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Abstract

IMPORTANCE Fair clinical prediction models are crucial for achieving equitable health outcomes.
Intersectionality has been applied to develop algorithms that address discrimination among
intersections of protected attributes (eg, Black women rather than Black persons or women
separately), yet most fair algorithms default to marginal debiasing, optimizing performance across
simplified patient subgroups.

OBJECTIVE To assess the extent to which simplifying patient subgroups during training is associated
with intersectional subgroup performance in emergency department (ED) admission models.

DESIGN, SETTING, AND PARTICIPANTS This prognostic study of admission prediction models
used retrospective data from ED visits to Beth Israel Deaconess Medical Center Medical Information
Mart for Intensive Care IV (MIMIC-IV; n = 160 016) from January 1, 2011, to December 31, 2019, and
Boston Children’s Hospital (BCH; n = 22 222) from June 1 through August 13, 2019. Statistical analysis
was conducted from January 2022 to August 2024.

MAIN OUTCOMES AND MEASURES The primary outcome was admission to an in-patient service.
The accuracy of admission predictions among intersectional subgroups was measured under
variations on model training with respect to optimizing for group level performance. Under different
fairness definitions (calibration, error rate balance) and modeling methods (linear, nonlinear), overall
performance and subgroup performance of marginal debiasing approaches were compared with
intersectional debiasing approaches. Subgroups were defined by self-reported race and ethnicity and
gender. Measures include area under the receiver operator characteristic curve (AUROC), area under
the precision recall curve, subgroup calibration error, and false-negative rates.

RESULTS The MIMIC-IV cohort included 160 016 visits (mean [SD] age, 53.0 [19.3] years; 57.4%
female patients; 0.3% American Indian or Alaska Native patients, 3.7% Asian patients, 26.2% Black
patients, 10.0% Hispanic or Latino patients, and 59.7% White patients; 29.5% admitted) and the
BCH cohort included 22 222 visits (mean [SD] age, 8.2 [6.8] years; 52.1% male patients; 0.1%
American Indian or Alaska Native patients, 4.0% Asian patients, 19.7% Black patients, 30.6%
Hispanic or Latino patients, 0.2% Native Hawaiian or Pacific Islander patients, 37.7% White patients;
16.3% admitted). Among MIMIC-IV groups, intersectional debiasing was associated with a reduced
subgroup calibration error from 0.083 to 0.065 (22.3%), while marginal fairness debiasing was
associated with a reduced subgroup calibration error from 0.083 to 0.074 (11.3%; difference, 11.1%);
among BCH groups, intersectional debiasing was associated with a reduced subgroup calibration
error from 0.111 to 0.080 (28.3%), while marginal fairness debiasing was associated with a reduced
subgroup calibration error from 0.111 to 0.086 (22.6%; difference, 5.7%). Among MIMIC-IV groups,
intersectional debiasing was associated with lowered subgroup false-negative rates from 0.142 to
0.125 (11.9%), while marginal debiasing was associated with lowered subgroup false-negative rates
from 0.142 to 0.132 (6.8%; difference, 5.1%). Fairness improvements did not decrease overall
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Abstract (continued)

accuracy compared with baseline models (eg, MIMIC-IV: mean [SD] AUROC, 0.85 [0.00], both
models). Intersectional debiasing was associated with lowered error rates in several intersectional
subpopulations compared with other strategies.

CONCLUSIONS AND RELEVANCE This study suggests that intersectional debiasing better mitigates
performance disparities across intersecting groups than marginal debiasing for admission prediction.
Intersectionally debiased models were associated with reduced group-specific errors without
compromising overall accuracy. Clinical risk prediction models should consider incorporating
intersectional debiasing into their development.

JAMA Network Open. 2025;8(5):e2512947. doi:10.1001/jamanetworkopen.2025.12947

Introduction

Emergency departments (EDs) are dynamic environments where patients present with varying
acuity, requiring tailored and efficient treatment plans that prioritize achieving desired health
outcomes while optimizing clinician workflow and hospital resource utilization. Emergency
departments often function as safety-net care for marginalized populations with reduced economic
resources or health care access, particularly among members of ethnoracial minority groups in the
US.1 These populations also experience the most severe health inequities in disease burden,
mortality, and morbidity.2-4 Racialized health inequities also manifest throughout the ED workflow;
Black and Hispanic or Latino patients are subject to longer wait times for initial evaluation by a
physician in the ED,5 despite data suggesting that Black and Hispanic individuals account for a
disproportionate amount of ED visits and are more likely to be repeat visitors.1 After initial triage,
Black patients who are designated for admission also experience longer ED boarding times,6 with
such delays associated with adverse health outcomes (including intensive care unit mortality rates7

and ventilator-associated pneumonia).8

Machine Learning Models’ Capacity for Improving ED Patient Management
A key challenge in ED workflow is coordinating admissions for patients needing inpatient care, as
hospital beds are a limited resource. Bed coordination—the assignment of patients to care teams and
beds—can create bottlenecks, increasing ED boarding times and delaying treatment when demand
exceeds capacity or allocation is inefficient. Machine learning (ML) models can help accelerate this
process by identifying potential admissions early during triage and initial workup, before the formal
decision to admit is made (eFigure 1 in Supplement 1). Our study builds on previous ED admission
prediction models that have shown strong performance in adult9 and pediatric10 settings, improving
and complementing the assessments of patient disposition made by attending physicians.11

Fairness and Intersectionality
Previous ED admission models optimize overall performance without addressing differences in
subgroup outcomes. Given existing inequities in ED wait and board times, a “fairness-agnostic”
model could narrow, maintain, or even widen disparities. Therefore, we have developed “fairness-
aware” models that optimize both overall accuracy and performance across groups defined by
demographic traits. Prior work has noted that many fairness approaches limit their focus to groups
defined by a single demographic trait, such as race and ethnicity, or consider multiple demographic
traits in isolation (ie, race and ethnicity and gender separately).12 We refer to these approaches as
“marginal,” as they focus on the marginal distribution of protected attributes while ignoring groups
defined by their intersections. Marginal fairness approaches are subject to “fairness
gerrymandering,”13,14 wherein models that are considered fair for groups defined by single attributes
(ie, Black people separately or women separately) still exhibit unfair performance for groups defined
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by intersections of protected attributes (ie, Native American women or Latino men). We provide a
breakdown of currently available, fair ML algorithms and their support for intersecting subgroup
definitions in eTable 1 in Supplement 1.

Approaches to mitigate fairness gerrymandering are rooted in intersectionality, a framework
established by Crenshaw15,16 and Collins,17 with origins in social movements in the 1830s.18-20

Intersectionality views systems of oppression, such as racism and cissexism, as co-occurring,
emphasizing that analyzing a single axis of discrimination—such as race and ethnicity—fails to capture
the harms experienced by individuals facing multiple forms of discrimination.21 Previous work shows
how this framework applies to ML fairness throughout different stages of the prediction task, from
defining to evaluating and updating the task.12

In algorithmic fairness, this framework motivates intersectional fairness that constrains model
performance across groups that are defined by the intersections of protected attributes, rather than
marginal fairness that is concerned only with the groups defined by the marginal distributions of 1 or
more protected attributes. Theoretically, intersectional fairness is ideal; in practice, it can be difficult
to achieve due to scarce data on multiply marginalized groups.

Debiasing and Evaluating Fairness
Fairness metrics must be chosen carefully based on the context of the application.12 Depending on
the hospital’s patient population, ED traffic, and operating practices, different metrics may best
optimize care across groups. For example, in an ED with particularly high ethnoracial inequities in
boarding wait times, ensuring fair calibration would ensure that specific groups are not deprioritized
or overprioritized via assigned risk scores. Ensuring low subgroup false-negative rates (FNRs),
meanwhile, would help ensure that no single group is falsely discharged at a higher rate. To cover the
breadth of potential use case scenarios, we focus on 2 fundamental notions of fairness: sufficiency
(ie, patients with the same risk score should experience outcomes at a rate that is independent of
group membership) and separation (ie, patients with the same outcomes should receive risk scores
that are independent of group membership).22 For example, if an ED admission model meets
sufficiency, patients with a 90% risk score should have equal likelihoods of admission regardless of
group membership. Conversely, if the model meets separation, risk scores for admitted patients
should not differ by group, meaning FNRs and false-positive rates (FPRs) should be the same across
groups. Both traits are important characteristics for fair prediction models, yet cannot be
simultaneously satisfied when admission rates differ among groups.23 Hence, we study 2 fairness
algorithms: one that achieves sufficiency by optimizing group-level calibration, and one that achieves
a relaxation of separation by minimizing group-level FNRs. The first algorithm, multicalibration
boosting,24 is a postprocessing algorithm that constrains the group-level calibration error. The
second, fairness-oriented multiobjective optimization (FOMO),25 is a training algorithm that we use
to constrain group-level FNRs.

In our experiments, we evaluated the ED admission prediction task (eFigure 1 in Supplement 1)
across adult and pediatric populations in 2 Boston-based health care centers (Table). We compared
the performance of marginal and intersectional debiasing with multicalibration and FOMO,
specifically with (1) no debiasing, (2) marginal debiasing based on single attributes (ethnoracial group
or gender) or multiple attributes concomitantly (ethnoracial group and gender), and (3)
intersectional debiasing based on ethnoracial group and gender. We implemented these debiasing
approaches on both logistic regression and random forest models. The overall goal of the study is to
measure the extent to which optimization of algorithmic fairness on marginal groups transfers to
intersectional patient groups, under different definitions of fairness, models, and clinical settings.

Methods

We conducted a prognostic observational study of admission prediction models, trained on
retrospective cohorts from 2 emergency medical centers. The study design was reviewed and
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approved with a waiver of informed consent by the Boston Children’s Hospital (BCH) institutional
review board. Consent was waived because the protocol was determined to be exempt because it
was limited to research activities in which the only involvement of human participants would be
secondary research for which consent is not required. This study adheres to the Transparent
Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis (TRIPOD)
reporting guideline.

Table. Patient Visit Characteristics for the MIMIC-IV and BCH Data

Characteristic Overall, No. (%) Discharged, No. (%) Admitted, No. (%)

MIMIC-IV ED, 2011-2019

Visits 160 016 (100) 112 733 (70.5) 47 283 (29.5)

Patients, No. 90 005 51 306 38 699

Age at visit, mean (SD), y 53.0 (19.3) 49.4 (18.5) 61.6 (18.4)

ED triage acuitya

1 8720 (5.5) 2530 (2.3) 6190 (13.7)

2 47 570 (30.2) 24743 (22.1) 22 827 (50.4)

3 90 948 (57.7) 74 755 (66.6) 16 193 (35.7)

4 9922 (6.3) 9809 (8.7) 113 (0.2)

5 382 (0.2) 376 (0.3) 6 (0.01)

Ethnoracial group

American Indian or Alaska Native 427 (0.3) 275 (0.2) 152 (0.3)

Asian 5979 (3.7) 3904 (3.5) 2075 (4.4)

Black or African American 41 944 (26.2) 36 217 (32.1) 5727 (12.1)

Hispanic or Latino 16 057 (10.0) 13 826 (12.3) 2231 (4.7)

White 95 609 (59.7) 58 511 (51.9) 37 098 (78.5)

Gender

Women 91 774 (57.4) 68 327 (60.6) 23 447 (49.6)

Men 68 242 (42.6) 44 406 (39.4) 23 836 (50.4)

BCH ED, 2019

Visits 22 222 (100) 18 605 (83.7) 3617 (16.3)

Patients, No.b 17 938 15 533 3069

Age at visit, mean (SD), y 8.2 (6.8) 8.0 (6.6) 9.5 (7.6)

ED triage acuity

1 130 (0.6) 41 (0.2) 89 (2.5)

2 4935 (22.2) 2905 (15.6) 2030 (56.1)

3 10 017 (45.1) 8553 (46.0) 1464 (40.5)

4 6177 (27.8) 6143 (33.0) 34 (0.9)

5 963 (4.3) 963 (5.2) 0

Race

American Indian or Alaska Native 28 (0.1) 17 (0.1) 11 (0.3)

Asian 888 (4.0) 753 (4.0) 135 (3.7)

Black or African American 4383 (19.7) 3936 (21.2) 447 (12.4)

Native Hawaiian or Pacific Islander 35 (0.2) 29 (0.2) 6 (0.2)

White 8381 (37.7) 6361 (34.2) 2020 (55.8)

Otherc 8507 (38.3) 7509 (40.4) 998 (27.6)

Ethnicity

Hispanic or Latino 6799 (30.6) 6082 (32.7) 717 (19.8)

Not Hispanic or Latino 15 423 (69.4) 12 523 (67.3) 2900 (80.2)

Gender

Women 10 639 (47.9) 8962 (48.2) 1677 (46.4)

Men 11 583 (52.1) 9643 (51.8) 1940 (53.6)

Abbreviations: BCH, Boston Children’s Hospital; ED,
emergency department; MIMIC-IV, Medical
Information Mart for Intensive Care IV.
a There were 2472 patients (1.5%) who had no

assigned ED triage acuity.
b Patients can have more than 1 visit, each with

different outcomes, so the unique number of
admitted and discharged patients does not add up
to the overall number of patients in the cohort.

c Includes “unable to answer,” “declined to answer,”
and “unknown.”
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Data Curation
We based our experiments on the task of inpatient hospital admission prediction for patients visiting
the ED. Recently, multiple care centers have sought to develop, validate, and deploy ML models for
this task, due to its significant effect on patient flow.9-11,26 The first ED site is sourced from the
Medical Information Mart for Intensive Care IV (MIMIC-IV) ED database,27 a repository of deidentified
ED visits to Beth Israel Deaconess Medical Center between January 1, 2011, and December 31, 2019,
publicly released in 2021. The second is data collected from the BCH ED from June 1 to August 31,
2019. After data preprocessing (eMethods in Supplement 1), our analysis consisted of 160 016 visits
by 90 005 unique patients in the MIMIC-IV cohort and 22 222 visits by 17 938 unique patients in the
BCH cohort.

Model Development
In both cohorts, we trained models to predict admission to an inpatient service among patients
whose final disposition had yet to be decided. We used data collected during check-in (eg, chief
concern), triage (eg, vital signs), patient clinical history (eg, number of previous admissions), and
demographic data (self-reported race and ethnicity and gender). In the BCH cohort, we included
additionally available data collected during the first 60 minutes of a patient’s stay, including
laboratory test orders and medications (eTable 4 in Supplement 1).

We tested tree ensembles implemented in XGBoost and penalized logistic regression models
(eMethods in Supplement 1). The hyperparameters of these models were tuned via halving grid
search. In addition, we varied the fairness task and the patient subgroup definitions that were used
in debiasing. These scenarios are summarized in the Box.

Fairness Approaches
For all models, we tested (1) multicalibration postprocessing to improve subgroup calibration
performance and (2) FOMO to improve subgroup FNRs.

Multicalibration Postprocessing
Multicalibration postprocessing24,28 allows for the flexible specification of groups for marginal and
intersectional fairness models. In brief, assume we have sample data (xi, yi), where xi is a vector of
features and yi is a binary outcome for individual i. Let C represent a collection of subsets specified by
protected attributes in x (ie, subgroups). For example, 1 subset in C could contain a subset of all
patients who are Asian women. An α-multicalibrated model fulfills the constraint that among all
subsets in C and binned prediction intervals (eg, predictions between [0.0, 0.1] or [0.7, 0.8]), the
absolute difference between the expected outcome and expected prediction is at most α. The
multicalibration algorithm updates model predictions until all groups defined by binned prediction
intervals within collections in C with sample prevalence greater than γ satisfy the calibration error
constraint α. Here, γ acts as a cutoff to prevent overfitting to very small groups. Our main results use
α = .01 (constrain calibration error to 0.01) and γ = 0.001 (consider groups with 0.1% or higher
sample prevalence). The eMethods in Supplement 1 contain a sensitivity analysis of these
hyperparameters.

Fairness-Oriented Multiobjective Optimization
Achieving different notions of fairness in ML involves balancing the trade-off between error and
fairness, where increased fairness may lead to higher error rates, and vice versa. Fairness-oriented
multiobjective optimization optimizes this trade-off through multiobjective optimization, treating
error and fairness as separate objectives.25

We used FOMO to jointly optimize the overall balanced accuracy of the models while minimizing
the maximum FNRs among intersectional subgroups. This fairness definition has 2 motivations. First,
it assumes that false discharges from the ED have the potential to cause more patient harm than a
false admission. Second, unlike fairness metrics that optimize for FNR parity among groups (which

Box. Experimental Setup for Assessing
Algorithmic Fairness Under Intersectional
and Marginal Fairness Scenarios

Variable

Group construction scenarios

Settings

Base: no fairness optimization

Gender, race, ethnicity, ethnoracial:
protect single attribute

Marginal: marginally protect all sensitive
attributes

Intersectional: protect intersections of all
sensitive attributes

Variable

Fairness task (algorithm)

Settings

Fair calibration (multicalibration
boosting)

Fair false negative rate (fairness-oriented
multiobjective optimization)

Variable

Base classifier

Settings

Penalized logistic regression (penalty:
{ℓ1, ℓ2}, C: {0.01 . . . 10})

Random forest (n estimators: 100, max
depth: 4)

Variable

Realizations

Settings

100 Trials of independent random seeds,
50/50 train/test split
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can be achieved, for example, by making the model worse for some subgroups where it performs
well), this metric focuses solely on improving the worst-case performance among patient subgroups.
Minimizing subgroup FNRs must be balanced by minimizing overall FNRs and overall FPRs, which
cause distributed harm to waiting patients due to overcrowding; hence, we jointly maximized for
overall balanced accuracy. This design is intended to minimize potential harms that could result from
simply equalizing FNRs and/or FPRs across subgroups, as discussed in other work.29

Protected Attributes and Intersectionality
The experiment in this study focuses on 3 protected attributes: race, ethnicity, and gender (in the
MIMIC-IV cohort, race and ethnicity are reported as a combined ethnoracial variable). Scholars in the
social, public health, and computational sciences30,31 have written about the importance of
distinguishing between individual-level identities and systems of discrimination. Here, we
conceptualized race, ethnicity, and gender attributes as imperfect proxies of systemic racism,
systemic sexism, and structural barriers to health care access.21

Statistical Analysis
Statistical analysis was conducted from January 2022 to August 2024. We conducted pairwise
comparisons of expected calibration error (ECE) and FNR between pairs of modeling scenarios (eg,
models trained with intersectional debiasing vs baseline models). The null hypothesis for each of
these tests was that the observed scores could have been generated from the same modeling
scenario. All reported P values on paired samples are the result of 2-sided Wilcoxon signed rank tests
with Holm-Bonferroni correction. An adjusted P value of .05 was considered significant.

Results

The analysis included 47 283 admissions from 160 016 visits (29.5%) from the MIMIC-IV cohort
(mean [SD] age, 53.0 [19.3] years; 57.4% female patients and 42.6% male patients; 0.3% American
Indian or Alaska Native patients, 3.7% Asian patients, 26.2% Black patients, 10.0% Hispanic or Latino
patients, and 59.7% White patients) and 3617 admissions from 22 222 visits (16.3%) from BCH (mean
[SD] age, 8.2 [6.8] years; 47.9% female patients and 52.1% male patients; 0.1% American Indian or
Alaska Native patients, 4.0% Asian patients, 19.7% Black patients, 30.6% Hispanic or Latino patients,
0.2% Native Hawaiian or Pacific Islander patients, 37.7% White patients). Patient cohorts are detailed
in the Table.

Admission Rate Differences Among Patient Subgroups
We observed marked differences in admission rates by intersections of race, ethnicity, and gender
(eTable 2 in Supplement 1), suggesting the importance of a performance-based fairness constraint
(eg, calibration or error rates) as opposed to demographic parity, which equalizes outcome rates
among subgroups and would therefore cause substantial deviations in predicted subgroup admission
rates from what is observed.

Fairness Without Accuracy Trade-Offs
The prevailing understanding of fairness as derived from the notions of equalized odds and parity
among demographic groups is that they require trade-offs with overall accuracy,32 yet, in practice,
such trade-offs may be negligible.33 Our findings were consistent with the latter; across both
datasets and both fairness targets (calibration and FNR), debiasing methods had nearly identical
overall performance to baseline models (mean area under the receiver operator characteristic curve
[AUROC] within ±0.01; Figure 1; eTable 3 in Supplement 1). Fairness improvements did not decrease
overall accuracy compared with baseline models (eg, MIMIC-IV: mean [SD] AUROC, 0.85 [0.00],
both models). When tasked with balancing FNRs in the BCH cohort, intersectionally debiased models
exhibited a slightly lower area under the precision recall curve (AUPRC; base scenario mean [SD]
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AUPRC, 0.67 [0.01]; intersectional scenario mean [SD] AUPRC, 0.64 [0.02]). This difference is
observed in BCH precision-recall curves in Figure 1, where the precision is lower for model thresholds
with low recall or sensitivity, which occurs only when the model’s threshold for positive classification
is set very high. For model thresholds corresponding to sensitivity or recall greater than 50%,
intersectionally debiased models exhibit nearly identical precision to others (Figure 1).

Fairness Gains With Intersectional Debiasing
We compared the mean ECE and FNR among intersectional groups across debiasing conditions in
Figure 2. Among MIMIC-IV groups, marginal fairness debiasing was associated with a reduced ECE
from 0.083 to 0.074 (11.3%), while the fully intersectional approach was associated with a reduced
ECE from 0.083 to 0.065 (22.3%; difference, 11.1%); among BCH groups, marginal fairness debiasing
was associated with a reduced ECE from 0.111 to 0.086 (22.6%), whereas the fully intersectional
approach was associated with a reduced ECE from 0.111 to 0.080 (28.3%; difference, 5.7%). Similarly,
intersectional debiasing was associated with significantly lowered mean FNRs among intersectional
groups compared with baseline (MIMIC-IV, from 0.142 to 0.125; 11.9% reduction; P < .001; BCH, from
0.108 to 0.102; 6.3% reduction; P < .001). Among MIMIC-IV groups, marginal debiasing was
associated with lowered subgroup FNRs from 0.142 to 0.132 (6.8%). Debiasing based on ethnoracial
group was associated with a larger singular reduction in error rates among intersectional groups than
debiasing based on gender alone, but debiasing using the combination was associated with better
performance than considering either attribute alone or additively.

Intersectional Debiasing and Fairness for Small and Large Groups
Subgroup Calibration
In the MIMIC-IV cohort, compared with marginal debiasing, intersectional debiasing was associated
with a significantly reduced ECE among American Indian or Alaska Native men (from 0.119 [95% CI,
0.060-0.163] to 0.097 [95% CI, 0.033-0.159]; P < .001), Asian men (from 0.091 [95% CI, 0.071-
0.110] to 0.062 [95% CI, 0.034-0.090]; P < .001), Hispanic or Latino women (from 0.104 [95% CI,
0.089-0.110] to 0.088 [95% CI, 0.069-0.100]; P < .001), and Black or African American women
(from 0.102 [95% CI, 0.095-0.107] to 0.089 [95% CI, 0.072-0.095]; P < .001). In the BCH cohort,
compared with marginal debiasing, intersectional debiasing was associated with a significantly
reduced ECE among White, Hispanic or Latino female patients (from 0.088 [95% CI, 0.057-0.128] to
0.076 [95% CI, 0.038-0.114]; P < .001).

Subgroup FNRs
In the MIMIC-IV cohort, compared with marginal debiasing, intersectional debiasing was associated
with a significantly reduced FNR among American Indian or Alaska Native men (from 0.218 [95% CI,
0.165-0.289] to 0.206 [95% CI, 0.141-0.271]; P = .02), Asian men (from 0.205 [95% CI, 0.178-
0.226] to 0.192 [95% CI, 0.168-0.221]; P < .001), Asian women (from 0.150 [95% CI, 0.134-0.167] to
0.144 [95% CI, 0.124-0.163]; P < .001), and White women (from 0.161 [95% CI, 0.145-0.174] to 0.153
[95% CI, 0.136-0.171]; P < .001). In the BCH cohort, compared with marginal debiasing, intersectional
debiasing was associated with a significantly reduced FNR among American Indian or Alaska Native,
non-Hispanic or non-Latino male patients (from 0.134 [95% CI, 0.000-0.317] to 0.103 [95% CI,
0.000-0.293]; P = .02).

In the MIMIC-IV cohort, intersectional debiasing approaches were associated with minimizing
both the group-specific ECE (Figure 3) and the FNRs for the lowest prevalence group (American
Indian or Alaska Native men; prevalence = 0.1%) and highest prevalence group (White women;
prevalence = 31.4%) more than other methods (P <.001). We further investigated the association of
group size with multicalibration postprocessing in eFigure 2 in Supplement 1. Results were largely
consistent for logistic regression models (eFigures 3 and 4 in Supplement 1). Trade-offs between FNR
and accuracy for FOMO-trained models are shown in eFigure 5 in Supplement 1.
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Discussion

To date, most model bias is identified after deployment,34 with few clinical prediction models
incorporating fairness notions during development. To our knowledge, this study is among the first
to implement an intersectional debiasing approach for clinical prediction models and demonstrate
that (1) it can significantly improve the performance of a model on subgroups vs the more common
marginal approaches and (2) it can reduce unfairness with minor changes in overall performance. In
the MIMIC-IV cohort, intersectionally debiased ML models were associated with a 22.3% reduction in
subgroup ECE and a 11.3% reduction in subgroup FNR with no change in AUROC or AUPRC. In the
BCH cohort, models were associated with a 28.3% reduction in subgroup ECE with no reduction in
AUROC or AUPRC and a 6.3% reduction in subgroup FNR for no reduction in AUROC and a 4.5%
reduction in mean AUPRC (concentrated at low sensitivity model thresholds).

Figure 3. Model Performance on Each Intersectional Position According to Dataset and Fairness Consideration, Demarcated by Scenario

Expected calibration error

MIMIC-IV datasetA

BCH datasetB

0.140.04 0.06 0.08 0.10 0.12

Task: fair calibration

FNR
0.2500.050 0.100 0.1500.075 0.125 0.175 0.200 0.225

Task: fair FNR
American Indian or Alaska Native, male (0.1%)

American Indian or Alaska Native, female (0.2%)

Asian, male (1.5%)

Asian, female (2.3%)

Hispanic or Latino, male (3.6%)

Hispanic or Latino, female (6.4%)

Black or African American, male (9.0%)

Black or African American, female (17.2%)

White, male (28.4%)

White, female (31.4%)

Overall (100.0%)

Native Hawaiian or Pacific Islander,
Hispanic or Latino, male (0.1%)

American Indian or Alaska Native,
non-Hispanic or non-Latino, male (0.1%)

Black or African American, Hispanic
or Latino, male (1.7%)

Black or African American, Hispanic
or Latino, female (1.7%)

White, Hispanic or Latino, female (1.8%)

White, Hispanic or Latino, male (2.0%)

Asian, non-Hispanic or non-Latino, female (2.9%)

Asian, non-Hispanic or non-Latino, male (3.5%)

Black or African American, non-Hispanic 
or non-Latino, female (13.8%)

 

Black or African American, non-Hispanic or
non-Latino, male (14.8%)

White, non-Hispanic or non-Latino, female (27.7%)

White, non-Hispanic or non-Latino, male (29.6%)

Overall (100.0%)

Base
Gender
Ethnoracial
Marginal
Intersectional

Expected calibration error
0.250.05 0.10 0.15 0.20

Task: fair calibration

FNR
0.180.04 0.08 0.120.06 0.10 0.14 0.16

Task: fair FNR

Base
Gender
Ethnicity
Race
Marginal
Intersectional

A, Medical Information Mart for Intensive Care IV (MIMIC-IV) dataset. B, Boston Children’s Hospital (BCH) dataset. Points indicate bootstrap-estimated median performance over
trials, and bars indicate the 95% CI on test data across 100 trials. FNR indicates false-negative rate.
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Limitations
This study has some limitations. A challenge of intersectional approaches using demographic traits is
that as more protected attributes are added, group sizes shrink. We limited our analysis to 3
attributes: race, ethnicity, and sex, and only considered intersectional groups representing at least
0.1% of the population. Although multicalibration handles small group sizes with a threshold, other
fairness methods use a prior probability for group outcomes. We tested both approaches in FOMO
and found no significant association with results. Future studies could explore additional attributes
and larger datasets to examine the limits of fairness gains for smaller intersectional groups.

Our results are limited to 1 clinically relevant prediction problem, but it is a type of resource
allocation problem that is widely found in clinical settings. Further work should examine the extent
to which our observations are generalizable to other settings of interest.

We did not answer the question of whether subgroup calibration or subgroup FNR is a more
important fairness consideration for this task; instead, we measured the importance of intersectional
debiasing for multiple scenarios. Calibration is important for interpreting risk scores and doing risk
stratification. False-negative rates are important for interpreting the risk of missed interventions.
False-negative rates, FPRs, and calibration cannot be simultaneously equal when subgroups exhibit
different prevalences of the outcome.23 Future studies could consider the trade-offs of these fairness
metrics that are not covered here. Similarly, future prospective studies depend on engagement with
community stakeholders to define which metrics are more important in clinical decision support.

Conclusions

In this prognostic study of ED admission prediction models, we found that intersectional subgroups
were important to include during the model development process to achieve the best subgroup
calibration in validation data. These fairness gains were obtained without sacrificing overall model
performance, which suggests that clinical risk prediction models should consider incorporating
intersectional debiasing into their development.
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