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Abstract

Background: Postoperative intensive care unit (ICU) admission affects 15% to 20% of surgical patients and represents
a major source of morbidity and health care costs. Current anesthetic dosing relies on empirical guidelines rather than
individualized risk assessment. We developed a counterfactual dose-response model to identify optimal fentanyl-propofol
combinations.

Objective: This study aimed to develop and evaluate a stratified, causal machine learning framework using electronic health
record data to identify optimal fentanyl-propofol dose combinations and predict postoperative ICU admission risk, enabling
precision anesthesia and individualized clinical decision support.

Methods: We analyzed perioperative electronic health records of 67,134 surgical procedures from UC Irvine Medical Center
(2017-2022). A hierarchical learning framework was used to estimate causal effects while controlling for confounding
variables. A total of 6 dose-sensitive subgroups were identified through stratified analysis. The primary end point was
postoperative ICU admission.

Results: High-risk combinations (fentanyl >5 mcg/kg with propofol <1 mg/kg) increased ICU admissions’ absolute risk
difference by 36% (absolute risk increase; 95% CI 0.351-0.509; P<.001). A total of 6 patient subgroups demonstrated distinct
dose-response patterns, with populations considered vulnerable (high glucose, elevated creatinine) showing elevated risk even
at standard doses. The optimal dose range for decision-making was determined to be 1.25 to 4.25 mg/kg for propofol and 3.5 to
4.0 mcg/kg for fentanyl.

Conclusions: Fentanyl-propofol combinations exhibit complex, nonlinear dose-response relationships with ICU admission
risk. High-dose combinations markedly increase risk through synergistic effects, while specific patient subgroups require
enhanced monitoring even at standard doses. These findings support the development of individualized dosing algorithms and
risk assessment tools that could inform future decision support tools aimed at reducing postoperative ICU use, although their
predictive performance and clinical impact would require external validation.
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Introduction

Postoperative intensive care unit (ICU) admission repre-
sents a serious complication of surgical care and, accord-
ing to global data, contributes substantially to postoperative
mortality, highlighting significant gaps in critical care access
and delivery [1]. Despite advances in perioperative monitor-
ing and anesthetic techniques, current approaches to drug
dosing rely primarily on empirical guidelines and clinical
experience rather than individualized risk assessment based
on patient characteristics and drug interactions [2,3].

The combination of fentanyl and propofol, used in millions
of surgical procedures worldwide, exemplifies this challenge.
While both agents are essential components of modern
anesthesia, their complex pharmacological interactions and
dose-dependent effects on postoperative outcomes remain
poorly characterized [4,5]. Current dosing guidelines provide
broad ranges without specific guidance for individual patient
risk factors or drug interaction effects, potentially exposing
patients considered vulnerable to preventable complications
requiring intensive care support [2].

Fentanyl is a potent synthetic opioid that can enhance the
hypnotic effect of propofol, thereby effectively reducing the
dosage of propofol and further improving the hemodynamic
stability of patients [4,6]. Fentanyl and propofol demonstrate
synergistic effects that can reduce individual drug require-
ments while maintaining effective anesthesia [4,5]. How-
ever, high-dose combinations may exacerbate cardiovascular
and respiratory depression through additive mechanisms,
potentially leading to hemodynamic instability and respiratory
failure requiring ICU support [1,7].

Postoperative admission to the ICU represents one of
the most resource-intensive outcomes. Treatment-resistant
hypotension or respiratory failure is a common cause of ICU
transfer [8-10]. An increasing number of studies empha-
size the need for more precise intraoperative anesthesia
management [2,3,10]. The implementation of an accurate
medication strategy is anticipated to effectively decrease
the risk of postoperative ICU admission [2,3]. Recent
large-scale perioperative studies and safety reviews [1,10]
have reinforced concerns regarding opioid-related respira-
tory depression, hemodynamic instability, and unplanned
ICU admission following general anesthesia, particularly in
heterogeneous surgical populations.

Causal machine learning, by estimating individualized
treatment effects, is reshaping how medical evidence is
generated and translated into patient-level decision-mak-
ing [11,12]. Doubly robust orthogonal estimators integrate
learning algorithms with principled confounding adjustment
in high-dimensional observational data, thereby enhancing the
validity of causal inference [13].

Recent clinical applications include causal forests
combined with double machine learning estimation of
average and heterogeneous effects of tuberculosis preventive
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therapy on antiretroviral therapy adherence [14] and meta-
learning analyses of midwife-led continuity of care on low
birth weight with individualized treatment effect recovery
[15].

Building on this foundation, we developed a comprehen-
sive counterfactual dose-response modeling framework to
characterize both the joint dosing effects and treatment effect
heterogeneity of fentanyl-propofol coadministration, enabling
the identification of dose combinations associated with more
favorable postoperative risk profiles and the delineation
of high-risk patient subgroups to support individualized
anesthesia management and reduce ICU-related risks.

Methods

Study Design

We performed a retrospective analysis of perioperative
electronic health records for 67,134 surgical procedures at
the University of California, Irvine Medical Center (2017-
2022) [16]. This large, single-center cohort provides robust
statistical power for detecting clinically meaningful dose-
response relationships while maintaining consistent practice
patterns and data quality standards. We excluded surgeries
with an anesthesia duration of less than 60 minutes, patients
younger than 18 years, patients aged 85 years or older, and
cases lacking preoperative metabolic assessments. This study
used fully deidentified electronic health records with no direct
patient contact or intervention.

Data Preprocessing

We included preoperative patient data available within 7
days prior to surgery, reflecting real-world clinical deci-
sion-making factors, including demographic characteristics
(eg, age and sex), comorbidities (eg, hypertension, diabe-
tes mellitus, hyperlipidemia, and chronic kidney disease),
surgical characteristics (eg, procedure category), physiolog-
ical parameters (eg, blood pressure, oxygen saturation,
American Society of Anesthesiologists physical status, and
pain score), and laboratory values (eg, complete blood count
and comprehensive metabolic panel).

Fentanyl and propofol were administered intravenously
via a peripheral vein from anesthesia induction until the end
of surgery. For each patient, the total cumulative intraopera-
tive dose was derived by summing all bolus administrations
and the total amount delivered via continuous infusion over
the intraoperative period. Doses were subsequently weight
standardized by dividing the cumulative dose by body weight
(eg, fentanyl [mcg/kg] and propofol [mg/kg]). Postoperative
ICU admission was defined as ICU admission occurring
within 24 hours after the end of surgery.

Variables with a missing value ratio exceeding 20% in
either dataset were excluded from the analysis. For the
remaining variables with missing values, multiple imputa-
tion using chained equations [17] was performed independ-
ently within each cohort. This approach addresses a critical
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methodological concern: because multiple imputations using
chained equations rely on the mean and SD of the observed
data for each variable, performing imputation separately for
the 2 cohorts is essential to minimize bias and preserve the
internal validity of the imputed values within each group. A
schematic representation of the temporal and causal structure
of covariates, intraoperative dosing, and postoperative ICU
outcome is provided in Figure S5 in Multimedia Appendix 1.

Covariate Classification

The treatment variable was defined as a 2D vector comprising
intraoperative fentanyl dose and propofol dose. The outcome
variable was postoperative ICU admission, coded as a binary
variable. We categorized patient characteristics based on their
likelihood of receiving certain drug combinations (propen-
sity score) and their expected response to treatment (average
treatment effect). All the selected confounding factors satisfy
the backdoor criterion [18].

We evaluated 9 machine learning models for constructing
the adjustment set and automatically tuned the hyperparame-
ters for each model. Light gradient boosting machine was
identified as the optimal model for constructing the adjust-
ment set. After adjustment, the standardized mean difference
(SMD) for most confounding factors was below the con-
ventional threshold of 0.1, with a mean SMD of 0.0405.
Multicollinearity was evaluated by calculating the variance
inflation factor of the model design matrix. Variables with an
SMDO0.10 or a variance inflation factor greater than 5 were
excluded.

Total Eligible Cohort Analysis

We used the CausalForestDML model to calculate condi-
tional average treatment effects. This approach identifies
which patients are most likely to benefit from or be
harmed by specific dose combinations, supporting personal-
ized anesthetic management. On the basis of the conditional
average treatment effects estimates, we constructed a causal
decision tree (CDT) to identify potential effect modifiers.
Each CDT was constrained to a maximum depth of 6. This
restriction reflects a fundamental principle of hierarchical
learning and represents the upper bound of model complexity
permitted within our framework. We selected 6 subgroups
defined by the terminal nodes of the CDT for heterogeneity
treatment effect analysis.

Dual-Exposure Cohort Analysis

We developed an extreme gradient boosting—based risk
surface model to estimate group-level postoperative ICU
admission risks associated with varying intraoperative
fentanyl and propofol dose combinations in the dual-expo-
sure cohort. We constructed a logistic regression model
incorporating interaction terms to evaluate whether there was
a statistically significant interaction between fentanyl and
propofol doses.

To minimize the potential bias introduced by treatment
effect heterogeneity, we identified 6 groups that were
highly sensitive to combined medication dosages through
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heterogeneity treatment effect analysis. For each group,
we independently trained XGBoost models with consistent
hyperparameters.

Interpretation Framework

We used the explainable boosting machine [19] model to
quantitatively evaluate the contribution of each predictor
variable to the risk of ICU admission. We trained XGBoost
models across 6 sensitive groups to elucidate the observed
heterogeneity in treatment responses, computing the Shapley
additive explanation (SHAP) values of the primary explana-
tory variables.

Ethical Considerations

This study was exempt from ethics review because it involved
the analysis of publicly available, deidentified data. No
human participants were directly involved, and no identifiable
personal information was accessed.

This study was conducted using retrospective, fully
deidentified patient data extracted from a single-center
database. All datasets used were previously approved for
research and made available through the Medical Informatics
Operating Room Vitals and Events Repository (MOVER)
data portal. The MOVER dataset was created under institu-
tional review board approval at the University of California,
Irvine, with a waiver of individual informed consent because
all protected health information was removed or deidenti-
fied in a Health Insurance Portability and Accountability
Act—compliant manner. Access to MOVER was obtained
after application and execution of the University of Califor-
nia, Irvine, Operating Room Data Usage Agreement, which
prohibits reidentification attempts and redistribution of the
data and requires users to notify the dataset administrators
if any potentially identifying information is detected. As all
datasets were deidentified and released for secondary research
use, the study was exempt from additional institutional review
board approval, and informed consent was not required. All
analyses complied with the ethical standards of the Declara-
tion of Helsinki and relevant national regulations regarding
secondary use of deidentified health data. Formal documenta-
tion of the institutional ethics exemption or waiver has been
obtained and will be provided upon request.

Results

Cohort

As illustrated in Figure 1, a total of 23,658 surgical cases
were included in the analysis cohort, with 16,949 (71.6%)
cases receiving both fentanyl and propofol (dual-exposure
cohort) used for primary dose-response modeling.

Binary variables are presented as n (%), and continuous
variables are presented as median (IQR). The postoperative
ICU outcome rate of the total eligible cohort was 66.64%.
The postoperative ICU outcome rate of the dual-exposure
cohort was 64.26%.
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Figure 1. Study flowchart.
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( . . .
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Dual-exposure cohort

As presented in Table 1, baseline characteristics revealed
clinically substantial patterns associated with ICU admission
risk. Patients requiring ICU admission were more likely to be
men (9979, 63.3% vs 4347, 55.1%), older (median 55, IQR
39-66 years vs median 50, IQR 35-64 years), and had higher
ASA physical status than those not requiring ICU admis-
sion. Laboratory parameters showed concerning patterns in
ICU patients with lower hemoglobin (g/dL) (median 11.09,

Table 1. Baseline characteristics of the interpolated cohorts.

IQR 9.14-12.80 vs median 12.10, IQR 11.30-13.70), higher
glucose (mg/dL) (median 130, IQR 108.33-163 vs median
109, IQR 96-132), and elevated creatinine. Notably, patients
admitted to the ICU postoperatively received higher fentanyl
doses (median 1.60, IQR 1.10-2.52 mcg/kg vs median 1.47,
IQR 1.08-2.14 mcg/kg) but similar propofol doses (median
2.00,IQR 1.47-2.56 mg/kg vs median 2.13, 1.72-2.59 mg/kg).

Variable Total eligible cohort® Dual-exposure cohort
ICUP admission ICU admission (yes) P value ICU admission ICU admission (yes) P value
(no) (no)
Demographics
Age (years), median (IQR) 50 (35-64) 55 (39-66) <001 47 (33-61) 54 (38-65) <001
Sex, n (%) <.001 <.001
Male 4347 (55.1) 9979 (63.3) 3321 (54.8) 6806 (62.5)
Female 3543 (44.9) 5789 (36.7) 2737 (45.2) 4085 (37.5)
Body weight (kg), median (IQR) 76.50 (64.70-90.67) 75.90 (63.79-89.90) .08 77.11 (65.16-90.72) 76.25 (64.00-90.23)  .007
ASAC physical status, n (%) <.001 <.001
1 705 (8.9) 328 (2.1) 649 (10.7) 304 (2.8)
2 2892 (36.7) 2417 (15.3) 2607 (43.0) 2120 (19.5)
3 3832 (48.6) 8524 (54.1) 2601 (42.9) 6340 (58.2)
4 440 (5.6) 3996 (25.3) 200 (3.3) 2025 (18.6)
5 21(0.3) 503 (3.2) 1(0.0) 102 (0.9)
Pain score, n (%) <.001 <.001
0 1981 (25.1) 3856 (24.5) 1115 (18.4) 2543 (23.3)
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Variable Total eligible cohort® Dual-exposure cohort
ICUP admission ICU admission (yes) P value ICU admission ICU admission (yes) P value
(no) (no)
1 609 (7.7) 1640 (10.4) 415 (6.9) 999 (9.2)
2 690 (8.7) 1779 (11.3) 513 (8.5) 1142 (10.5)
3 753 (9.5) 1928 (12.2) 621 (10.3) 1204 (11.1)
4 867 (11.0) 1696 (10.8) 732 (12.1) 1176 (10.8)
5 871 (11.0) 1517 (9.6) 765 (12.6) 1191 (10.9)
6 834 (10.6) 1305 (8.3) 745 (12.3) 1061 (9.7)
7 666 (8.4) 956 (6.1) 596 (9.8) 788 (7.2)
8 408 (5.2) 618 (3.9) 367 (6.1) 469 (4.3)
9 160 (2.0) 263 (1.7) 145 (2.4) 204 (1.9)
10 51(0.6) 210 (1.3) 44 (0.7) 114 (1.0)
Medication exposure
Fentanyl and propofol coadministration, n (%) <.001 —d
No 1661 (21.1) 4772 (30.3) — —
Yes 6229 (78.9) 10,996 (69.7) — —
Fentanyl dose (ng/kg), median 147 (1.08-2.14) 1.60 (1.10-2.52) <.001 1.47 (1.08-2.14) 1.60 (1.10-2.52) <.001
(IQR)
Propofol dose (mm/kg), median 2.13 (1.72-2.59) 2.00 (1.47-2.56) <.001 2.13 (1.72-2.59) 2.00 (1.47-2.56) <.001
(IQR)
Surgical characteristics
Surgery type, n (%) <.001 <.001
Cardiothoracic 252 (3.2) 1113 (7.1) 100 (1.7) 721 (6.6)
Neurovascular 983 (12.5) 1867 (11.8) 281 (4.6) 1221 (11.2)
Abdominopelvic 2185 (27.7) 3614 (22.9) 1984 (32.8) 2638 (24.2)
Musculoskeletal 1765 (22.4) 2443 (15.5) 1606 (26.5) 2010 (18.5)
Other 2705 (34.3) 6731 (42.7) 2087 (34.5) 4301 (39.5)
Comorbidities, n (%)
Hypertension <.001 <.001
No 5890 (74.7) 11,378 (72.2) 4998 (82.5) 8044 (73.9)
Yes 2000 (25.3) 4390 (27.8) 1060 (17.5) 2847 (26.1)
Diabetes mellitus .86 <.001
No 6866 (87.0) 13,709 (86.9) 5541 (91.5) 9635 (88.5)
Yes 1024 (13.0) 2059 (13.1) 517 (8.5) 1256 (11.5)
Hyperlipidemia A48 <.001
No 6762 (85.7) 13,459 (854) 5452 (90.0) 9412 (86.4)
Yes 1128 (14.3) 2309 (14.6) 606 (10.0) 1479 (13.6)
Chronic kidney disease <.001 <.001
No 6368 (80.7) 13-729 (87.1) 5447 (89.9) 9604 (88.2)
Yes 1522 (19.3) 2039 (12.9) 611 (10.1) 1287 (11.8)
Laboratory values, median (IQR)
Hemoglobin 12.1 (11.30-13.70)  11.09 (9.14-12.80) <.001 12.50 (11.53-13.90) 11.55(9.46-13.08) <.001
Neutrophil count 6.27 (4.80-7.85) 7.25 (5.16-10) <.001 6.25 (4.75-8.16) 7.10 (5.10-9.76) <.001
Serum chloride 103 (101-105) 104 (101-106.83) <.001 103.50 103.72 (101-106) <.001
(101.00-105.40)
Hematocrit 36.01 (33.98-40.42) 33.20(27.28-38.10)  <.001 37.30 (34.50-41.19) 34.50 (28.15-38.90)  <.001
Platelet count 244 (206-292.50) 229 (174-296.50) <.001 248 (207-299) 236.33 <.001
(184.13-303.44)
Serum potassium 3.93 (3.70-4.20) 3.93 (3.70-4.20) 01 3.90 (3.70-4.14) 3.92 (3.70-4.19) <.001
Blood glucose 109 (96-132) 130 (108.33-163) <.001 109 (96.50-129.50) 125 (105-154.56) <.001
Total carbon dioxide 25.07 (23.50-27) 2450 (22.52-2629)  <.001 25 (23.50-27) 24.75 (23-26.43) <.001
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Variable Total eligible cohort? Dual-exposure cohort
ICUP admission ICU admission (yes) P value ICU admission ICU admission (yes) P value
(no) (no)
Serum calcium 9.10 (8.77-9.40) 8.63 (8.10-9.10) <.001 9.10 (8.75-9.40) 8.72 (8.20-9.17) <.001
Serum creatinine 0.85 (0.70-1.29) 0.88 (0.68-1.30) .65 0.80 (0.67-1) 0.84 (0.67-1.15) <.001
Serum sodium 137 (135-138.33) 137 (134.93-139) <001 137 (135-138.33)  136.85 04
(134.80-138.65)
Leukocyte count 8.84 (7.20-10.44) 9.71 (7.47-12.70) <.001 8.84 (7.17-10.84) 9.60 (7.40-12.43) <.001
Blood urea nitrogen 15 (11-23) 16.50 (11.89-26) <.001 14 (10.50-19) 15.50 (11.24-23) <.001
Erythrocyte count 424 (3.72-4.64) 3.79 (3.14-4 47) <.001 4.31(3.69-4.75) 3.88 (3.22-4.53) <.001

2The doses of fentanyl and propofol in the total eligible cohort were not imputed.

bICU: intensive care unit.
CASA: American Society of Anesthesiologists
dNot applicable.

Total Eligible Cohort Analysis

Primary dose-response analysis revealed clinically significant
thresholds for ICU admission risk. The average treatment
effect of 0.0102 indicated a 1.02% absolute increase in ICU
admission risk associated with fentanyl-propofol combina-
tions. The distribution of treatment effects showed significant
right skewness, indicating that while most patients experi-
ence minimal increased risk, a subset faces substantially
higher risk from drug combinations. The CDT identified
serum creatinine as the primary splitting variable, with
subsequent stratification by glucose, age, and calcium (along
with erythrocyte count, ASA physical status, and electrolytes)
defining patient subgroups with differential susceptibility.

Dual-Exposure Cohort Analysis

Dose-response surface analysis identified distinct risk zones
with immediate clinical applications (Figure 2). The average-
dose region (fentanyl: 1.75-2.0 mcg/kg and propofol: 2.1-2.2
mg/kg) maintained ICU admission risk below 40%. The
optimal dose range for decision-making was determined to
be 3.5 to 4.0 mcg/kg for fentanyl and 1.25 to 4.25 mg/kg

for propofol. In the moderate-dose region (fentanyl: 2.5-3.5
mcg/kg and propofol: 2-3 mg/kg), the ICU risk exhibited a
nonlinear increase, gradually rising to 60%. Risk increased
exponentially beyond these thresholds, reaching 92% for
high-risk combinations (fentanyl >5 mcg/kg and propofol <1

mg/kg).

The 3D dose-response surface depicts the association
between fentanyl dose (mcg/kg) on the x-axis, propofol dose
(mg/kg) on the y-axis, and the model-predicted probability of
ICU admission on the z-axis. The corresponding 2D contour
plot presents the same dose ranges, with the color gradient
indicating the predicted postoperative ICU admission risk.

Multivariate logistic regression analysis revealed a
statistically significant positive interaction between fentanyl
and propofol doses on the risk of ICU admission (interaction
term $=.0243; P<.001). When the fentanyl dose exceeded
3 mcg/kg and the propofol dose exceeded 3.5 mg/kg, the
synergistic effect between the 2 increased the predicted A
risk of postoperative ICU admission by 36% (95% CI 0.351-
0.509; P<.001).

Figure 2. (Left) Intensive care unit (ICU) risk surface and (right) contour plot under fentanyl-propofol interaction.

ICU risk under the interaction of fentanyl and propofol doses
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Compared with the reference group, all 6 drug-sensitive
groups (Figure 3) demonstrated a marked amplification and
leftward shift of the risk gradient. In the 3D risk surface plot,
this trend was marked by a steeper ascending slope in the
low-dose region and an earlier onset of the high-risk plateau.

Figure 3A demonstrates that within the low-to-medium
dose range, the early slope is steeper and the inflection point
occurs at a lower combined dose. Figure 3B illustrates that
the risk ridge along the fentanyl axis increases more abruptly,
with the high-risk region compressed along the propofol axis

Figure 3. Dose-response surfaces and contour plots for sensitive groups.

Age 18-65 with High Glucose,
Normal Calcium, and Normal Platelets

ICU Admission Risk Contour Ma

IcU risk
s

Propofol dose (mg/kg)
w

~

7

4

3 A\
12 m“’o"e
0 e

5 ° 09
P

2 3 4 5
Fentanyl dose (mcg/kg)

Age 18-65 with Low Platelets,
Normal Glucose, and Normal Calcium

ICU Admission Risk Contour Ma

Propofol dose (mg/kg)

2 3 4 5
Fentanyl dose (mcg/kg)
Age =65 with Low Calcium,

Normal Glucose, and Normal Platelets |CU Admission Risk Contour Ma

£

w

°
g
S
E
P
%
b4
3
2
3
2
g
&

~

2 3 4 5
Fentanyl dose (mca/kg)

Interpretability

Figure 4 demonstrates that among all predictors, ASA
physical status exhibits the highest overall ranking, with
serum calcium and blood glucose also showing relatively
high importance. The 3D SHAP interaction plot reveals that
the interactive contribution of creatinine changes nonlinearly
with blood urea nitrogen and potassium levels, with more
pronounced effects observed at higher creatinine-to—blood
urea nitrogen ratios. This pattern aligns with the early and
marked increase in ICU risk depicted in the dose-response
relationship.
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and extended across a broader fentanyl range. In Figure 3C,
the onset of risk occurs at lower doses and is accompanied by
localized irregularities. Figure 3D shows that the risk surface
flattens with increasing doses, with a gradual slope in the
medium-dose range and an abrupt increase in the higher-dose
region. Figure 3E exhibits a relatively flat surface, show-
ing attenuated dose responsiveness and scattered high-risk
plateaus. Figure 3F reveals a biphasic risk pattern, character-
ized by a rapid early increase followed by relative stabiliza-
tion in the medium dose range.
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The bar chart displays the average absolute importance
scores of clinical features calculated using the Explainable
Boosting Machine model. In each 3D graph, the z-axis
represents the SHAP value of a specific clinical variable,
quantifying its contribution to ICU admission risk prediction.
The x-axis and y-axis correspond to 2 interacting features
that jointly determine the magnitude and direction of the
variable’s contribution.
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Figure 4. Global feature importance ranking from Explainable Boosting Machine (EBM) and group-specific Shapley additive explanation (SHAP)

summary plots for intensive care unit (ICU) admission risk.
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Discussion

Principal Findings

This study provides a counterfactual modeling approach to
analyzing fentanyl-propofol dose-response relationships and
ICU admission risk, with potential implications for clinical
decision support and hypothesis generation. Our findings
demonstrate that current empirical dosing approaches may
expose patients to preventable complications, while indi-
vidualized risk assessment could substantially reduce ICU
admissions and associated costs.

The clinical significance of these findings is rooted in
the respiratory depressant effects of both agents. Propo-
fol can impair ventilation via upper-airway collapsibility
and central respiratory depression [6,20,21], while fentanyl
further suppresses brain stem ventilatory control and, at
higher opioid exposure or with rapid administration, may
cause chest wall rigidity that impairs ventilation [22]. These
complementary effects plausibly contribute to the nonlinear
risk escalation and ridge-like high-risk zones observed in our
dose-response surfaces, particularly at higher fentanyl doses
combined with lower propofol doses.

In all subgroups, the higher the fentanyl exposure, the
more sharply the ICU predicted risk rose, which may
reflect the combined effect of cardiopulmonary depression
and propofol-induced vasodilation and systemic vascular
resistance reduction [23,24]. Pharmacodynamic synergy can
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alter anesthetic requirements, such that minor changes in
opioid exposure can alter the propofol dose needed to achieve
adequate sedation and cause patients to cross the hemody-
namic threshold, which is consistent with steeper spines and
earlier inflection points observed on the curve [25,26].

Older patients are more susceptible because of their
reduced cardiovascular reserve and higher sensitivity to
anesthesia-related hypotension [24]. The pattern in the
hyperglycemic subgroup is consistent with evidence that
stress hyperglycemia 1is associated with postoperative
complications and mortality [27,28]. Similarly, hypocalcemia
may reduce patients’ tolerance to intraoperative instability
by affecting myocardial contractility, vascular tone, and
coagulation function [29]. Finally, the elevated risk and
irregular plateau in thrombocytopenia may reflect increased
bleeding susceptibility and treatment escalation, as abnor-
mal platelet counts and preoperative platelet transfusion
are associated with higher ICU admission rates and longer
hospital stays in noncardiac surgery [30,31].

In the dual-exposure cohort, as the doses of both drugs
increase, the risk of ICU admission exhibits a nonlinear
upward trend. When the fentanyl dose exceeds 3.5 mcg/kg,
the predicted probability of ICU admission increases sharply,
particularly when propofol doses are low to moderate rather
than uniformly high, reaching 36% in the high-risk region and
indicating a pronounced ridge-like dose-response gradient.
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The asymmetric response pattern observed indicates that
when propofol doses are below 3 mg/kg, incremental
increases in propofol lead to a reduction in ICU admission
risk. Conversely, across nearly all dose ranges, increasing
fentanyl doses are associated with elevated ICU admission
risks. This may be attributed to the relatively low frequency
of the high-dose propofol+low-dose fentanyl combination in
the sample, thereby constraining the model’s generalization
capacity in this region and necessitating cautious interpreta-
tion.

Our findings offer specific guidance for clinical practice:
ICU risk is minimized within a narrow corridor of combined
fentanyl and propofol dosing, delineated by the red box, and
centered on fentanyl doses of 3.5 to 4.0 mcg/kg and propofol
doses of 1.25 to 4.25 mg/kg. These results challenge the
assumption that higher propofol doses uniformly increase risk
[6,15]. Beyond this optimal range, risk escalates nonlinearly,
with the highest-risk zone occurring when fentanyl exceeds
5 mcg/kg while propofol remains low (<1 mg/kg) [32].
Therefore, the optimal dosing window for clinical decision-
making was defined as fentanyl 3.5 to 4.0 mcg/kg and
propofol 1.25 to 4.25 mg/kg.

Clinical Practice Implications

These implications are exploratory and hypothesis-generat-
ing, as the findings arise from observational counterfactual
modeling and require prospective validation before clini-
cal implementation. The findings provide a foundation for
transforming anesthetic dosing from empirical guidelines to
evidence-based, individualized approaches. The identification
of specific dose thresholds and patient populations consid-
ered vulnerable enables the development of real-time risk
assessment tools incorporating patient characteristics that
could be integrated into anesthesia information management
systems [2,3]. This research establishes the foundation for
transforming anesthetic dosing from empirical guidelines
to precision medicine approaches; evidence-based dosing
algorithms using patient-specific risk profiles could guide

Cui et al

dosing decisions [3,10]. Enhanced monitoring protocols for
high-risk patients could enable early intervention and help
prevent progression to complications requiring ICU admis-
sion [2,3,10].

Limitations

Several limitations must be acknowledged. The single-center
design may restrict the generalizability of findings across
diverse health care systems, patient case mixes, and perio-
perative protocols, highlighting the necessity for external
validation. As an observational study, causal inferences are
inherently susceptible to residual confounding. Furthermore,
the maximum depth constraint of the CDT algorithm may
overlook extended confounding pathways. Before clinical
implementation, these results must be validated in independ-
ent cohorts and varied health care settings.

Future Directions

This research establishes a foundation for several critical
next steps: multicenter validation studies across diverse
health care settings, interventional trials testing individualized
dosing algorithms vs standard care, implementation research
examining real-world application of risk assessment tools,
technology integration with clinical decision support systems,
and comprehensive cost-effectiveness studies.

Conclusions

This study demonstrates that fentanyl-propofol combinations
exhibit complex, nonlinear dose-response relationships with
ICU admission risk. These findings require external valida-
tion before they can inform clinical decision support or guide
future research. The optimal dose range for decision-making
was determined to be 3.5 to 4.0 mcg/kg for fentanyl and 1.25
to 4.25 mg/kg for propofol. High-dose combinations (fentanyl
>5 mcg/kg and propofol <1 mg/kg) increase the risk of
ICU admission by 36%, whereas 6 distinct patient subgroups
show differential vulnerability, necessitating individualized
management approaches.

Acknowledgments

Generative artificial intelligence tools were not used to generate any scientific content, analyses, or results in this manuscript.

Funding

This study received no specific funding from any public, commercial, or not-for-profit funding agencies.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Supplementary tables and figures.

[DOCX File (Microsoft Word File), 11925 KB-Multimedia Appendix 1]

References

1. Crawford AM, Shiferaw AA, Ntambwe P, et al. Global critical care: a call to action. Crit Care. Jan 20, 2023;27(1):28.

[doi: 10.1186/s13054-022-04296-3] [Medline: 36670506]

2. Gillies MA, Sander M, Shaw A, et al. Current research priorities in perioperative intensive care medicine. Intensive Care
Med. Sep 2017;43(9):1173-1186. [doi: 10.1007/s00134-017-4848-3] [Medline: 28597121]

3. Pinsky MR, Cecconi M, Chew MS, et al. Effective hemodynamic monitoring. Crit Care. Sep 28, 2022;26(1):294. [doi:

10.1186/s13054-022-04173-z] [Medline: 36171594]

https://formative jmir.org/2026/1/e80294

JMIR Form Res 2026 | vol. 10 | 80294 | p. 9
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=formative_v10i1e80294_app1.docx
https://jmir.org/api/download?alt_name=formative_v10i1e80294_app1.docx
https://doi.org/10.1186/s13054-022-04296-3
http://www.ncbi.nlm.nih.gov/pubmed/36670506
https://doi.org/10.1007/s00134-017-4848-3
http://www.ncbi.nlm.nih.gov/pubmed/28597121
https://doi.org/10.1186/s13054-022-04173-z
http://www.ncbi.nlm.nih.gov/pubmed/36171594
https://formative.jmir.org/2026/1/e80294

JMIR FORMATIVE RESEARCH Cui et al

4.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

Vullo PA, Real Navacerrada Mi, Navarro Suay R. Hemodynamic impact of increasing time between fentanyl and
propofol administration during anesthesia induction: a randomised, clinical trial. Braz J Anesthesiol. 2024;74(1):744230.
[doi: 10.1016/j.bjane.2021.07.009] [Medline: 34324933]

Tramer MR, Moore RA, McQuay HJ. Propofol and bradycardia: causation, frequency and severity. Br J Anaesth. Jun
1997;78(6):642-651. [doi: 10.1093/bja/78.6.642] [Medline: 9215013]

Sahinovic MM, Struys M, Absalom AR. Clinical pharmacokinetics and pharmacodynamics of propofol. Clin
Pharmacokinet. Dec 2018;57(12):1539-1558. [doi: 10.1007/s40262-018-0672-3] [Medline: 30019172]

Laporta ML, Sprung J, Weingarten TN. Respiratory depression in the post-anesthesia care unit: Mayo Clinic experience.
Bosn J Basic Med Sci. Apr 1,2021;21(2):221-228. [doi: 10.17305/bjbms.2020.4816] [Medline: 32415817]

Boerma LM, Reijners EP, Hessels RA, V Hooft MA. Risk factors for unplanned transfer to the intensive care unit after
emergency department admission. Am J Emerg Med. Aug 2017;35(8):1154-1158. [doi: 10.1016/j.ajem.2017.03.019]
[Medline: 28302375]

Ludwig A, Slota J, Nunes DA, et al. Interhospital transfer of patients with acute respiratory failure in the United States: a
scoping review. Crit Care Explor. Jul 1,2024;6(7):e1120. [doi: 10.1097/CCE.0000000000001120] [Medline: 38968159]
Lin S, Tan H, Zhao L, Zhu B, Ye T. The role of precision anesthesia in high-risk surgical patients: a comprehensive
review and future direction. Int J Adv Clin Sci Res. 2024;3:97-107. URL: https://h-tsp.com/index.php/ijacsr/article/view/
70 [Accessed 2025-05-25]

Feuerriegel S, Frauen D, Melnychuk V, et al. Causal machine learning for predicting treatment outcomes. Nat Med. Apr
2024;30(4):958-968. [doi: 10.1038/541591-024-02902-1] [Medline: 38641741]

Desai RJ, Glynn RJ, Solomon SD, Claggett B, Wang SV, Vaduganathan M. Individualized treatment effect prediction
with machine learning - salient considerations. NEJM Evid. Apr 2024;3(4):EVID0a2300041. [doi: 10.1056/
EVID0a2300041] [Medline: 38776640]

Chernozhukov V, Chetverikov D, Demirer M, et al. Double/debiased machine learning for treatment and structural
parameters. Econom J. Feb 1,2018;21(1):C1-C68. [doi: 10.1111/ectj.12097]

Mengistu AK, Yeneakale KA, Baykemagn ND, Melese ZY, Gedefaw AE. Application of causal forest double machine
learning (DML) approach to assess tuberculosis preventive therapy’s impact on ART adherence. Sci Rep. Aug 9,
2025;15(1):29130. [doi: 10.1038/s41598-025-14460-8] [Medline: 40781349]

Moges WK, Tegegne AS, Mitku AA, Tesfahun E, Hailemeskel S. Causal machine learning models for predicting low
birth weight in midwife-led continuity care intervention in North Shoa Zone, Ethiopia. BMC Med Inform Decis Mak.
Feb 7,2025;25(1):64. [doi: 10.1186/s12911-025-02917-9] [Medline: 39920662]

Samad M, Angel M, Rinehart J, Kanomata Y, Baldi P, Cannesson M. Medical informatics operating room vitals and
events repository (MOVER): a public-access operating room database. JAMIA Open. Dec 2023;6(4):00ad084. [doi: 10.
1093/jamiaopen/ooad084] [Medline: 37860605]

White IR, Royston P, Wood AM. Multiple imputation using chained equations: Issues and guidance for practice. Stat
Med. Feb 20, 2011;30(4):377-399. [doi: 10.1002/sim.4067] [Medline: 21225900]

Maathuis MH, Colombo D. A generalized back-door criterion. Ann Statist. 2015;43(3):1060-1088. [doi: 10.1214/14-
AOS1295]

Nori H, Jenkins S, Koch P, et al. InterpretML: a unified framework for machine learning interpretability. arXiv. Preprint
posted online on Dec 16, 2025. [doi: 10.48550/arXiv.1909.09223]

Kotani Y, Pruna A, Landoni G. Mechanisms of action of the detrimental effects of propofol on survival. J Cardiothorac
Vasc Anesth. Nov 2023;37(11):2176-2180. [doi: 10.1053/j.jvca.2023.07.032] [Medline: 37586953]

Eastwood PR, Platt PR, Shepherd K, Maddison K, Hillman DR. Collapsibility of the upper airway at different
concentrations of propofol anesthesia. Anesthesiology. Sep 2005;103(3):470-477. [doi: 10.1097/00000542-200509000-
00007] [Medline: 16129969]

Baldo BA. Toxicities of opioid analgesics: respiratory depression, histamine release, hemodynamic changes,
hypersensitivity, serotonin toxicity. Arch Toxicol. Aug 2021;95(8):2627-2642. [doi: 10.1007/s00204-021-03068-2]
[Medline: 33974096]

Saugel B, Bebert EJ, Briesenick L, et al. Mechanisms contributing to hypotension after anesthetic induction with
sufentanil, propofol, and rocuronium: a prospective observational study. J Clin Monit Comput. Apr 2022;36(2):341-347.
[doi: 10.1007/s10877-021-00653-9] [Medline: 33523352]

Goodchild CS, Serrao JM. Propofol-induced cardiovascular depression: science and art. Br J Anaesth. Oct
2015;115(4):641-642. [doi: 10.1093/bja/aev320] [Medline: 26385681]

Lysakowski C, Dumont L, Pellegrini M, Clergue F, Tassonyi E. Effects of fentanyl, alfentanil, remifentanil and
sufentanil on loss of consciousness and bispectral index during propofol induction of anaesthesia. Br J Anaesth. Apr
2001;86(4):523-527. [doi: 10.1093/bja/86.4.523] [Medline: 11573626]

https://formative jmir.org/2026/1/e80294 JMIR Form Res 2026 | vol. 10 | e80294 | p. 10

(page number not for citation purposes)


https://doi.org/10.1016/j.bjane.2021.07.009
http://www.ncbi.nlm.nih.gov/pubmed/34324933
https://doi.org/10.1093/bja/78.6.642
http://www.ncbi.nlm.nih.gov/pubmed/9215013
https://doi.org/10.1007/s40262-018-0672-3
http://www.ncbi.nlm.nih.gov/pubmed/30019172
https://doi.org/10.17305/bjbms.2020.4816
http://www.ncbi.nlm.nih.gov/pubmed/32415817
https://doi.org/10.1016/j.ajem.2017.03.019
http://www.ncbi.nlm.nih.gov/pubmed/28302375
https://doi.org/10.1097/CCE.0000000000001120
http://www.ncbi.nlm.nih.gov/pubmed/38968159
https://h-tsp.com/index.php/ijacsr/article/view/70
https://h-tsp.com/index.php/ijacsr/article/view/70
https://doi.org/10.1038/s41591-024-02902-1
http://www.ncbi.nlm.nih.gov/pubmed/38641741
https://doi.org/10.1056/EVIDoa2300041
https://doi.org/10.1056/EVIDoa2300041
http://www.ncbi.nlm.nih.gov/pubmed/38776640
https://doi.org/10.1111/ectj.12097
https://doi.org/10.1038/s41598-025-14460-8
http://www.ncbi.nlm.nih.gov/pubmed/40781349
https://doi.org/10.1186/s12911-025-02917-9
http://www.ncbi.nlm.nih.gov/pubmed/39920662
https://doi.org/10.1093/jamiaopen/ooad084
https://doi.org/10.1093/jamiaopen/ooad084
http://www.ncbi.nlm.nih.gov/pubmed/37860605
https://doi.org/10.1002/sim.4067
http://www.ncbi.nlm.nih.gov/pubmed/21225900
https://doi.org/10.1214/14-AOS1295
https://doi.org/10.1214/14-AOS1295
https://doi.org/10.48550/arXiv.1909.09223
https://doi.org/10.1053/j.jvca.2023.07.032
http://www.ncbi.nlm.nih.gov/pubmed/37586953
https://doi.org/10.1097/00000542-200509000-00007
https://doi.org/10.1097/00000542-200509000-00007
http://www.ncbi.nlm.nih.gov/pubmed/16129969
https://doi.org/10.1007/s00204-021-03068-2
http://www.ncbi.nlm.nih.gov/pubmed/33974096
https://doi.org/10.1007/s10877-021-00653-9
http://www.ncbi.nlm.nih.gov/pubmed/33523352
https://doi.org/10.1093/bja/aev320
http://www.ncbi.nlm.nih.gov/pubmed/26385681
https://doi.org/10.1093/bja/86.4.523
http://www.ncbi.nlm.nih.gov/pubmed/11573626
https://formative.jmir.org/2026/1/e80294

JMIR FORMATIVE RESEARCH Cui et al

26.

217.

28.

29.

30.

31.

32.

Kaur J, Srilata M, Padmaja D, et al. Dose sparing of induction dose of propofol by fentanyl and butorphanol: a
comparison based on entropy analysis. Saudi J Anaesth. Apr 2013;7(2):128-133. [doi: 10.4103/1658-354X.114052]
[Medline: 23956709]

Duggan EW, Carlson K, Umpierrez GE. Perioperative hyperglycemia management: an update. Anesthesiology. Mar
2017;126(3):547-560. [doi: 10.1097/ALN.0000000000001515] [Medline: 28121636]

Chen JY, Nassereldine H, Cook SB, Thornblade LW, Dellinger EP, Flum DR. Paradoxical association of hyperglycemia
and surgical complications among patients with and without diabetes. JAMA Surg. Sep 1, 2022;157(9):765-770. [doi:
10.1001/jamasurg.2021.5561] [Medline: 35704308]

Melchers M, van Zanten ARH. Management of hypocalcaemia in the critically ill. Curr Opin Crit Care. Aug 1,
2023;29(4):330-338. [doi: 10.1097/MCC.0000000000001059] [Medline: 37395330]

Warner MA, Jia Q, Clifford L, et al. Preoperative platelet transfusions and perioperative red blood cell requirements in
patients with thrombocytopenia undergoing noncardiac surgery. Transfusion. Mar 2016;56(3):682-690. [doi: 10.1111/trf.
13414] [Medline: 26559936]

Nagrebetsky A, Al-Samkari H, Davis NM, Kuter DJ, Wiener-Kronish JP. Perioperative thrombocytopenia: evidence,
evaluation, and emerging therapies. Br J Anaesth. Jan 2019;122(1):19-31. [doi: 10.1016/j.bja.2018.09.010] [Medline:
30579402]

Colvin LA, Bull F, Hales TG. Perioperative opioid analgesia-when is enough too much? A review of opioid-induced
tolerance and hyperalgesia. Lancet. Apr 13,2019;393(10180):1558-1568. [doi: 10.1016/S0140-6736(19)30430-1]
[Medline: 30983591]

Abbreviations

CDT: causal decision tree

ICU: intensive care unit

MOVER: Medical Informatics Operating Room Vitals and Events Repository
SHAP: Shapley additive explanation

Edited by Javad Sarvestan; peer-reviewed by Guofeng Jie, Qi Wei; submitted 08.Jul.2025; final revised version received
15.Dec.2025; accepted 17.Dec.2025; published 25.Feb.2026

Please cite as:

Cui J, Li W, Lim ECN, Wu X, Lim CED

Stratified Causal Inference for Intensive Care Unit Risk Prediction: Informatics-Based Modeling of Anesthetic Drug
Combinations

JMIR Form Res 2026,10:¢80294

URL: hitps://formative jmir.org/2026/1/e80294

doi: 10.2196/80294

© Jungi Cui, Weijia Li, Enoch Chi Ngai Lim, Xiaogin Wu, Chi Eung Danforn Lim. Originally published in JMIR Formative
Research (https://formative.jmir.org), 25.Feb.2026. This is an open-access article distributed under the terms of the Creative
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work, first published in JMIR Formative Research, is properly cited. The
complete bibliographic information, a link to the original publication on https://formative.jmir.org, as well as this copyright
and license information must be included.

https://formative jmir.org/2026/1/e80294 JMIR Form Res 2026 | vol. 10 | e80294 | p. 11

(page number not for citation purposes)


https://doi.org/10.4103/1658-354X.114052
http://www.ncbi.nlm.nih.gov/pubmed/23956709
https://doi.org/10.1097/ALN.0000000000001515
http://www.ncbi.nlm.nih.gov/pubmed/28121636
https://doi.org/10.1001/jamasurg.2021.5561
http://www.ncbi.nlm.nih.gov/pubmed/35704308
https://doi.org/10.1097/MCC.0000000000001059
http://www.ncbi.nlm.nih.gov/pubmed/37395330
https://doi.org/10.1111/trf.13414
https://doi.org/10.1111/trf.13414
http://www.ncbi.nlm.nih.gov/pubmed/26559936
https://doi.org/10.1016/j.bja.2018.09.010
http://www.ncbi.nlm.nih.gov/pubmed/30579402
https://doi.org/10.1016/S0140-6736(19)30430-1
http://www.ncbi.nlm.nih.gov/pubmed/30983591
https://formative.jmir.org/2026/1/e80294
https://doi.org/10.2196/80294
https://formative.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://formative.jmir.org
https://formative.jmir.org/2026/1/e80294

	Stratified Causal Inference for Intensive Care Unit Risk Prediction: Informatics-Based Modeling of Anesthetic Drug Combinations
	Introduction
	Methods
	Study Design
	Data Preprocessing
	Covariate Classification
	Total Eligible Cohort Analysis
	Dual-Exposure Cohort Analysis
	Interpretation Framework
	Ethical Considerations

	Results
	Cohort
	Total Eligible Cohort Analysis
	Dual-Exposure Cohort Analysis
	Interpretability

	Discussion
	Principal Findings
	Clinical Practice Implications
	Limitations
	Future Directions
	Conclusions



