Z-scored ED Respiratory rate
(breaths/min).

02sat numeric, Z-scored ED Pulse oximetry SpOaz
(%).

sbp numeric, Z-scored ED Systolic blood pressure
(mmHg).

dbp numeric, Z-scored ED Diastolic blood pressure
(mmHg).

pain numeric, Z-scored ED Pain score (0-10).

temperature_sq numeric, Z-scored then squared ED Square of Z-scored tem-
perature.

heartrate_sq numeric, Z-scored then squared ED Square of Z-scored
heart rate.

resprate_sq numeric, Z-scored then squared ED Square of Z-scored res-
piratory rate.

02sat_sq numeric, Z-scored then squared ED Square of  Z-scored
SpOQ.

sbp_sq numeric, Z-scored then squared ED Square of Z-scored sys-
tolic BP.

dbp_sq numeric, Z-scored then squared ED Square of Z-scored dias-
tolic BP.

pain_sq numeric, Z-scored then squared ED Square of Z-scored pain
score.

chiefcom_chest_pain one-hot ED Chief complaint: chest
pain.

chiefcom_abdominal _pain one-hot ED Chief complaint: ab-
dominal pain.

chiefcom_headache one-hot ED Chief complaint:
headache.

chiefcom_shortness_of_breath  one-hot ED Chief complaint: short-
ness of breath.

chiefcom_back_pain one-hot ED Chief complaint: back
pain.

chiefcom_cough one-hot ED Chief complaint: cough.

chiefcom_nausea_vomiting one-hot ED Chief complaint: nau-
sea/vomiting.

chiefcom_fever_chills one-hot ED Chief complaint:
fever/chills.

chiefcom_syncope one-hot ED Chief complaint: syn-
cope.

chiefcom_dizziness one-hot ED Chief complaint: dizzi-
ness.

age numeric, Z-scored Hospital /ICU Age (years).

Table 5: Feature dictionary for MIMIC predictors.
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