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Ethnoracial disparities in emergency
department triage are more pronounced in
lower-risk visits: a multicenter study

Blanca Romero Milà1,2,3,10, Helena Coggan1,2,10, Andrew M. Fine2,4,
Yuval Barak-Corren1,2,5, Ben Y. Reis 1,2, Jaya Aysola6,7,8, Pradip P. Chaudhari9 &
William G. La Cava 1,2

Ethnoracial disparities in emergency department triage decisions persist,
despite efforts to standardize protocols. Here, we analyze 1.35 million
encounters at four U.S. emergency departments that all use the Emergency
Severity Index triage protocol. We independently score visits as emergent
(level 2) or urgent (level 3) by applying the criteria computationally and
compare to nurse assignments. We show that, matched on clinical presenta-
tion and hospital context, Hispanic patients are less often triaged emergent
than Non-Hispanic White (NHW) patients at every site (odds ratios (ORs): 0.75
[95% CI 0.72–0.78] to 0.90 [0.86–0.94]), and Non-Hispanic Black patients at
two (0.73 [0.71–0.74], 0.89 [0.86–0.92]). Disparities increase where the algo-
rithm scores patients lower-risk (Hispanic-NHW ORs: 0.73 [0.69–0.77] to 0.88
[0.83–0.94]), and attenuatewhere it scores themhigher-risk (0.83 [0.79–0.89]
to 0.95 [0.90–1.00]), suggesting a disparate “benefit-of-the-doubt” pattern of
clinical discretion. Standardized decision support may reduce these dis-
parities, and we estimate a worst-case increase on ED lengths of stay to be 1.0
-3.8% across sites.

Nearly twodecades after the Institute ofMedicine declared emergency
departments (EDs) to be at the breaking point1, overcrowding con-
tinues to strain U.S. EDs2–4. Therewere 155.4million visits to U.S. EDs in
2022, roughly 47 per 100 people5. To manage the flow of patients
through EDs, all visits begin with nurse triage, a process which evalu-
ates the urgency of each visit and shapes downstream care (e.g.,
admission, length of stay). Patients with high-risk conditions experi-
ence delays in accessing life-saving care when assigned an incorrectly
low triage score6. Consequently, even small unwarranted variations in

triage assignment may affect the timeliness of a patient’s care, the
length of their stay, and their mortality risk7.

To reduce such variation, healthcare systems have adopted
standardized triage protocols intended to support objective, repea-
table assignments. The most widely used is the Emergency Severity
Index (ESI)8,9, developed in 1998 and used in 94% of U.S. EDs as of
20199. ESI is a five-level scale intended to reflect urgency and risk of
deterioration (1- immediate, 2- emergent, 3- urgent, 4- semi-urgent, 5-
non-urgent). ESI scores are assigned by a triage nurse according to a
protocol (in the sense of a strict protocol, not a computational tool)
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which relies on clinical characteristics, including high-risk symptoms
and danger-zone vital signs, and does not explicitly incorporate sex or
race/ethnicity.

The adoption of the ESI score was intended to standardize triage
assessments, but studies show frequent misapplication (59%
accuracy10) and high inter-rater variability11. Assignment practices also
vary across sites, and the questions used to elicit and document
patient status vary between triage nurses12. Previous studies have
found that a patient’s risk of mis-triage is linked to their race and sex,
and that Black and Hispanic patients may be assigned less urgent
scores than White patients13–17. These differences in triage assignment
are likely to contribute to downstream racial disparities in ED care:
Black and Hispanic patients are less likely to be imaged18, are more
likely to be passed over in favor of patients who arrived later and/or
with less urgent triage scores19, and wait longer when not seen
promptly20. The precise mechanisms of these racial disparities are not
known, but previous studies have suggested that implicit bias is a
contributing factor21 and that clinicians show greater social engage-
ment with patients with whom they share racial identity22,23. Eliminat-
ing disparities in ED triage assignments could ensure more
comprehensive evaluations of minority patients, fairer allocation of
resources, and narrower disparities in hospital admissions.

To address disparities in ESI scoring, it is critical to identify where
bias may enter the triage decision pathway, particularly at the
boundary separating high-acuity patients (ESI 1–2), who are under-
stood to require urgent intervention, from lower-acuity patients (ESI
3–5), who can generally wait to be seen.

In this study, we sought to identify factors contributing to mist-
riage, and in particular to systematic racial disparities in triage score
assignment. We defined mistriage as taking place whenever the triage
score determined by retrospective application of the ESI algorithm–

i.e., the score a patient should have received according to their clinical
risk factors and vital signs– differed from the score that was actually
assigned by the triage nurse. We hypothesized that ethnoracial dis-
parities would be enriched in pathways that (1) carry less apparent
clinical risk and (2) rely more heavily on subjective clinical judgment.
We tested these hypotheses by implementing an automated ESI algo-
rithm and generating handbook scores for approximately 1.35M
encounters from four U.S. EDs over a 15-year period (Fig. 1). This
enabled stratification of nurse-assigned triage by agreement with
handbook criteria and finer separation of apparent high- versus low-
risk visits. We then used causal inference methods to estimate the
association between ethnoracial identity and the odds of receiving an
emergency (ESI 2) nurse triage assignment, stratified by algorithmic
ESI assessment.

Results
Study cohort and clinical setting
We analyzed 1,348,436 encounters at four EDs serving adults on the
East (AE: 398,661 encounters) and West coasts (AW: 116,063 encoun-
ters) and children on the East (PE: 305,963 encounters) and West
coasts (PW: 527,749 encounters). The cohort was diverse (30.7% Non-
Hispanic White, 12.5% Non-Hispanic Black, 36.9% Hispanic, 5.1% Asian,
and 10.5% Other); see Table 1.

We focused on encounters assigned ESI levels 2 and 3, which
comprise the majority of visits and represent the critical boundary
between emergent (ESI 2) and urgent (ESI 3) care (Fig. 1E). This
boundary is also strongly associatedwith admission likelihood (Fig. 1E)
and is therefore a setting inwhich clinician judgment canmeaningfully
shape downstream care.

Accordingly, the final cohort included encounters assigned ESI
level 2 (AE: 33.2%, AW: 23.6%, PE: 24.3%, PW: 15.3%) or level 3 (AE: 53.9%,
AW: 65.5%, PE: 46.8%, PW: 27.7%) at triage, totaling 342,232 (AE),
103,029 (AW), 217,320 (PE), and 226,864 (PW) encounters. Table 1

provides detailed cohort information for the four medical center EDs
analyzed.

Ethnoracial disparities in nurse triage assignment
Comparison of nurse-assigned and algorithmic ESI scores showed
substantial discordance (Fig. 1F), particularly for algorithmic ESI level
2, consistent with subjectivity at the level-2/3 boundary. To assess the
validity of algorithmic assignments, we compared several patient
outcomes conditional on nurse-assigned and algorithmic ESI scores.
Our primary comparison was admission to the hospital (Fig. 1G). As
admission decisions may also be affected by subconscious biases, we
additionally compared the following post-disposition clinical out-
comes: death in hospital, long (greater thanmedian) hospital stay, 30-
day bounceback visits post-discharge, and 30-day bounceback
admissions post-discharge (Supplementary Fig. 2).

Encounters assigned nurse level 2 were less likely to be admitted
when the algorithm assigned level 3, and conversely, encounters
assigned nurse level 3 were more likely to be admitted when the
algorithm assigned level 2 (p < 1.885e-08, χ2 test). Higher algorithm-
assigned ESI scores were also associated with significantly higher rates
of in-hospital mortality, longer hospital stays, and increased risk of
bounceback visits or admissions within 30 days of the ED visit (Sup-
plementary Fig. 2). These results support that the ESI handbook
algorithm captures clinically meaningful severity information beyond
nurse-assigned triage.

We estimated the odds of receiving a nurse-assigned ESI level 2,
relative to propensity-matched Non-Hispanic White encounters, stra-
tified by ethnoracial group and algorithmic triage level (Fig. 2). Across
centers, Hispanic and Non-Hispanic Black patients generally had lower
odds of nurse-assigned level 2 than matched Non-Hispanic White
patients.

For Hispanic patients, odds were lower at all centers (OR, AW:
0.90 [0.86–0.94]; AE: 0.75 [0.72–0.78]; PW: 0.87 [0.85–0.88]; PE: 0.80
[0.78–0.82]). Similarly, Non-Hispanic Black patients had lower odds at
two of four centers (AE: 0.73 [0.71–0.74]; PE: 0.89 [0.86–0.92]).

Disparities stratified by algorithmic severity
When stratified by algorithmic triage level, disparities were more
pronounced among encounters assessed as lower risk, i.e., algorithmic
level 3. In this setting, Hispanic patients had reduced odds of level-2
nurse triage compared to matched Non-Hispanic White patients at all
centers (AW: 0.88 [0.83–0.94]; AE: 0.73 [0.69–0.77]; PW: 0.76
[0.74–0.78]; PE: 0.76 [0.73–0.79]). Non-Hispanic Black patients
showed similar patterns at three of four centers (AW: 0.77 [0.67–0.89];
AE: 0.75 [0.73–0.77]; PE: 0.88 [0.83–0.93]).

By contrast, among algorithmic level-2 encounters, disparities
persisted for Hispanic patients at three centers but were generally
attenuated (AW: 0.95 [0.90–1.00]; AE: 0.83 [0.79–0.89]; PW: 0.91
[0.90–0.93]; PE: 0.84 [0.81–0.88]). Non-Hispanic Black patients like-
wise showed reduced but persistent disparities at twocenters (AE: 0.81
[0.78–0.84]; PE: 0.91 [0.86–0.96]).

Overall, patients assessed as lower risk by the algorithm (level 3)
exhibited larger disparities than those assessed as higher risk (level 2)
across multiple centers (Hispanic: AE, PW and PE p < 0.01; Non-
Hispanic Black: AE p < 0.01, AW p < 0.05).

Site-specific variation in triage decision rules
The ESI algorithm contains two paths that arrive at triage level 2 (see
Fig. 1). The first is through the presentation of high-risk symptoms. The
second is through the presenceof concerning (i.e., danger zone) vitals,
inwhich case the handbook recommends reconsidering a triage level 2
assignment, even absent high-risk symptoms.

Both routes can be seen as relying on some degree of clinical
judgment. High-risk symptoms are interpreted by the clinician from
the patient or their guardian, which creates the potential for subjective
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translation. Meanwhile, the ESI version 5 handbook explicitly instructs
clinicians to use their judgment when considering whether to classify
patients as high risk given their vitals (earlier ESI versions always
recommend assigning triage 2). Thus, an open question we sought to
answer was which route was more often used to assign triage level 2,
and whether the routes exhibited markedly different disparities in
triage assignment.

We found that there was a significantWest coast/East coast divide
in which paths led to nurse triage level 2 assignments (see Fig. 3). The
adult and pediatric west coast sites were significantly more likely to
assign triage 2 when patients had danger zone vitals (median [IQR]
LR +, AW: 1.70 [1.62 - 1.78]; PW: 1.48 [1.46 - 1.50]), versus when patients
had high risk symptoms (LR+, AW: 1.00 [0.92 - 1.06]; PW: 1.40 [1.17 -
1.48]). Conversely, adult and pediatric east coast sites weremuchmore
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Table 1 | Descriptive statistics for the Emergency Departments used in the study

Grouped by Center

Overall Adult East Adult West Pediatric East Pediatric West

 Number of visits, n – 1,348,678 398,661 116,063 305,963 527,991

 Unique patients, n – 670,493 196,421 69,402 164,847 239,823

 Time frame – 2011–2025 2011–2019 2020–2022 2019–2024 2018–2025

Age Group, n (%) < 3 mo. 33,588 (2.5) – – 12,680 (4.1) 20,908 (4.0)

3-6 mo. 20,977 (1.6) – – 8440 (2.8) 12,537 (2.4)

6-12 mo. 54,355 (4.0) – – 18,118 (5.9) 36,237 (6.9)

12-18 mo. 50,280 (3.7) – – 16,513 (5.4) 33,767 (6.4)

1.5-3 111,234 (8.2) – – 37,174 (12.1) 74,060 (14.0)

3-5 111,745 (8.3) – – 36,301 (11.9) 75,444 (14.3)

5-10 189,972 (14.1) – – 62,118 (20.3) 127,854 (24.2)

10-15 136,541 (10.1) – – 52,585 (17.2) 83,956 (15.9)

15 + 125,262 (9.3) – – 62,034 (20.3) 63,228 (12.0)

18–29 88,749 (6.6) 70,525 (17.7) 18,224 (15.7) – –

30–39 68,095 (5.0) 50,214 (12.6) 17,881 (15.4) – –

60–69 81,313 (6.0) 63,552 (15.9) 17,761 (15.3) – –

70–79 63,636 (4.7) 48,618 (12.2) 15,018 (12.9) – –

40–49 64,769 (4.8) 49,346 (12.4) 15,423 (13.3) – –

50–59 84,787 (6.3) 67,493 (16.9) 17,294 (14.9) – –

80 + 63,375 (4.7) 48,913 (12.3) 14,462 (12.5) – –

Sex, n (%) F 672,010 (49.8) 216,552 (54.3) 63,042 (54.3) 146,306 (47.8) 246,110 (46.6)

M 676,668 (50.2) 182,109 (45.7) 53,021 (45.7) 159,657 (52.2) 281,881 (53.4)

Race, n (%) Asian 68,875 (5.1) 17,661 (4.4) 18,945 (16.3) 11,834 (3.9) 20,435 (3.9)

Hispanic 498,314 (36.9) 32,458 (8.1) 31,943 (27.5) 80,026 (26.2) 353,887 (67.0)

NH Black 169,062 (12.5) 86,921 (21.8) 7296 (6.3) 45,859 (15.0) 28,986 (5.5)

NH White 414,570 (30.7) 232,435 (58.3) 43,101 (37.1) 105,812 (34.6) 33,222 (6.3)

Other 141,390 (10.5) 23,622 (5.9) 13,839 (11.9) 30,702 (10.0) 73,227 (13.9)

Unknown 56,467 (4.2) 5,564 (1.4) 939 (0.8) 31,730 (10.4) 18,234 (3.5)

Triage Acuity, n (%) 1.0 27,790 (2.1) 22,975 (5.8) 1029 (0.9) 1436 (0.5) 2350 (0.4)

2.0 313,208 (23.3) 130,564 (33.2) 27,312 (23.6) 74,356 (24.3) 80,976 (15.3)

3.0 576,469 (43.0) 211,668 (53.9) 75,717 (65.5) 142,964 (46.8) 146,120 (27.7)

4.0 295,528 (22.0) 26,855 (6.8) 10,830 (9.4) 78,814 (25.8) 179,029 (33.9)

5.0 128,921 (9.6) 955 (0.2) 668 (0.6) 8,059 (2.6) 119,239 (22.6)

Disposition, n (%) Admitted 303,701 (22.5) 157,514 (39.5) 31,574 (27.2) 54,656 (17.9) 59,957 (11.4)

Discharged 1,042,709 (77.3) 241,147 (60.5) 84,489 (72.8) 251,307 (82.1) 465,766 (88.2)

Transfer 2268 (0.2) 2268 (0.4)

Fig. 1 | Emergency Severity Index (ESI) algorithm implementation and valida-
tion. AOriginal ESI algorithm flowchart with triage levels 2 and 3 highlighted in red
and green, respectively.BComputational implementation of ESI algorithm levels 2
and 3, including high-risk symptom detection (box b) and danger-zone vital sign
detection (box d). Algorithm ESI levels 2 and 3 are highlighted in red and green.
C Propensity score matching pipeline workflow. D Proportion of visits with nurse-
assigned triage levels at each site. Bar heights represent the proportion of visits (%)
assigned to each triage level. Levels 2 and 3 are most common overall. E Patients
assigned high acuity (levels 1--2) aremore likely to be admitted than those assigned
levels 3–5. Bar heights show themean likelihood of admission at the site and triage
level, and error bars show 95% confidence intervals. Data for (D, E) include all
encounters assigned ESI levels 1-5 across four centers (AW: 116,063; AE: 398,661;
PW: 527,749; PE: 305,963 encounters). F Concordance between algorithmic and
nurse-assigned triage at levels 2 and 3. Data include encounters assigned ESI levels
2 or 3 across four centers (AW: 103,029; AE: 342,232; PW: 226,864; PE: 217,320
encounters). Groups compared are encounters where the algorithmic and nurse-
assigned scores agree versus disagree. Each data point represents an independent

patient encounter. Roughly half of algorithmic level-2 encounters are assigned
nurse level 3,whereas algorithmic level-3 encountersmore closely agreewithnurse
assignments. G Algorithmic ESI provides diagnostic information beyond nurse-
assigned triage. Encounters assigned a more urgent algorithmic score than the
nurse-assigned score are more likely to be admitted (right panel), and vice versa
(left panel), across sites. Two-sided Pearson χ2 tests with continuity correction
compared admission proportions within each site and nurse-triage stratum. Exact
P- values for nurse ESI 2 were AW, 4.693 × 10−183; AE, 1.680 × 10−55; PW, 1.781 × 10−74;
and PE, 1.885 × 10−8. For nurse ESI 3, they were AW, 1.022 × 10−146; AE, 7.795 × 10−99;
PW, 2.865 × 10−46; and PE, P < 2.2 × 10−308 (numerical underflow). p-value annotation
legend: ns: 0.05 < p < = 1.0; *: 0.01 < p < = 0.05; **: 0.001 < p < = 0.01; ***:
0.0001 < p < =0.001; ****: p < = 0.0001. Data include encounters assigned ESI levels
2 or 3 across the same four centers (AW: 103,029; AE: 342,232; PW: 226,864; PE:
217,320 encounters). Groups compared are encounters where the algorithmic
score is more urgent than the nurse-assigned score, versus less urgent within each
center. Each data point represents an independent patient encounter. Arm sling
person icon adapted from drawio under Apache-2.0 license.

Article https://doi.org/10.1038/s41467-026-78526-5

Nature Communications Article in Press

www.nature.com/naturecommunications


likely to assign triage 2 for patients with high risk symptoms (LR +, AE:
1.68 [1.62 - 1.85]; PE: 1.65 [1.60 - 1.78]); on Eastern sites, danger zone
vitals alone had a weaker effect on the likelihood of assignment, with
essentially no effect at AE (LR+, AE: 1.10 [1.07 - 1.12]; PE: 1.41 [1.35
- 1.46]).

We observed small differences in likelihood ratios by patient
ethnoracial group but, in general, they were consistent. High-risk
complaint frequencies were also broadly similar across ethnoracial
groups and centers (Supplementary Fig. 3).

In all sites, patients with both high-risk symptoms and danger
zone vitals had the highest likelihood ratio of triage 2 assignments
compared to patients with one or the other (median LR +: 1.79 - 2.14).
This result suggests, in all sites, that the ESI algorithm is being used in a
different manner than the one for which it was designed. By following
the algorithm, a priori, we would expect danger zone vitals to only
impact the likelihood of triage 2 assignments when patients do not
express high-risk symptoms. Furthermore, we would expect high-risk
symptoms, regardless of danger zone vitals, to independently increase
the likelihood of triage 2 assignment. In clinical practice, we do not
observe these independent effects. In AW, high-risk symptoms alone
do not increase the likelihood of triage 2 assignments. Similarly, in AE,
danger zone vitals alonebarely increase the relative likelihoodof triage
2 assignment; in PE, their effect is present but substantially weaker
than that of high-risk symptoms. We do, however, observe an inter-
active effect between danger zone vitals and high-risk symptoms.

Patientsmeeting both criteria are assigned triage level 2 at higher rates
than patients meeting only one, suggesting patient-reported symp-
toms and vitals are often considered in concert, rather than indepen-
dently, when making triage decisions. In other words, all sites appear
to consider both criteria for triage 2 assignment, but (a) consider them
differently depending on the site and (b) often depart from the
guidelines by requiring both criteria to bemet, rather than one, before
assigning a higher triage level. The results are noteworthy because all
sites studied adhere to the same ESI triage protocol in their training
programs, with minimal site-specific differences, discussed further in
the Supplement.

These findings highlight meaningful site-specific differences in
triage protocols and complicate efforts to apply a one-size-fits-all
solution to the problem of triage assignment disparities.

Impact of algorithmic triage on emergency department flow
A key translational question is whether algorithmic ESI scores could
serveas clinical decision support to reducedisparitieswhilepreserving
patient flow. To probe this, we estimated the impact on ED length of
stay (LOS) if algorithmic ESI scores were used in place of nurse-
assigned triage scores. We used an accelerated failure time model to
estimate the expected change in ED LOS under the replacement of
nurse-assigned with algorithmic scores, evaluated at triage.

At sites AW, AE, PW, and PE, algorithmic ESI would change the
proportion of level-2 assignments by 75.9%, 0.7%, 35.4%, and 15.6%, and

Fig. 2 | Ethnoracial disparities in emergency triage assignment by algorithmic
ESI assessment. Points show propensity-score-matched odds ratios for nurse
assignment to ESI level 2 (vs level 3) for each racial/ethnic group relative to non-
Hispanic White patients within each center and handbook-ESI stratum. Error bars
represent 95% Wald confidence intervals based on discordant matched pairs; the
horizontal reference line denotes an odds ratio of 1. Each subplot represents a care
center (AW, AE, PW, PE). The y-axis denotes Hispanic, Non-Hispanic Black, Asian,
and Other groups, and further stratifies by algorithmic triage assignment (ESI 2 or
ESI 3). Statistical significance of differences relative toNon-HispanicWhite patients

is denoted by asterisks in the test column accompanying the ORs. In addition,
within-group tests compare ORs across algorithmic triage levels and are denoted
by vertical asterisks. Group-versus-reference tests used two-sided McNemar tests
with continuity correction; their P values were Bonferroni-adjusted across 48
comparisons. Vertical comparisons used two-sided z-tests of log odds-ratio dif-
ferences. Asterisks indicate the corresponding P-value ranges; the exact values are
retained in the analysis outputs used to generate the figure. p-value annotation
legend: ns: 0.05 < p < = 1.0; *: 0.01 < p < = 0.05; **: 0.001 < p < = 0.01; ***:
0.0001 < p < = 0.001; ****: p < = 0.0001.
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change the proportion of level-3 assignments by − 27.4%, −0.4%,
− 19.6%, and − 8.1%, respectively. The estimated effect of replacing
nurse-assigned scoreswith algorithmic scoreswas to increasemean ED
LOSby 2.0% [2.0–2.1], 1.0% [1.0–1.1], 3.8% [3.7–3.8], and 1.5% [1.4–1.6] at
sites AW, AE, PW, and PE, respectively.

In AW,where the time to admit/discharge decision is available, the
estimated change in time to disposition was negligible (−0.1%
[−0.1–0.0]). Given the high prevalence of level-3 encounters, a large
relative increase in level-2 assignments canbepartially offset by a small
relative decrease in level-3 assignments. In practice, an ESI algorithm
would act as a tool for decision support rather than a replacement for
clinician judgment, and these results suggest potential to reduce dis-
parities with modest or negligible impact on ED throughput.

Discussion
In summary, we observed significant ethnoracial disparities in triage
assignment across four diverse emergency departments, with under-
prioritization of minoritized patients relative to Non-Hispanic White
patients across centers. These disparities persisted after adjustment
for clinical, demographic, and hospital factors available at triage.
Notably, disparities were most pronounced among encounters asses-
sed as lower urgency by the ESI algorithm. These findings indicate that
disparities are concentrated in discretionary triage decisions where
clinicians may be more willing to (differentially) extend the benefit of
the doubt, particularly for patients assessed as lower risk by standar-
dized criteria.

Beyond documenting disparities, these findings have important
implications for emergency care practice and quality improvement.
Our results suggest that the ESI framework, while standardized in
principle, is operationalized in ways that allow subjective judgment to
differentially influence triage decisions at key decision boundaries.

Potential mechanisms
Several mechanisms could plausibly account for the observed dis-
parities, and our analysis permits some discrimination among them.
Language and communication barriers are an often-cited contributor
to inequitable ED care, yet studies of triage specifically have found that
non-English language preference does not consistently predict lower
triage scores24. In our analysis, disparities persisted in the pediatric
cohorts even after adjustment for patients’ preferred language, mak-
ing language alone an insufficient explanation. Similarly, socio-
economic factors (e.g., insurance status and social deprivation index)
were available and adjusted for in the pediatric sites, and their inclu-
sion did not remove disparities. Differential staffing or crowding at the

time of visit is another structural candidate. Although precise crowd-
ing measures were unavailable for all sites, we controlled for time of
arrival and total patient volume at triage, where recorded, yet dis-
parities remained. Crucially, our analysis also adjusted directly for the
primary inputs to the triage decision—vital signs and chief complaint
category—meaning that systematic differences in objective clinical
severity presentation are unlikely to account for the residual disparity.

The concentrationof disparities in algorithmic level-3 encounters,
precisely those where ESI criteria are less decisive and clinical discre-
tion is greatest, is most consistent with differential application of
subjective judgment rather than any of the preceding structural or
communication explanations. The remaining most plausible mechan-
ism is implicit bias operating at moments of clinical ambiguity, in
which the same presentation leads to meaningfully different acuity
assignments depending on patient race or ethnicity. Provider–patient
racial concordance, which has been associated with improved com-
munication and trust25,26, could not be assessed here due to the
absence of provider demographic data, and may represent an addi-
tional contributing pathway. Prospective, qualitative studies that
observe triage encounters in real time will be essential to isolate the
specific interactional moments at which disparities emerge.

Limitations
As a multi-site observational study, our results share the general lim-
itations of retrospective, cross-sectional analyses. Namely, causal
inference approaches such as the ones employed here cannot control
for unmeasured confounders, which would require randomized con-
trolled trials to fully address. This limitation may impact our conclu-
sions, though we note that racial disparities persisted across datasets
even when the available visit information (i.e., controls for confound-
ing) varied quite widely. For example, disparities observed in the adult
sites were generally confirmed in the pediatric context, even though at
these sites we were additionally able to adjust for social risk factors
such as socio-economic deprivation and insurance. A noted limitation
of the de-identification process in the public, adult datasets is the lack
of precise temporal information at the population level, meaning we
could not analyze whether disparities changed over time.

Therewere somevariableswhichwere not available in any dataset
and which may have affected our results across sites. In particular, we
note the absence of demographic information about providers, which
prevented assessment of provider-patient racial concordance and its
potential contribution to observed disparities. Prior studies have
suggested that racial concordance may influence patient-physician
communication, trust, and perceived quality of care22,25–27. In addition,

Fig. 3 | Variation in factors driving Nurse Triage Assignment among Centers.
The ESI triage algorithm relies first on high-risk symptoms, then danger zone vitals,
to assign triage level 2. TheWestern and Eastern centers differ in the likelihood of a
Nurse Triage 2 assignment based on these factors. In the adult and pediatric wes-
tern centers, Nurse Triage Level 2 assignments are more likely when patients have
danger zone vitals thanwhen they have high-risk symptoms; in the Eastern centers,
we observe the opposite. Asterisks denote two-sided Mann--Whitney--Wilcoxon
tests comparing the 10 bootstrap replicates for each pair of flag types (three
comparisons per site). Exact P values for high-risk symptoms only versus danger-
zone vitals only, danger-zone vitals only versus both flags, and high-risk symptoms
only versus both flags were, respectively: AW, 1.809 × 10−24, 8.395 × 10−24, and

1.809 × 10−24; PW, 3.563 × 10−7, 3.122 × 10−7, and 5.495 × 10−16; AE, 1.809 × 10−24,
1.809 × 10−24, and 1.497 × 10−8; PE, 1.809 × 10−24, 1.809 × 10−24, and 2.722 × 10−19. p-
value annotation legend: ns: 0.05 < p < = 1.0; *: 0.01 < p < = 0.05; **:
0.001 < p < = 0.01; ***: 0.0001 < p < = 0.001; ****: p < = 0.0001. Data include
encounters assigned ESI levels 2 or 3 across four centers (AW: 103,029; AE: 342,232;
PW: 226,864; PE: 217,320 encounters). The bar estimates, and error bars summarize
10 bootstrap replicates; patient encounters are the underlying observations.
Groups compared are encounters flagged for high-risk symptoms only, danger
zone vitals only, or both, within each center. Bars and error bars represent the
bootstrapped mean and 95% confidence interval of the likelihood ratio of Nurse
Triage 2 assignment for each group.

Article https://doi.org/10.1038/s41467-026-78526-5

Nature Communications Article in Press

www.nature.com/naturecommunications


as our analysis was performed on EHRs, we could not account for
possible racial disparities in the completeness of documentation of a
patient’s chief complaint, possibly due to communication barriers or
differences in the ways patients communicate pain or distress. If, for
example, minoritized patients were less likely to have high-risk
symptoms documented at triage, this could lead to underestimation
of their clinical severity and contribute to algorithmic under-triage.
This would require disparities to impact the rates at which high-risk
symptoms, in particular, were noted in a patient’s chart. This seems
unlikely given their clinical relevance. If it were to occur, given the
propensity matching process employed here, we would expect our
results to underestimate the true degree of disparity, as patients with
similar documented symptoms but different race/ethnicity are paired
to compute effect sizes. In short, we cannot exclude the possibility that
our results are affected by underlying differences in clinical severity
which are not captured in the health record.

Hospital sites differedwidely in their approaches to recording and
categorizing race and ethnicity. In order to conduct a multi-site ana-
lysis,wewere forced to coarse-grain race/ethnicity into a small number
of categories; prior work suggests this may conceal disparities among
more granular racial/ethnic categories28. We note that not all patients
recorded, for example, as Asian or Non-Hispanic Black are subject to
the same degree of discrimination or structural biases, which may be
affected by other factors like accent, national origin, or skin color.
Qualitative and prospective studies may help in understanding the
specific clinical subpopulations facing structural discrimination at
triage. Finally, we note that all four sites under study were large aca-
demic medical centers in urban areas on the East and West Coasts of
theUnited States, and thatour resultsmaynot extend to other settings
(for example, to rural hospitals or those whose populations are
majority-Black).

All sites in our study use the ESI triage system, yet site-specific
differences are apparent in how the ESI algorithm is applied inpractice,
as we discuss in the results. These results warrant further investigation
into site-specific training or complementary operational workflows
thatmay contribute to or impact howESI is operationalized for patient
care. As an example, sites may develop supplemental operational
workflows layered onto standard ESI practice to address specific
patient populations or clinical presentations, whichmay inadvertently
impact how ESI criteria are applied in practice. By controlling for
clinical presentation and hospital factors, our analysis may appro-
priately adjust for some, but not all, of these site-specific differences in
triage practice.

Clinical implications
Our results suggest that racial disparities in emergency triage persist
even after adjustment for preferred language, socio-economic depri-
vation, insurance, and diagnoses. Eliminating these disparities will
require a two-pronged approach. Firstly, educational initiatives should
aim to make triage nurses aware of these disparities. Experienced
triage nurses may be inclined to believe that their own processes are
fully objective, and may benefit from being shown quantitative evi-
dence of their own susceptibility to subconscious biases. Qualitative
analyzes, such as interviews with patients and clinicians29 and video
documentation of triage encounters, may be helpful in isolating spe-
cific points in the nurse-patient interaction at which unwarranted
variations in care arise. Secondly, algorithmic or rules-based decision
support tools that explicitly encode ESI criteria could promote con-
sistency in triage assignment, particularly for patients whose pre-
sentations fall near acuity thresholds. Such tools could be integrated
into triage workflows as decision aids rather than replacements for
clinical judgment, and may inform updates to triage training, audit
processes, and quality assurance programs by identifying systematic
deviations from guideline-based criteria. More broadly, our findings
highlight the need for triage systems and clinical practice guidelines to

be evaluated not only for overall accuracy and efficiency, but also for
their equity impacts in real-world implementation. Careful design,
monitoring, and governance of decision support tools will be essential
to ensure that efforts to standardize triage reduce—rather than
entrench—existing disparities at the point of first contact in emergency
departments.

Methods
This research was approved by the Institutional Review Boards (IRBs)
at Boston Children’s Hospital (IRB #P00048571) and Children’s Hos-
pital Los Angeles (IRB #CHLA-24-00151) under a waiver of informed
consent. The waiver of informed consent was granted because it was
assessed that (1) the proposed use of this data presents no more than
minimal risk to the privacy of individuals; (2) the research could not
practicably be conducted without the waiver of informed consent and
authorization; (3) the research could not practicably be conducted
without access to and use of protected health information with iden-
tifiers; and 4) waiving informed consent will not adversely affect the
subject’s rights or welfare. Participants were not compensated for
inclusion. The MIMIC-IV-ED and MC-MED datasets were used in com-
pliance with the data use agreements on Physionet. Data from Beth
Israel Deaconess Medical Center (MIMIC-IV-ED) was reviewed by the
Beth Israel Deaconess Medical Center IRB, who granted a waiver of
informed consent and approved the data sharing initiative (IRB
#2001P001699). Data collection from Stanford Medical Center was
reviewed by the Stanford University Institutional Review Board and
Secondary Data Use Committee. The MC-MED project was approved
by the Stanford University Institutional Review Board (58581) with
waiver of consent for retrospective researchon de-identified, routinely
collected data.

Here, we describe ESI algorithm development, the causal infer-
ence approach to estimating disparities in triage assignment, and data
preparation for the study.

ESI Algorithm development
The four sites in our study implement the ESI triage system8,9. Prior to
2023, all sites followed the ESI version 4 protocol; ESI version 5 was
released in 2023 and subsequently adopted by the pediatric sites (PE
and PW) the same year, within the study period. The differences
between these versions are minor and discussed below.

High-risk patient identification. According to the ESI handbook9,
level-2 criteria include conditions that may rapidly deteriorate or
require time-sensitive treatment (Fig. 1A). To computationally repli-
cate this, we extracted 104 high-risk keywords from the ESI handbook
and matched them to ED chief complaints (Fig. 1B).

Danger zone vitals identification. When high-risk symptoms are
absent but multiple resources are anticipated, ESI next considers vital
signs (Fig. 1A). This assessment includes heart rate, respiratory rate,
and oxygen saturation. If any vital sign exceeds the danger-zone
threshold and multiple resources are anticipated, ESI recommends
escalation to level 29. To implement this component, we stratified
patients into age groups and compared triage vital signs with age-
specific danger-zone thresholds. If any of the three vital signs excee-
ded the threshold, the algorithm assigned level 2.

Version 5 ESI handbook introduces a consideration factor factor9,
allowing clinician discretion when danger-zone vital signs are present,
whereas earlier ESI versions did not8. In these cases, we defaulted to
the ESI version 4 behavior, in which any danger-zone vital sign results
in automatic assignment to level 2. We further decompose these
assignments by site in Fig. 3. Notably, all sites studied here adhere to
the ESI version 4 protocol for the majority of the study period
(2011–2023). Both pediatric sites implemented version 5 in 2023.

Article https://doi.org/10.1038/s41467-026-78526-5

Nature Communications Article in Press

www.nature.com/naturecommunications


Statistical analysis
We estimated the association between patient race/ethnicity and the
odds of receiving an emergency (ESI 2) nurse triage assignment. We
measured the effect of race/ethnicity by matching encounters on
clinical presentation and contextual factors before estimating adjusted
odds ratios. The approach is described below.

Exposure of interest and outcome measure. The primary exposure
was patient race/ethnicity, categorized as Hispanic, Non-Hispanic
Black, Asian, and Other. Encounters with race/ethnicity recorded as
Unknown were excluded (3.8% on average across datasets) due to
uncertainty and potential misclassification. The primary outcome was
assignment to nurse-assigned ESI level 2 at triage.

Adjustment variables. We adjusted for variables available at triage
and, where available, diagnoses recorded during the visit to support
clinicallymeaningfulmatching. Our underlying causal assumptions are
described by the directed acyclic graph (DAG) provided in the Sup-
plement (Supplementary Fig. 1). All datasets included sex, age, arrival
mode, number of prior visits (with and without admission), comor-
bidity index, triage vital signs (heart rate, respiratory rate, oxygen
saturation), and chief complaint. PE and PW additionally included
preferred language, social deprivation index, miles traveled, state of
origin, number of patients at arrival, and weight. Temporal variables
(year and time of arrival) were available for PE and PW, and insurance
information was available for PE, PW, and AW.

Odds ratio calculation
To assess disparities in ESI level assignment, we performed propensity
score matching and estimated adjusted odds ratios30, using Non-
Hispanic White patients as the reference group because it was the
largest group overall. For each comparison, analyses were restricted to
encounters from the focal ethnoracial group and the reference group.
Propensity scores were estimated using logistic regression with ridge
regularization after standardizing the covariates described in the
adjustment variables. Matching was performed using 1:1 nearest-
neighbor matching without replacement based on the fitted pro-
pensity scores using a ball-tree algorithm31, with a default caliper of 0.2
on the propensity-score scale. This approach achieved covariate bal-
ance across groups, with absolute standardizedmean differences ≤0.1
for all covariates30.

Odds ratioswere computed inmatched samples usingMcNemar’s
test. P-values were adjusted with Bonferroni correction for multiple
comparisons across the full set of 48 comparisons. This test assumes
independence between matched pairs and conditional independence
of outcomes within pairs given the matching variables, assumptions
that are reasonable given the encounter-level analysis and strict
matching criteria. Differences across algorithmic triage strata within
an ethnoracial group were assessed using a two-sided z-test, which
assumes approximate normality of the log-odds ratio estimates and
independent variance estimates across strata. Given the large sample
sizes within strata, these normal approximation and variance
assumptions are expected to hold.

Table 3 | A description of the categorization of variables in each of the four datasets

Variable Adult West Adult East Pediatric West Pediatric East

Sex M, F M, F M, F M, F (trans or NB gender identity separately
recorded)

Race Asian, HB, HW, H, NHB,
NHW, Other, Unknown

Asian, H, NHB, NHW,
Other, Unknown

Asian, H, HW, NHB, NHW, Other, Unknown Asian, H, HW, NHB, NHW, Other, Unknown

Age 18–29, 30–39, ...
70–79, 80 +

Same as AW 0–3m, 3–6m, 6–12m, 12–18m, 18–36m, 3–5y,
5–10y, 10–15y, 15y +

Same as PW

Insurance Medicaid, Medicare,
Other/Unknown

N/A Public, Private, Unknown Public, Private

Triage acuity
(ESI score)

1, 2, 3, 4, 5, unknown

Mode of arrival EMS, Self, Other/Unknown

Visit history Number of admissions/discharges from the ED in the last 30 days

Primary
language

N/A N/A Armenian, English, Mandarin, Russian, Span-
ish, Other/Unknown

Arabic, Cape Verdean, English, Haitian
Creole, Mandarin, Portuguese, Span-
ish, Other

Socio-
economic
deprivation

N/A N/A Q1, Q2, Q3, Q4, unknown Q1, Q2, Q3, Q4, unknown

Miles traveled N/A N/A Q1, Q2, Q3, Q4, unknown Q1, Q2, Q3, Q4, unknown

State of origin N/A N/A In-state, out-of-state, unknown In-state, out-of-state, unknown

Chief
complaint

Categorized per33 Categorized per33 Categorized per34 Categorized per34

Comorbidities Based on CCI Taken from common
medications

Based on PCI Based on PCI

Visit diagnosis Based on CCI Based on CCI Based on PCI Based on PCI

Weight N/A N/A Number of st. devs. from age-group mean Same as PW

Time of arrival N/A N/A Weekend (yes/no), time of day at arrival (0–6h,
6–12h, ..), season (Dec-Feb, Mar-May...)

Same as PW

Crowding N/A N/A Number of other patients waiting in the ED at
the time of arrival

Same as PW

H Hispanic, NH Non-Hispanic, W White, B Black; CCI Charlson comorbidity index; PCI pediatric comorbidity index; st. dev. standard deviation. Q1, Q4, etc., refer to dataset-specific quartiles.
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Dataset preparation
Each dataset was filtered for quality control (see Table 2). Visit records
were discarded if any of the following criteria were met: unknown sex
(i.e., sex recorded as U or X); missing demographic information;
missing patient identifier; disposition other than admission or dis-
charge (e.g., death, left without being seen, left against medical
advice), or missing disposition with no associated vitals (suggesting
departure before triage); missing chief complaint or primary visit
diagnosis for datasets where these were recorded separately (sug-
gesting data loss rather than inability to report a complaint); implau-
sibly long visit length in the context of the dataset (generally
≥ 2 weeks), suggesting a recording error; irreconcilable timestamps
(e.g., departure time earlier than arrival time).

Variables were processed into categories as described in Table 3.
We aimed for consistency across datasets butwere constrainedby site-
specific recording practices. For example, PE recorded both sex and
gender, PW and AE recorded only sex, and AW recorded only gender,
which was not defined. In all cases, we assumed that sex reflected
provider-reported sex. Race/ethnicity recording also differed; notably,
AEdefinedHispanic,White, andBlack asmutually exclusive categories,
whereas other sites recorded Hispanic ethnicity separately from race.
We harmonized categories as Hispanic, Non-Hispanic Black, Non-
Hispanic Asian (denoted Asian), Non-Hispanic White, Non-Hispanic
Other (denoted Other), and Unknown.

Temporal variables (e.g., month, year and crowding) were una-
vailable for adult datasets, which obscured visit dates for deidentifi-
cation. In AW, age was shifted by up to two years (all patients were ≥ 18
years, so this shift does not affect ESI algorithm assignments). Both
adult datasets truncated ages above 90 at first visit; because such
patients were rare, we coarsened older ages into an 80+ group.

Where available, socio-economic and geographic measures (e.g.,
miles traveled) were divided into dataset-specific quartiles. Socio-
economic deprivation scores were obtained from the Robert Graham
Center database (2019;most recent available)32. This resource assigns a
score from 1 (least deprived) to 100 (most deprived) to each U.S. zip
code. The distance traveled to the hospital was computed assuming
travel from the patient’s home address.

Chief complaintsweregroupedusing adult andpediatric schemas
from ref. 33 and ref. 34, respectively, with site-specific additions where
needed to capture common reasons for visit (e.g., shingles for AW; see
preprocessing code for details). Primary diagnoses were transformed
into binary indicators corresponding to the Charlson Comorbidity
Index categories for adult datasets (using the R package comorbid-
ity) and the Pediatric Comorbidity Index35 for pediatric datasets.
Where available, prior diagnoses (comorbidities) were encoded simi-
larly (e.g., prior diabetes, congestive heart failure, renal disease, can-
cer). For AE, where prior diagnoses were unavailable, we extracted
therapeutic medication classes at the time of visit as proxies for
chronic conditions, yielding 85 binary indicators (e.g., thyroid
therapy).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The data from Beth Israel Deaconess Medical Center and Stanford
Medical Center used in this study are available from the MIMIC-IV-ED
and MC-MED databases respectively (Adult East: add https://
physionet.org/content/mimic-iv-ed/2.2/; Adult West: https://
physionet.org/content/mc-med/1.0.0/). Patient data from Boston
Children’s Hospital and Children’s Hospital Los Angeles are not avail-
able under the institutional data usage terms.

Code availability
The analysis code is publicly available in the ESI GitHub repository and
archived on Zenodo36.
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