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Background: Low-resolution administrative databases can give biased results, whereas high-resolution, 
time-stamped variables from clinical databases like MIMIC-IV might provide nuanced insights. We 
evaluated racial-ethnic disparities in life-sustaining ICU-treatments (Invasive Mechanical Ventilation 
(IMV), Renal Replacement Therapy (RRT), and Vasopressors (VP)) among patients with sepsis. Methods: 
In this observational retrospective cohort study, patients fulfilling sepsis-3 criteria were categorized by 
treatment assignment within the first 4 days. The outcomes were treatment allocations. The likelihood of 
receiving treatment was calculated by race-ethnicity (Racial-ethnic group (REG) or White group (WG)) 
using 5-fold sub-sampling nested logistic regression and XGBoost. Results: In 23,914 admissions, 82% 
were White, 42% were women. REG were less likely to receive IMV across all eligibility days (day 1 odds 
ratio (OR) 0.87, 95% confidence interval (CI) 0.83-0.94, day 4 OR 0.80, 95% CI 0.72 - 0.87). There were 
no differences in RRT (day 1 OR 1.00, 95% CI 0.96-1.09, day 4 OR 1.00, 95% CI 0.94-1.06). REG were 
also less likely to be treated with VP at days 1 to 3 (day 1 OR 0.87, 95% CI 0.76-0.94), but not at day 4 (OR 
0.95, 95% CI 0.87-1.01). These findings remained robust when relaxing eligibility criteria for treatment 
allocation. Conclusion: Our findings reveal significant disparities in the use of invasive life-saving ICU 
treatments among septic patients from racial and ethnic minority backgrounds, particularly with respect 
to IMV and VP use. These disparities underscore not only the need to address inequality in critical care 
settings, but also highlight the importance of high-resolution data.
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INTRODUCTION

Sepsis, a severe life-threatening systemic infection, 
impacts an estimated 1.7 million adults annually in the 
United States, contributing to approximately 270,000 
deaths and accounting for significant healthcare expendi-
tures estimated at $24 billion annually [1-4]. Despite ad-
vancements in sepsis management, disparities in access 
to critical care, quality of treatment, patient outcomes 
persist, with racial and ethnic minorities disproportion-
ately affected [4-12].

In December 2022, the Center for Medicare and 
Medicaid Services (CMS) proposed a bold initiative to tie 
reimbursements to health equity [13]. Numerous studies 
have identified racial disparities in sepsis care such as dif-
ferential time to admission, differences in treatment, and 
post-discharge care plans in the intensive care unit (ICU) 
setting [9,14]. However, most of these studies come from 
claims-based databases that are prone to variable mis-
classification or do not contain important timestamped 
information [15-17].

Our group has recently shown that observational 
studies using low-resolution claims data can introduce 
substantial bias in effect size estimation [18].

Our study aims to investigate racial-ethnic differenc-
es in the provision of life-sustaining treatments among 
ICU patients with sepsis using the Medical Information 
Mart for Intensive Care version 4, or MIMIC-IV data-
base, a de-identified electronic health record database 
from the Beth Israel Deaconess Medical Center in 
Boston, Massachusetts [19-21]. The high-resolution 
MIMIC-IV database, which includes time-stamped fea-
tures, like treatments that enable adjustments for relevant 
time-varying confounders to investigate disparities in the 
administration of ICU interventions in a large academic 
center.

METHODS

This observational retrospective study is reported 
in accordance with the Strengthening the Reporting 
of Observational Studies in Epidemiology (STROBE) 
statement [22]. The health equity language, narrative, 
and concepts of this paper follows the American Medical 
Association’s recommendations [23]. Data were ex-
tracted from the publicly available MIMIC-IV database 
using SQL via Google’s BigQuery using due diligence as 
suggested by the literature [24,25]. The MIMIC-IV data-
base is maintained by the Laboratory for Computational 
Physiology at the Massachusetts Institute of Technology 
and shared via the PhysioNet platform [19]. The data-
set has been de-identified, and the institutional review 
boards of the Massachusetts Institute of Technology 
(No. 0403000206) and Beth Israel Deaconess Medical 

Center (2001-P-001699/14) both approved the use of the 
database for research. The MIMIC-IV database includes 
physiologic data collected from bedside monitors, labora-
tory test results, medications, medical images, and clini-
cal progress notes captured in the electronic health record 
from patients admitted to the ICU between 2008-2019. 
Approximately 60,000 de-identified medical records are 
archived in the MIMIC-IV database.

We hypothesized that treatment allocation of ICU in-
terventions, specifically invasive mechanical ventilation 
(IMV), renal replacement therapy (RRT), and vasopressor 
use (VP), is not equally distributed across race-ethnicity.

Exposure and Outcome
The race-ethnicity as the exposure variable was 

self-reported on admission or assigned by hospital per-
sonnel. Since race-ethnicity is heavily imbalanced in 
MIMIC-IV (approximately 70% White patients), patients 
identified as White (eg, White, White – Brazilian, White 
– Portuguese, etc.) were grouped as a White group (WG). 
Asian, Black, and Hispanic patients were grouped as Ra-
cial-ethnic group (REG).

The primary outcome was the likelihood of treatment 
initiation for IMV, RRT, and VP.

Cohort Selection
Patients older than 18 years of age who had sepsis 

as defined by the sepsis-3 criteria were included in the 
analyses. We excluded patients with a “do not resusci-
tate and do not intubate” code status upon admission, 
patients with missing race or other race information, and 
advanced chronic kidney disease (CKD) > 3. This creat-
ed the primary cohort of the study as defined at baseline 
(Table 1 and Figure 1).

To mitigate immortal time bias [26,27], four treat-
ment eligibility windows were considered: 0 – 1 day 
(cohort 1), 0 – 2 days (cohort 2), 0 – 3 days (cohort 3), 
and 0 – 4 days (cohort 4). Patients were excluded in the 
respective cohorts if they had a length of stay (LOS) in 
the ICU of less than the treatment eligibility window plus 
1 day (eg, for a treatment eligibility window of 0 – 3 
days, a minimum LOS of 4 days was required) to ensure 
a minimum follow-up time. Subsequent admissions to the 
ICU within the database were excluded from the analysis 
to avoid repeated measures.

We then applied strict treatment eligibility criteria 
creating three sub-cohorts each, eg, IMV 1, RRT 1, VP 1 
for cohort 1 as follows:
For IMV, the criteria were adapted from the American 
Thoracic Society [28], and the American College of 
Chest Physicians [29]

•	 paO2/FiO2 ratio ≤ 300 (average of the day)
•	 paCO2 ≥ 60 mmHg (minimum of the day)
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•	 Respiratory rate ≥ 20 bpm (average of the day)
For RRT, the criteria were adapted from the Kidney Dis-
ease Improving Global Outcomes (KDIGO) [30,31]

•	 Urine output / Weight ≤ 12 L/kg (total of the 
day)

•	 Potassium ≥ 6.5 mEq/L (minimum of the day)
•	 pH ≤ 7.2 and bicarbonate ≤ 12 mEq/L (both 

maximum of the day)
And for VP, the criteria were adapted from the Surviving 
Sepsis Campaign [31]

•	 Mean blood pressure ≤ 65 mmHg (average of 
the day)

•	 Lactate ≥ 2 mmol/L (minimum of the day)
This was done to reflect decision making by the 

clinicians. If treatment was started after any eligibility 
period, the patient was assigned to the control group.

Covariates
A total of 50 patient-level variables were extracted, 

including:
•	 Baseline variables: demographics including 

English proficiency and insurance type to ac-
count for Social Determinants of Health (SDH), 
comorbidities, and admission information such 
as infection source, year, and type of ICU.

•	 Time-varying variables: Sequential Organ 
Failure Assessment (SOFA) score [32] and its 
components, vital signs, and laboratory values.

To best represent the patient’s clinical status, 
time-varying variables were selected either from the 
day of treatment initiation if the patient received the 
treatment, or the day with the worst SOFA score if the 
patient did not receive the treatment. For variables with 
repeated measures, the maximum, minimum, or average 
daily value was used, as clinically appropriate (Appendix 
A: Supplementary Table 1). ICD-10 codes for comorbid-
ities were also extracted, including hypertension, COPD, 
asthma, congestive heart failure, diabetes, stages of 
chronic kidney disease (CKD), coronary artery disease, 
and connective tissue disease. Additionally, the Charlson 
Comorbidity Index was calculated [33].

Statistical Analysis
Statistical analysis was performed using Python 

3.10.9. For summary statistics, we used the tableone 
Python package [34]. For modelling, penalized linear 
models – multivariate ridge-penalized logistic regres-
sion (LogReg) [35] – and non-linear models – XGBoost 
classifier [36] – were used, adjusted for confounders to 
estimate the likelihood to receive each of the three inter-
ventions stratified by race-ethnicity. We report our find-
ings as ORs with 95% confidence intervals (OR 95% CI). 
White patients were considered as the reference group.   T
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Different groupings were considered for the racial-ethnic 
groups: A) with all REG collapsed into one category, and 
B) with REG patients disaggregated. The choice of ridge 
logistic regression was influenced by its ability to handle 
multicollinearity, thereby stabilizing the model.

ORs from LogReg were computed with the exponen-
tial of the race-ethnicity variable’s coefficient, in line with 
previous literature [8,37].

XGBoost, on the other hand, offers an advantage 
in handling nonlinear relationships and was chosen for 
its ability to compute feature importance through SHAP 
values [36], offering insights into the relative influence 
of variables. After obtaining the SHAP values relative to 
race-ethnicity, we applied equation 1 to obtain a measure 
that is comparable to OR [38].

						      (1)

For both the linear and nonlinear models, 95% CI 
were computed with 100 iterations of estimation with a 
5-fold train/estimation procedure. At each iteration, for 
each fold, 20% of the data is used to train the model and 
compute the  before averaging on the 5 folds. The final 
OR is the median of all iterations. This procedure tries to 
mimic the computation of OR with LogReg.

Our choice of statistical analysis techniques was 
guided by both the complexity of our data and the im-
perative for interpretability of results. Therefore, we em-
ployed XGBoost and LogReg in our study, both of which 
were adept at meeting our research requirements. While 
Neural Networks have been shown to perform well in un-
structured data such as images, there is evidence that their 
performance in structured tabular data like ours is subpar 
[39]. XGBoost emerged as a particularly favorable tool 
for this investigation. A key strength of XGBoost over 
other techniques like Random Forests lies in its inherent 
capacity for model tuning. This attribute of XGBoost 
results in improved model performance, yielding more 
robust and reliable findings, while eliminating the need 
for complex and time-consuming hyperparameter tuning 
[40].

RESULTS

Baseline Study Cohort
The MIMIC-IV database comprised of 73,140 

ICU stays, of which 32,971 met the Sepsis-3 criteria. 
Following the inclusion and exclusion criteria, the final 
cohort consists of 23,914 ICU admissions (Figure 1). The 
race-ethnicity distribution is as follows: 81.8% White, 
10.5% Black, 4.3% Hispanic, and 3.3% Asian. The groups 
differed in age, with White patients being the oldest (68 

Figure 1. Study cohort selection flow chart. Abbreviations: ICU, intensive care unit; A, Asian; B, Black; H, Hispanic; 
W, White; O, other; F, female; CKD, chronic kidney disease; LOS, length of stay; d, day; IMV, mechanical ventilation; 
RRT, renal replacement therapy; VP, vasopressor.
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years [IQR 57,78]) and Hispanic patients the youngest 
(58 years [IQR 46,70]). Sex distribution also differed, 
with the Black cohort having the highest proportion of 
females (54.5%) compared to 41% in White patients and 
40% in Asian and Hispanic patients.

Insurance coverage also differed between race-eth-
nicities with White patients having the highest Medicare 
coverage (50.2%), and Hispanic patients having the high-
est Medicaid coverage (21.3%).

Variations in chronic medical conditions such as hy-
pertension, congestive heart failure, COPD, and coronary 
artery disease were observed. For example, hypertension 
was predominantly prevalent among Black patients 
(72.3%), whereas White patients showed a higher preva-
lence of coronary artery disease (37.8%). The occurrence 
of type 2 diabetes was notably higher in Black (40.5%) 
and Hispanic patients (37.9%) in contrast to Asian 
(30.6%) and White patients (26.8%).

Upon admission, the SOFA scores across all groups 
were comparable, reflecting similar illness severity. Mor-
tality varied across race-ethnicities, with Asian patients 
having the highest death rate (18.0%). However, the me-
dian ICU LOS showed no difference across the groups.

Life-sustaining Treatment Eligible Cohorts
After the application of treatment-specific eligibility 

criteria, we computed baseline characteristics for each in-
vasive treatment for cohort 1 (ie, IMV1, RRT1, and VP1) 
(Table 2). The median age of the REG was lower for all 
treatment sub-cohorts except for RRT. REG had similar 
Charlson co-morbidity Index and SOFA scores compared 
to WG.

Main Analysis
For IMV, the results showed a significant disadvan-

tage for REG across all cohorts IMV1 to IMV4 using 
both XGBoost and LogReg models, except in the case of 
IMV1 LogReg OR 1.01, 95% CI 0.97 - 1.06) (Appendix 
A: Supplementary Table 2). Breaking down the results 
to distinct ethnicities, the Hispanic group had the low-
est probability of receiving IMV with OR 0.71 (95% CI 
0.61 - 0.94) in the IMV4 sub-cohort using LogReg. In 
contrast, the Black group had an increased likelihood of 
receiving IMV in the IMV1 LogReg model OR 1.16, CI 
1.09 - 1.22, but the OR flipped in the IMV4 sub-cohort 
(XGBoost OR 0.91, CI 0.82 - 0.97; LogReg OR 0.86, 
CI 0.78 - 0.98) (Figures 2b and 3b). Lastly, for the Asian 
group, no significant difference was observed in the like-
lihood of receiving IMV across all sub-cohorts.

For RRT, we observed no significant difference 
between REG and WG across all four sub-cohorts. But 
again, differences emerged within specific REG groups. 
Specifically, the Asian group showed an increased like-IM
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but with slightly lower calibration. Overall, the perfor-
mance metrics are high, indicating that residual clinical 
confounding is negligible.

Sensitivity Analysis
The strict inclusion criteria for treatment were re-

moved in the sensitivity analyses. The results were un-
changed. However, we observed a tendency for widening 
disparities in treatment provision between the WG and 
REG. Especially in IMV and VP, the REG was less likely 
to be treated in all sub-cohorts. There were no signifi-
cant disparities between REG and WG on RRT initiation 
across all four sub-cohorts (Supplementary Figures 2a 
and 3a).

DISCUSSION

Using the high-resolution MIMIC-IV database, we 
demonstrated racial-ethnic disparities in the provision of 

lihood of RRT initiation in the RRT4 sub-cohort, which 
was significant according to the LogReg model (OR: 
1.2, 95% CI 1.01 - 1.45). No significant differences in 
RRT initiation were observed for the Black and Hispanic 
groups.

For VP treatment, we found that REG was generally 
less likely to receive this treatment with diminishing ef-
fect size over the sub-cohorts in both the XGBoost and 
LogReg analyses. We did not discover relevant differ-
ences in VP treatment initiation for the Asian, Black, and 
Hispanic groups.

Models’ Performance
Supplementary Table 3 reports models’ performanc-

es for the main analysis, when fitting to 80% of the data-
set and testing within the remaining 20%. AUC varies 
between approximately 91% and 97%; Brier scores be-
tween 4% and 9%. The nonlinear XGBoost models tend 
to achieve better discrimination than the linear LogReg 

Figure 2a. XGBoost results for likelihood of treatment initiation, White group versus Racial-ethnic group in 
the strict inclusion criteria cohorts. b. XGBoost results for likelihood of treatment initiation, White group 
versus Racial-ethnic groups in the strict inclusion criteria cohorts. Abbreviations: RRT, renal replacement 
therapy; REG, racial-ethnic group.
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patients. When looking at a subset of 5,172 patients being 
admitted to an ICU, they found that African Americans 
patients were still as likely to receive guideline-con-
cordant antibiotics as White patients but had lower 30-
day mortality (OR 0.82, 95% CI 0.68 - 0.99). But their 
analysis only adjusted for 18 covariates which were all 
collected for billing purposes and had no information on 
clinical covariates such as laboratory values or vital signs. 
It is important to note that high-resolution databases like 
MIMIC-IV are prone to errors in data extraction or data 
capture, but these errors should be random and equally 
distributed across patient groups in theory [44].

The importance of including relevant covariates is 
highlighted by the finding that the XGBoost model did 
not outperform penalized LogReg. Despite XGBoost 
being able to learn non-linear correlations, time-stamped 
high-resolution clinical information reflecting provider 
decision-making process seems to mute the theoretical 
advantages of machine learning models.

life-sustaining ICU interventions among patients with 
sepsis. Our findings unveiled notable disparities for REG 
in the allocation of IMV and VP to patients admitted to 
the ICU for sepsis, but not RRT. These findings stand in 
contrast to existing literature suggesting that racial and 
ethnic minority groups in the US are more likely to re-
ceive these therapies.

Contrary to our work, many studies analyzed claims 
data or disease registries. These data sources do not pro-
vide adequate information when it comes to important 
clinical covariates [18], and thus have intrinsic limitations 
and mis-classification biases [41], which can be further 
amplified by model misspecifications [42].

For instance, Frei et al. analyzed data from 35,706 
patients on general wards with community-acquired 
pneumonia from the Veterans Health Administration da-
tabase [43]. They found that African American patients 
were equally likely to receive guideline-concordant 
antibiotics and have the same 30-day mortality as White 

Figure 3a. Logistic regression results for likelihood of treatment initiation, White group versus Racial-
ethnic group in the strict inclusion criteria cohorts. b. Logistic regression results for likelihood of treatment 
initiation, White group versus Racial-ethnic groups in the strict inclusion criteria cohorts. Abbreviations: RRT, 
renal replacement therapy; REG, racial-ethnic group.
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healthcare facilities limited our ability to fully control 
for all potential SDH confounders. This constraint may 
impact the interpretation of observed disparities, under-
scoring the importance of considering these factors in 
future research.

Moreover, the scope of our data, derived from a sin-
gle academic center in the US, limits the generalizability 
of the results. It is important to approach our findings 
with caution, acknowledging that they might not mirror 
experiences in other healthcare settings.

Despite these limitations, our study contributes 
valuable insights into the understanding of racial-ethnic 
disparities in ICU care. It provides avenues for subse-
quent research to build upon, with the ultimate goal of 
delivering equitable healthcare for all patients.

CONCLUSIONS

Our study demonstrates racial-ethnic disparities in 
the delivery of life-sustaining ICU interventions using 
high-resolution data, specifically IMV and VP, among 
patients who are admitted with sepsis. Despite clinicians’ 
commitment to individualized care, our study elucidates 
that differences in treatment patterns persist, not being 
justified by clinical covariates alone, highlighting that 
cognitive biases are still subconsciously influencing 
treatment decisions currently. However, we did not 
observe such disparities in the administration of RRT, 
suggesting the beneficial role of stringent guidelines and 
standardized practices. Besides standardizing treatment 
practices, we need to thoroughly incorporate the detec-
tion of subconscious biases and ways to mitigate them 
into the curriculum of every of health care profession. 
Moreover, our study underscores the potential pitfalls 
of relying on low-resolution clinical data for answering 
complex research questions. These types of data might 
introduce substantial statistical noise, skewing our under-
standing and interpretation of healthcare realities. Thus, 
we advocate for the broader adoption of high-resolution 
clinical data in future healthcare research to ensure the 
production of accurate, reliable, and meaningful insights.

Conclusively, our goal is to usher in an era of health-
care that is fair and of high-quality, a system that serves 
all patients equally, irrespective of their racial or ethnic 
backgrounds. This study forms part of that ongoing jour-
ney towards healthcare equity.
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While we found different treatment likelihoods for 
IMV and VP, the absence of disparity in RRT administra-
tion warrants further investigation. It may be attributed to 
better established guidelines for RRT initiation [30,31], 
reducing the influence of personal biases. In compari-
son to RRT and VP, there are even fewer clear-cut rec-
ommendations on the initiation of IMV [28,29]. Given 
the low adherence of physicians to the surviving sepsis 
campaign’s recommendations [45], it is not surprising 
that this leaves much room for subjective decisions. 
Interestingly, we saw an increasing tendency for bias in 
MV from day 1 to day 4 for the REG which is contrary 
to the current literature [8,46], and might be explained 
by local policies or our high-resolution data. In the case 
of treatment with VP, we saw diminishing differences 
between the WG and the REG over time which might 
show that health care professionals might be rethinking 
their treatment strategies despites subconscious biases. 
When looking at the results for the specific Racial-Ethnic 
groups, there are some discrepancies between XGBoost 
and LogReg which might be due to the handling of 
non-linear associations by XGBoost. In general, the over-
all differences seem to be driven by Black and Hispanic 
patients while Asian patients were more likely to be treat-
ed similarly to White patients. While this finding is hard 
to explain, it might be related to better SDH and emphasis 
on healthcare among Asian groups compared to the other 
Racial-Ethnic groups when looking at the higher rates of 
health insurance among Asians serving as a proxy [47].

The reasons for these disparities are likely complex 
and multifactorial, including socio-economic factors, 
systemic issues, and implicit biases in medical deci-
sion-making. Beyond the differences in treatment alloca-
tion demonstrated in our study, we do not fully understand 
how these disparities impact clinical outcomes.

Limitations
While our study brings significant insights into the 

discussion of racial-ethnic disparities in critical care, we 
recognize limitations of our analysis. Firstly, the MIM-
IC-IV database does not include patients with sepsis who 
were admitted to the regular ward. Selection bias is intro-
duced if there is difference in triaging decisions as regards 
who are admitted to the ICU [48], and the disparities may 
be more pronounced than the estimates in our models.

Secondly, while MIMIC-IV is highly granular on 
clinical data, it lacks specific information on certain 
SDH, mostly to protect the confidentiality of the patients. 
Numerous studies as highlighted in a review by Sheikh 
et al. [49], have affirmed the significant role of SDH as 
confounding factors in healthcare outcomes. Our study 
adjusted for insurance type and English language pro-
ficiency as proxies for SDH. However, the absence of 
more specific data on health literacy and accessibility to 
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Appendix A 
 
Supplementary Table. Variables used in the analysis to adjust the models 

Variable Description Handling of missing values 
Treatment Within the eligibility window  

IMV  
(any invasive 
ventilation) 

paO2/FiO2 ratio ≤ 300 (average of the day) or 
Respiratory rate ≥ 20 bpm (average of the 
day) as indication for hypoxemic respiratory 
failure 
paCO2 ≥ 60 mmHg (minimum of the day) 
indication for hypercapnic respiratory failure 

N/A 

RRT  
(any acute 
continuous renal 
replacement 
method) 

Urine output / Weight ≤ 12 L/kg (total of the 
day) as indication for acute renal failure 
according to KDIGO (2012) AKIN 3 
Potassium ≥ 6.5 mEq/L (minimum of the day) 
as indication for persistent hyperkalemia 
pH ≤ 7.2 and bicarbonate ≤ 12 mEq/L (both 
maximum of the day) as indication for 
persistent metabolic acidosis 

N/A 

VP  
((nor-) epinephrine, 
phenylephrine, or 
vasopressin) 

Mean blood pressure ≤ 65 mmHg (average of 
the day) or lactate ≥ 2 mmol/L (minimum of 
the day) indication according to Sepsis-3 
guidelines 

N/A 

Controls Patients not receiving IMV, RRT, or VP 
within the eligibility window N/A 

Outcomes   
Primary: Treatment 
initiation  

As provided by dataset N/A 

Covariates   
Age At admission N/A 
Sex As provided by dataset N/A 

Race-Ethnicity 0 if Racial-ethnic group (self-reported), 1 if 
White Exclusion of Group “Other” 

Insurance 
As provided by dataset, Medicare/Medicaid 
or other N/A 

English Proficiency As provided by dataset, English proficiency 
or limited N/A 

Year group As provided by dataset, bi-yearly bins N/A 



Mohammed et al.: Treatment likelihood in sepsis 307

2 

Elective admission Admission categorized as ‘ELECTIVE’, or 
‘SURGICAL SAME DAY ADMISSION’ N/A 

Surgery during 
admission As provided by the OASIS score N/A 

Coding status Binary, full code on admission and upon 
discharge N/A 

SOFA 
SOFA score with each of its subcomponents: 
on admission and for the selected 24 hours, 
aggregated by the maximum value 

Assumption of best possible 
value in case of missing 
variables as provided by MIMIC 

Charlson 
comorbidity index As provided by dataset N/A 

Fluids Sum of the volume administered during the 
selected 24 hours N/A 

Vital signs  
Respiratory rate, heart rate, mean blood 
pressure, temperature, and SpO2; Mean 
during the first 24 hours 

Missing values replaced with 
normal values: Respiratory rate 
15/min; Heart rate 90/bpm; 
Mean blood pressure 85mmHg; 
Temperature 36.5°C; SpO2 95% 

Laboratory values 

Minimum value during the selected 24 
hours: Sodium, pH, paO2, fibrinogen, 
cortisol, hemoglobin 
Maximum value during the selected 24 
hours: Glucose, potassium, INR, lactate, 
paCO2 

Missing values replaced with 
normal values: pO2 90 mmHg; 
pCO2 40mmHg; pH 7.35; 
Lactate 1.05 mmol/L; Glucose 
95 mg/dL; Sodium 140 mEq/L; 
Potassium: 3.5 mEq/L; Cortisol: 
20 µg/dL; Fibrinogen: 200 
mg/dL; INR: 1.1 

Hypertension ICD-10 codes I11.X-I16X and I.70X N/A 
Congestive heart 
failure 

ICD-10 codes I50.X, I11.0X, I27.X, I42.X, 
I43.X, I51.7X N/A 

COPD ICD-10 codes J41.X-J47.X N/A 
Asthma ICD-10 codes J84.1X N/A 
Coronary artery 
disease ICD-10 codes I20.X-I25.X N/A 

Chronic kidney 
disease ICD-10 codes N18.1X-N18.6X N/A 

Diabetes type ICD-10 codes E08.X-E11.X, and E13.X N/A 

Connective tissue 
disease 

ICD-10 codes L94.0X, L94.1X, L94.3X, 
M05.X, M06.X, M08.X, M12.0X, M12.3X, 
M30.X-M31.3X, M32.X-M35.X, M45, 
M46.1X, M46.8X, or M46.9X 

N/A 
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Pneumonia on 
admission 

ICD codes J09.X, J1X.X, J85.X, or J86.X if 
listed among top 3 diagnoses by billing 
department 

N/A 

Urinary tract 
infection on 
admission 

ICD codes N30.0X, or N39.0X if listed 
among top 3 diagnoses by billing department N/A 

Biliary tract 
infection on 
admission 

ICD codes K81.X, K83.0X, or K85.1X if 
listed among top 3 diagnoses by billing 
department 

N/A 

Skin infection on 
admission 

ICD codes L0X.X if listed among top 3 
diagnoses by billing department N/A 

Legend: “selected 24 hours” means the day of treatment initiation, if the patient was treated, or the 
day with worst SOFA score, if patient was in the control group 
Abbreviations: N/A, not applicable; IMV, invasive mechanical ventilation; RRT, renal 
replacement therapy; VP, vasopressor; SOFA, Sequential Organ Failure Assessment; OASIS, 
Oxford Acute Severity of Illness Score; COPD, chronic obstructive pulmonary disease 
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Supplementary Table 2. Numerical result of the models’ main analysis in the strict inclusion criteria cohorts. 

    IMV RRT VP 

Cohort Comparison XGBoost LogReg XGBoost LogReg XGBoost LogReg 

1 

REG vs. WG (ref) 0.87 (0.83 - 0.94) 1.01 (0.97 - 1.06) 1 (0.96 - 1.09) 0.77 (0.62 - 1.03) 0.87 (0.76 - 0.94) 0.73 (0.67 - 0.84) 

WG (ref) 1.00 1.00 1.00 1.00 1.00 1.00 

Black 0.97 (0.9 - 1.01) 1.16 (1.09 - 1.22) 1 (0.99 - 1.04) 0.89 (0.7 - 1.11) 0.98 (0.91 - 1) 0.75 (0.64 - 0.87) 

Hispanic 0.98 (0.91 - 1) 0.84 (0.77 - 0.95) 1 (1 - 1.04) 0.88 (0.73 - 1.13) 1 (0.97 - 1.01) 0.88 (0.76 - 1.07) 

Asian 1 (0.97 - 1.01) 0.9 (0.82 - 1.02) 1 (1 - 1.04) 0.93 (0.79 - 1.07) 1 (0.99 - 1.04) 0.94 (0.81 - 1.3) 

2 

REG vs. WG (ref) 0.86 (0.8 - 0.92) 0.91 (0.87 - 0.95) 1 (0.95 - 1.09) 0.85 (0.68 - 1.08) 0.86 (0.75 - 0.94) 0.62 (0.54 - 0.76) 

WG (ref) 1.00 1.00 1.00 1.00 1.00 1.00 

Black 0.95 (0.89 - 1.01) 1.1 (1.04 - 1.19) 1 (0.99 - 1.08) 0.92 (0.74 - 1.28) 0.96 (0.91 - 1.01) 0.66 (0.57 - 0.81) 

Hispanic 0.92 (0.84 - 0.98) 0.66 (0.59 - 0.74) 1 (1 - 1.01) 0.88 (0.68 - 1.11) 1 (0.98 - 1.01) 0.8 (0.66 - 1.01) 

Asian 0.99 (0.92 - 1) 0.83 (0.74 - 0.97) 1 (1 - 1.03) 1.06 (0.91 - 1.19) 1 (0.98 - 1.03) 0.81 (0.67 - 1.09) 

3 
REG vs. WG (ref) 0.78 (0.7 - 0.85) 0.83 (0.78 - 0.9) 0.99 (0.94 - 1.05) 0.86 (0.7 - 1.07) 0.91 (0.81 - 0.96) 0.71 (0.6 - 0.88) 

WG (ref) 1.00 1.00 1.00 1.00 1.00 1.00 

5 

Black 0.95 (0.89 - 0.99) 0.99 (0.93 - 1.06) 1 (0.98 - 1.07) 0.83 (0.66 - 1.11) 0.99 (0.91 - 1.01) 0.77 (0.6 - 0.96) 

Hispanic 0.86 (0.78 - 0.96) 0.58 (0.53 - 0.69) 1 (1 - 1.03) 1.01 (0.82 - 1.31) 1 (0.96 - 1.01) 0.85 (0.69 - 1.01) 

Asian 0.98 (0.93 - 1) 0.93 (0.82 - 1.15) 1 (1 - 1.1) 1.25 (1.03 - 1.52) 1 (0.95 - 1.01) 0.9 (0.72 - 1.18) 

4 

REG vs. WG (ref) 0.8 (0.72 - 0.87) 0.77 (0.73 - 0.86) 1 (0.94 - 1.06) 0.87 (0.7 - 1.12) 0.95 (0.87 - 1.01) 0.81 (0.7 - 1.07) 

WG (ref) 1.00 1.00 1.00 1.00 1.00 1.00 

Black 0.91 (0.82 - 0.97) 0.86 (0.78 - 0.98) 1 (0.97 - 1.06) 0.82 (0.66 - 1.05) 1 (0.96 - 1.01) 0.9 (0.71 - 1.19) 

Hispanic 0.98 (0.91 - 1) 0.71 (0.61 - 0.94) 1 (1 - 1.03) 1.16 (0.92 - 1.43) 1 (0.95 - 1) 0.79 (0.64 - 1.03) 

Asian 0.98 (0.91 - 1) 0.93 (0.82 - 1.15) 1 (1 - 1.05) 1.2 (1.01 - 1.45) 1 (1 - 1.01) 0.93 (0.79 - 1.15) 

Abbreviations: REG, Racial-ethnic groups; WG, White group; LogReg, logistic regression; ref, reference; IMV, invasive mechanical 
ventilation; RRT, renal replacement therapy; VP, vasopressor; SOFA, Sequential Organ Failure Assessment; OASIS, Oxford Acute 
Severity of Illness Score; COPD, chronic obstructive pulmonary disease 
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Supplementary Table 3. Performance measures of the models of the main analysis 

Treatment 
 

IMV RRT VP  
Model XGBoost LogReg XGBoost LogReg XGBoost LogReg 

Cohort Metric 
      

1 
AUC ↑ 0.970 0.937 0.925 0.924 0.973 0.971 
Brier ↓ 0.066 0.100 0.039 0.035 0.064 0.061 

2 
AUC ↑ 0.954 0.918 0.914 0.925 0.965 0.969 
Brier ↓ 0.085 0.110 0.067 0.053 0.071 0.069 

3 
AUC ↑ 0.958 0.917 0.900 0.907 0.952 0.947 
Brier ↓ 0.077 0.102 0.079 0.071 0.086 0.087 

4 
AUC ↑ 0.962 0.934 0.915 0.922 0.945 0.945 
Brier ↓ 0.068 0.084 0.086 0.079 0.093 0.088 

Legend: ↑ and ↓ indicate the more favorable direction of a metric, i.e., the higher the AUC, the 
better a model’s discrimination, and the lower the Brier score, the better a model’s calibration. 
Models trained with 80% of the dataset and tested in the remaining 20%. 

Abbreviations: IMV, invasive mechanical ventilation; RRT, renal replacement therapy; VP, use of 
vasopressors; LogReg, Logistic Regression; AUC, area under the receiver operating characteristic 
(ROC) curve; Brier, Brier score; d, day 
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Supplementary Figure 1a. Sensitivity analysis with logistic regression results for likelihood of 
treatment initiation White group versus Racial-ethnic group in the lenient inclusion criteria 
cohorts. 

 

Supplementary Figure 1b. Sensitivity analysis with logistic regression results for likelihood of 
treatment initiation White group versus Racial-ethnic groups in the lenient inclusion criteria 
cohorts. 

 

Abbreviations: RRT, renal replacement therapy; REG, racial-ethnic group; CI, confidence 
interval 
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Supplementary Figure 2a. Sensitivity analysis with XGBoost results for likelihood of treatment 
initiation White group versus Racial-ethnic group in the lenient inclusion criteria cohorts. 

 

Supplementary Figure 2b. Sensitivity analysis with XGBoost results for likelihood of treatment 
initiation White group versus Racial-ethnic groups in the lenient inclusion criteria cohorts. 

 

Abbreviations: RRT, renal replacement therapy; REG, racial-ethnic group; CI, confidence 
interval 


