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Reinforcement learning model for
optimizing dexmedetomidine dosing to
prevent delirium in critically ill patients

Check for updates

Hong Yeul Lee1,9, Soomin Chung2,9, Dongwoo Hyeon 3, Hyun-Lim Yang 4,5,6, Hyung-Chul Lee 7,8,
Ho Geol Ryu1,7 & Hyeonhoon Lee 6,8

Delirium can result in undesirable outcomes including increased length of stays and mortality in
patients admitted to the intensive care unit (ICU). Dexmedetomidine has emerged for delirium
prevention in these patients; however, optimal dosing is challenging. A reinforcement learning-based
Artificial Intelligence model for Delirium prevention (AID) is proposed to optimize dexmedetomidine
dosing. Themodel was developed and internally validated using 2416 patients (2531 ICU admissions)
and externally validated on 270 patients (274 ICU admissions). The estimated performance return of
the AID policy was higher than that of the clinicians’ policy in both derivation (0.390 95% confidence
interval [CI] 0.361 to 0.420 vs.−0.051 95%CI−0.077 to−0.025) and external validation (0.186 95%CI
0.139 to 0.236 vs. −0.436 95% CI −0.474 to −0.402) cohorts. Our finding indicates that AID might
support clinicians’ decision-making regarding dexmedetomidine dosing to prevent delirium in ICU
patients, but further off-policy evaluation is required.

Delirium is a complex neuropsychiatric syndrome characterized by acute
fluctuations in attention, awareness, and cognition1, with a prevalence of
20%–80% among critically ill patients2. It is associated with poor clinical
outcomes, including increased in-hospital mortality, long-term cognitive
decline, and a longer duration of mechanical ventilation and intensive care
unit (ICU) stay3,4. Therefore, preventing delirium is crucial for improving
patient prognosis.

Recently, supervised learning-based machine learning models have
been developed to predict the onset of delirium using routinely collected
electronicmedical records (EMRs)5–7. Although thesemodels can effectively
forecast the likelihood of delirium over time, they primarily serve as diag-
nostic or alert tools. Their main strength lies in leveraging EMR data;
however their scope remains limited to outcome prediction offering solely
an early warning, and they do not provide specific guidance on interven-
tions. To bridge this gap, an “actionable” model has been proposed. This
model canpredict future patient outcomes or events resulting fromdifferent
treatment options, thereby advising clinicians on treatment options that
yield the best predictive outcome8.

Dexmedetomidine, a high-affinity alpha-2 adrenergic agonist, holds
promise in managing critically ill patients, particularly for delirium
prevention9,10. It provides sedation with less respiratory depression, making
it a favorable choice over traditional sedatives such as benzodiazepines and
propofol11. A recent trial has presented its potential benefits in reducing the
incidence of delirium compared to usual care sedatives in mechanically
ventilated ICUpatients12. However, dexmedetomidine requires clinicians to
monitor and adjust dosages carefully due to potential adverse events such as
bradycardia and hypotension11. Nonetheless, there is a lack of clear guide-
lines for the optimal dosage of dexmedetomidine, posing challenges in
clinical practices13.

Traditional dosing strategies largely relyonempirical knowledgedue to
the absence of a universally accepted consensus or specific guidelines on
dexmedetomidine dosing. Previous studies generally recommend an initial
dosing rate of 0.2–0.4mcg/kg/h and suggest titration adjustments of
0.1–0.2mcg/kg/h, without providing guidance on specific dosages
responding to different patient conditions9,14–16. Therefore, these traditional
dosing strategies often fail to adequately address the dynamic nature of
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patient responses in intricate ICU environments, necessitating more
adaptive approaches.

Reinforcement learning,which is a branchofmachine learning, offers a
potential solution to this challenge17. Reinforcement learning aims to
identify the best decision-making policy by considering future cumulative
rewards. Previous studies based on reinforcement learning algorithms have
proposed optimal drug dosing policies aimed at preventing mortality or
hypotension in ICU settings18–21. Similarly, a reinforcement learning model
can provide sequential dosing recommendations to prevent the develop-
ment of delirium throughout the ICU stay. In a recent study, the use of a
reinforcement learning algorithm for delirium prevention has been
exploredby suggestingwhether to increase, decrease, ormaintain thedosage
of propofol,midazolam, and fentanyl22.However, themodel has limitations,
suchasnot directly adjusting themedicationdosages, and it focuses onother
traditional medications that may be less effective than dexmedetomidine in
preventing delirium23.

The primary objective of this study is to develop and validate a rein-
forcement learning-based Artificial Intelligence model for Delirium pre-
vention (AID) by optimizing dexmedetomidine dosing in critically ill
patients to prevent the development of delirium during their ICU stays.We
hypothesize that compared to the clinicians’ policy, the policy suggested by
AIDwouldyield ahigher estimatedperformance returndefinedby theonset
of delirium, resulting in a reduced incidence of delirium.

Results
Dataset construction
Among the 3997 patients with 4381 ICU admissions from the derivation
cohort, 2416 patients with 2531 ICU admissions (42,863 6-h interval time
points) were included in the model development and internal validation
(Fig. 1). In the external validation cohort, 270 patients with 274 ICU
admissions (2009 6-h interval time points) were included for the external
validation after applying the exclusion criteria. The characteristics of the
analyzed admissions are listed in Table 1.

Policy and outcome differences
We conducted two different off-policy evaluations (OPEs) to compare the
estimated performance return of the AID policy with that of the clinicians’
policy: a model-based approach with fitted Q-evaluation (FQE) and a
model-free approach with weighted importance sampling (WIS). The FQE
results showed that the estimated performance returns of the AID policy
and clinicians’ policy on the aggregated internal test set were 0.390 (95%
confidence interval [CI] 0.361 to 0.420) and −0.051 (95% CI −0.077 to
−0.025), respectively. On the external validation cohort, the estimated
performance returns of the AID policy and clinicians’ policy were 0.186
(95% CI 0.139 to 0.236) and −0.436 (95% CI −0.474 to −0.402), respec-
tively. Notably, the 95% lower bound of the performance return of AIDwas
higher than the 95% upper bound of the clinicians’ return in both cohorts.

UsingWIS,where the effective sample sizewas calculated as 3.33out of 2531
admissions (0.13%), the estimated performance returns of AID and clin-
icians’ policies on the aggregated internal test set were –0.475 (95% CI
−3.197 to 1.222) and 0.283 (95% CI 0.249 to 0.313), respectively. On the
external validation cohort, where the effective sample size was calculated as
8.00 out of 274 admissions (2.92%), the estimated performance returns of
theAIDpolicy and clinicians’policywere 0.923 (95%CI 0.005 to 2.667) and
−0.251 (95% CI −0.355 to −0.139), respectively. Results from both OPEs
on the individual test sets are detailed in Table 2.

The distribution of treatment doses according to the clinicians’ and
AID policies at all 6-h timesteps is presented in Fig. 2. The AID policy tends
to recommend lowerdoses of dexmedetomidine than those administeredby
clinicians. Specifically, under the clinician policy, the mean dose of dex-
medetomidinewas 0.236mcg/kg/h (95%CI0.223 to 0.249) for patientswho
developeddeliriumand0.153mcg/kg/h (95%CI 0.145 to 0.160) for patients
who did not, showing a statistically significant difference (P < 0.001). Under
the AID policy, the mean doses were 0.117mcg/kg/h (95% CI: 0.108 to
0.126) for patients who developed delirium and 0.090mcg/kg/h (95% CI
0.085 to 0.094) for patients who did not, also showing a statistically sig-
nificant difference (P = 0.001).

Representative cases for comparison of policies
Figure 3 shows four representative cases to observe the development of
delirium depending on the degree of dose discrepancy between the AID
policy and clinicians’ policy. It also displays changes in the Richmond
agitation-sedation scale (RASS) values, used to assess sedation depth and
guide the titration of sedatives in critically ill patients. When clinicians
administered dexmedetomidine very close to the doses suggested by AID,
the delirium not occurred, with RASS values maintained within the target
range (Fig. 3a). However, when clinicians administered dexmedetomidine
in amanner that deviated from the AID policy, delirium occurred (Fig. 3b).
On the other hand, one such case shows divergent policies but no delirium
occurrence (Fig. 3c). The sedation levels were maintained within the target
RASS range, yet the AID policy recommended a lower dose of dexmede-
tomidine compared to the clinician’s policy. This suggests that slightly lower
dosages might be sufficient to prevent the development of delirium,
potentially minimizing the risks of adverse effects associated with higher
doses. Conversely, one such case involves similar policies where delirium
occurred despite the patient receiving very low doses of dexmedetomidine
during the ICU stay (Fig. 3d). Since dexmedetomidine primarily serve as a
sedative, the patient already in deep sedation may not benefit from further
dosage reductions. This limited capacity to lighten sedation depth poten-
tially contributed to the failure in preventing the development of delirium.

Feature importance analysis
We illustrate the degree of feature importance using the SHapley Additive
exPlanations (SHAP)method for both theAIDpolicy and clinicians’policy,

Fig. 1 | Flow chart of dataset construction. a Derivation cohort. b External validation cohort.
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Table 2 | Estimated performance returns of clinicians’, AID, and random policy using two off-policy evaluation methods

Clinicians’ policy AID policy Random policy

Mean 95% CI
lower bound

95% CI
upper bound

Mean 95% CI
lower bound

95% CI
upper bound

Mean 95% CI
lower bound

95% CI
upper bound

Fitted-Q evaluation

Derivation cohort

Fold 1 0.104 0.061 0.149 0.311 0.259 0.365 −0.230 −0.277 −0.179

Fold 2 −0.288 −0.333 −0.243 0.230 0.179 0.283 0.012 −0.026 0.052

Fold 3 −0.462 −0.511 −0.413 0.384 0.331 0.439 −0.213 −0.262 −0.163

Fold 4 0.436 0.378 0.494 0.429 0.380 0.479 0.128 0.076 0.182

Fold 5 −0.570 −0.635 −0.505 0.403 0.353 0.450 −0.484 −0.528 −0.441

Aggregated −0.051 −0.077 −0.025 0.390 0.361 0.420 0.137 0.122 0.151

External validation cohort

Total −0.436 −0.474 -0.402 0.186 0.139 0.236 −0.539 −0.583 −0.499

Weighted importance sampling

Derivation cohort

Fold 1 0.277 0.203 0.347 0.910 0.001 5.343 −0.038 −0.124 −0.007

Fold 2 0.292 0.221 0.360 0.618 −2.061 3.694 0.035 −0.005 0.190

Fold 3 0.292 0.219 0.362 1.086 0.110 2.534 −0.077 −0.256 −0.015

Fold 4 0.270 0.193 0.341 0.355 −0.043 1.730 −0.009 −0.051 0.000

Fold 5 0.282 0.211 0.350 −0.902 −5.264 0.065 −0.206 −1.224 −0.002

Aggregated 0.283 0.249 0.313 −0.475 −3.197 1.222 −0.111 −0.420 −0.027

External validation cohort

Total −0.251 −0.355 −0.139 0.923 0.005 2.667 −0.226 −0.765 −0.024

The estimated performance returns were analyzed during 5-fold cross-validation through two off-policy evaluation methods including fitted-Q evaluation and weighted importance sampling.
AID artificial intelligence model for delirium prevention, CI confidence interval.

Table 1 | Patient characteristics at ICU admission levels

Derivation cohort (n = 2531) External validation cohort (n = 274)

With
delirium (n = 810)

Without
delirium (n = 1721)

P-value With
delirium (n = 168)

Without
delirium (n = 106)

P-value

Age (year), median (IQR) 67.0 (56.2–76.0) 67.0 (56.0–75.0) 0.103 70.0 (60.0–80.0) 72.5 (61.2–80.0) 0.644

Sex, n (%) 0.415 0.098

Female 286 (35.3) 638 (37.1) 52 (31.0) 44 (41.5)

Male 524 (64.7) 1083 (62.9) 116 (69.0) 62 (58.5)

ICU type, n (%) <0.001 NA NA

Medical 251 (31.0) 730 (42.4)

Surgical 559 (69.0) 991 (57.6)

Height (cm), median (IQR) 165.0 (156.3–170.0) 163.0 (156.0–170.0) 0.484 170.0 (165.0–176.2) 170.0 (165.0–175.0) 0.070

Weight (kg), median (IQR) 61.5 (53.6–71.2) 60.4 (52.3–69.3) 0.013 75.0 (65.0–86.2) 75.0 (65.0–90.0) 0.771

ICU length of stay (day), median (IQR) 7 (4–13) 5 (2–9) <0.001 7 (4–12) 3 (1–7) <0.001

SOFA score on the first day of
dexmedetomidine usage

7 (5–10) 8 (5–10) 0.013 NA NA

RASS score on the first day of
dexmedetomidine usage, median (IQR)

−1 (-4–0) -2 (-4–0) <0.001 NA NA

Mechanical ventilation on the first day of
dexmedetomidine usage, n (%)

794 (98.0) 1707 (99.2) 0.020 130 (77.4) 86 (81.1) 0.556

Shock, receiving vasopressors on the first day
of dexmedetomidine usage, n (%)

303 (37.4) 775 (45.0) <0.001 47 (28.0) 32 (30.2) 0.797

CRRT on the first day of dexmedetomidine
usage, n (%)

136 (16.8) 356 (20.7) 0.024 9 (5.4) 4 (3.8) 0.757

Categorical variables were analyzed by proportional differences with the chi-squared test or Fisher exact test. The t-test and Wilcoxon rank sums test were used to compare continuous and ordinal
variables, respectively.
IQR interquartile range, ICU intensive care unit, SOFA sequential organ failure assessment, RASS Richmond agitation-sedation scale, CRRT continuous renal replacement therapy.
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respectively. Both policies primarily considered FIO2, heart rate, body
temperature, and platelet count for dexmedetomidine dosing (Fig. 4 and
Supplementary Figs. 1–3). Beyond these four primary features, clinicians’
policies considered propofol, followed by theGlasgow coma scale (GCS). By

contrast, the AID policy prioritized the bilirubin. The subgroup analyses
using the SHAPmethod (Fig. 5 and Supplementary Fig. 4) and the pair plots
(Supplementary Figs. 5 and 6) were conducted to examine differences in
feature contributions and to explore the relationships among five important

Fig. 2 | Dexmedetomidine dosing distribution of the AID policy and clinicians’
policy at all 6-h timesteps. a Derivation cohort. b External validation cohort. The
outer plot shows the full range of dosages from 0.0 to 1.5 mcg/kg/h, while the inner

plot focuses on the dosage range from 0.1 to 1.5 mcg/kg/h. AID artificial intelligence
model for delirium prevention.

Fig. 3 | Four representative cases. a A case where delirium did not occur when the
AID and clinicians’ policies were close. b A case where delirium occurred when the
AID and clinicians’ policies were discrepant. c A case where delirium did not occur
when the AID and clinicians’ policies were discrepant. d A case where delirium
occurredwhen theAID and clinicians’policieswere close. TheRASS ranges from−5

to 4, where higher positive scores indicate increased agitation, and lower negative
scores indicate deeper sedation, with a score of 0 representing the appearance of calm
and normal alertness. AID artificial intelligence model for delirium prevention,
RASS Richmond agitation-sedation scale.
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features where the model converged or diverged from the clinician pre-
dictions. Additionally, we employed principal component analysis (PCA)
followed by the SHAP analysis to derive a theoretical framework for
understanding the combination of feature importance in both policies (Fig.
6). This analysis revealed that the AID policy primarily focuses on the
combination of sympathomimetic agents, followed by analgosedative
agents and physiological parameters. Conversely, the clinicians’ policy,
while also considering similar combinations, prioritizes analgosedative
agents first, then sympathomimetic agents and physiological parameters.

Discussion
In this study, we developed and externally validated a reinforcement
learning model to optimize dexmedetomidine dosing and prevent delirium
in critically ill patients. The AID policy demonstrated a superior estimated
return comparedwith that of the clinicians’ policy, suggesting that adhering
to the AID dosing recommendations could effectively prevent the devel-
opment of delirium.

To the best of our knowledge, this study is thefirst attempt to employ a
reinforcement learning algorithm at preventing delirium by managing
dexmedetomidine dosing in ICU patients. By mirroring the clinicians’

management in real-world practice, we processed patient state data at 6-h
intervals based on the recommendation of clinical practice guidelines to
assess delirium at least once per nurse shift (e.g., every 6 to 8 h)24,25. As the
temporal offset between the observation and dose recommendation win-
dowsnarrows, theremay be insufficient time to leverage pharmacological or
non-pharmacological interventions for delirium26. Conversely, because
delirium is characterized by a fluctuating course, a longer time interval (≥8
to ≥12 h) may lead to inappropriate dose recommendations. Therefore, the
AID was designed to recommend a dose of dexmedetomidine every 6 h, in
line with clinicians’ routine clinical practice.

The strength of our study is the generalizability of our model based on
twoaspects: external validationand thenature of the inputdata source. First,
the model was validated using two independent datasets, each originating
from a different hospital and country. The 95% lower bound of the FQE of
the AID policy was higher than the 95% upper bound of the clinicians’
policy in both cohorts. Additionally, the 95% lower bound of theWIS of the
AID policy exceeded the 95% upper bound of the clinicians’ policy in the
external validation cohort, despite the small effective sample size. Second,
ourmodel was constructed using readily available data from routine EMRs.
This indicates that our model is easily applicable to the prevailing hospital

Fig. 4 | Feature importance derived from the
SHAP method. a Feature importance of the AID
policy.bFeature importance of the clinicians’policy.
GCS Glasgow coma scale, FIO2 fraction of inspired
oxygen, SBP systolic blood pressure, DBP diastolic
blood pressure, hsCRP high-sensitivity C-reactive
protein, BT body temperature, SHAP Shapley
additive explanations, AID artificial intelligence
model for delirium prevention.
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environment for future deployment. Furthermore, our policymodel using a
neural network architecture is effective in capturing the complex relation-
ship between patient features and suggesting optimal dosing. In critical care
medicine, drugdosingdecisions considermultiple factors such as laboratory
tests, vital signs, concurrent medications, and GCS scores. Therefore, we
incorporated 35 features into the state space of the computational model.

The SHAP analysis can give us insights into how each feature con-
tributes to the dexmedetomidine dosage decision-making. Our analysis
revealed that patients receiving combined dexmedetomidine and propofol
required higher dexmedetomidine doses compared to those on dexmede-
tomidine alone, suggesting a complex interplay between these sedatives in
critical care27. This observationmay be explained by several factors: patients
needing combination therapy might have been more critically ill or had
difficulties achieving desired sedation targets28; drug interactions could alter
individual pharmacokinetics or pharmacodynamics29 or increased dexme-
detomidine dosages may be required to counteract propofol’s hypotensive
effects30. These findings highlight the complexity of sedation management
in critically ill patients and emphasize the need for personalized, dynamic
approaches to ICU sedation.

The subgroup-based SHAP analysis also reveals several differences in
the model’s behavior across the four different scenarios. The model appears
to overestimate certain features for the subgroups of delirium occurrence, as
it heavily weighs FIO2 and body temperature, potentially overemphasizing
respiratory and temperature control as key predictors of delirium31,32. For
policy-divergent cases, the model successfully identifies key features like
hsCRP and pH when delirium occurs, indicating recognition of systemic

inflammation and metabolic disturbance33,34. However, in cases of policy-
divergent cases without delirium, the model shifts its focus to features like
FIO2, SBP, and pCO2, failing to capture these important inflammatory and
metabolic indicators, which suggests it might not fully account for under-
lying pathophysiological changes. Finally, the model ranks FIO2 and pro-
pofol as higher important features, indicating oxygenation and the use of
sedatives are primary factors in bothdeliriumandnon-deliriumstates9,31,35,36.

In our study, we applied PCA for feature extraction before conducting
SHAPanalysis to betterunderstand the combinatory factors influencingour
model’s decision-making process for dexmedetomidine dosing in ICU
patients. The top three components were associatedwith sympathomimetic
agents (norepinephrine and dopamine), analgosedative agents (midazolam
and morphine), and physiological parameters (respiratory rate and body
temperature). Notably, the PCA20 showed strong associations with nor-
epinephrine and dopamine, key sympathomimetic agents in ICU man-
agement. These catecholamines, crucial for maintaining hemodynamic
stability and organ perfusion, can indirectly affect sedation needs and
delirium risk37–39. This finding highlights the complex interactions between
sympathomimetic agents, sedatives, and patient-specific factors in ICU
care37,39. It demonstrates the importance of personalized drug dosing stra-
tegies that balance hemodynamic support with delirium prevention, con-
sidering the impact of sympathomimetic agents and patient-specific
physiological conditions.

The retrospective nature of our study imposes certain limitations on
interpreting our results. In intensive care settings, where conditions are
acute, it is neither feasible nor ethical to deploy unprovenAImodelswithout

Fig. 5 | Feature importance derived from the SHAP method for subgroups
stratified by policy matching and delirium occurrence. a Policy-matched sub-
group with delirium. b Policy-matched subgroup without delirium. c Policy-
unmatched subgroup with delirium. d Policy-unmatched subgroup without delir-
ium. BT body temperature, FIO2 fraction of inspired oxygen, DBP diastolic blood

pressure, GCS Glasgow coma scale, HCO3 bicarbonate, Hb hemoglobin, PT pro-
thrombin time, RR respiratory rate, pO2 partial pressure of oxygen, WBC white
blood cell count, hsCRP high-sensitivity C-reactive protein, SBP systolic blood
pressure, pCO2 partial pressure of carbon dioxide, SHAP Shapley additive
explanations.
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thorough offline validation to ensure safety and efficacy. Although rein-
forcement learning algorithms can potentially learn a better policy than the
behaviorpolicywhen the coverageofhistorical data is sufficient40, evaluating
the model in an offline setting strictly depends on OPE techniques, which
come with inherent limitations. One crucial limitation is the small effective
sample size, which serves as a diagnostic tool for the WIS estimator. The
effective sample sizes (3 out of 2531 patients in the derivation cohort and 8
out of 274patients in the external validation cohort) are too small to evaluate
our policy with reasonable certainty, due to the substantial differences
between theAIDandclinicians’policies, similar to theprevious studies17,41,42.
Therefore, furtherOPEswith largerdatasets and a sufficient effective sample
size are necessary to demonstrate that the new policy offers benefits over
clinicians’ policies and to strengthen the external validation43.

Our model demonstrated potential through retrospective analysis and
limited external validation; however, its performance is closely tied to the
quality of the proxy reward distribution derived from historical clinician
dosage data. In situations where clinicians are uncertain about their dosing
decisions, theproxy rewarddistributionmaybebroader, leading topotential
divergence in the model’s dosage recommendations. To address this issue,
we employed conservativeQ-learning (CQL) tomitigate the overestimation
of unseen or rarely seen actions by underestimating their Q-values. Despite
these efforts, extensive validation studies are necessary to establish the
model’s efficacy further44. A prospective test-retest study is planned to
evaluate real-world performance and clinician acceptance, involving a direct
comparison of AI-generated recommendationswith clinician decisions and
an assessment of patient outcomes. If promising, a proof-of-concept

Fig. 6 | Feature importance derived from the PCA-based SHAP analysis. a PCA
component importance of the AID policy. b PCA component importance of the
clinicians’ policy. c The heatmap of the feature loadings for the top principal
components in both policies. Colors represent the magnitude and direction of each
feature’s contribution, with blue indicating negative loadings and red indicating
positive loadings. AID artificial intelligence model for delirium prevention, HCO3

bicarbonate, pCO2 partial pressure of carbon dioxide, pO2 partial pressure of

oxygen, PT prothrombin time, BUN blood urea nitrogen, Hb hemoglobin, WBC
white blood cell count, PLT platelet count, hsCRP high-sensitivity C-reactive pro-
tein, FIO2 fraction of inspired oxygen, GCS glasgow coma scale, BT body tem-
perature, RR respiratory rate, SpO2 oxygen saturation, DBP diastolic blood pressure,
SBP systolic blood pressure, PCA principal component analysis, SHAP Shapley
additive explanations.

https://doi.org/10.1038/s41746-024-01335-x Article

npj Digital Medicine |           (2024) 7:325 7

www.nature.com/npjdigitalmed


feasibility trial will be considered to validate our model’s safety and effec-
tiveness in a controlled clinical setting comprehensively.

Our external validation cohort also raised some issues due to the
sample size and lack of some information. Although we used a different
dataset from an independent hospital, the sample size of the external vali-
dation dataset was relatively small compared to that of the derivation
dataset. Also, three of the 35 state features were unavailable. Furthermore,
the lack of hospitalization times in the external validation cohort prevented
excluding patients who were diagnosed with delirium prior to ICU
admission, complicating the interpretation of our findings as these indivi-
duals may have different baseline risks and treatment responses.

Our study has a few additional limitations. First, the performance of
reinforcement learningmodels is sensitive to the choice of reward function.
Our study’s reward system might face a long-term credit assignment pro-
blem; therefore, incorporating an intermediate reward system based on the
RASS could enable the AID policy to be more responsive and adaptive to
dynamic changes in patient conditions, potentially enhancing our model’s
performance21,45. Second, to address potential confounding, we initially
identified all variables available in both datasets and selected six potential
confounders based on the previous studies with clinical expertise and bio-
logical plausibility. Despite these efforts, the presence of unobservable
confounders might still introduce bias into our OPE results. Therefore,
future research will need to employ advanced causal inference methods,
including target trial emulation, to discern causal relationships more
accurately. Third, our feature importance analysis using the SHAPmethod,
derived from a LightGBMmodel trained to mimic the AID and clinicians’
policies is an indirect approach. This methodmay not fully capture the true
feature importance of the original policies and should be interpreted as an
approximation rather than a direct representation of the model’s feature
importance. Future work could explore novel interpretability techniques
directly to reinforcement learning models for more accurate feature
importance estimation.

In conclusion, we developed and validated a reinforcement learning
model to optimize the dose of dexmedetomidine for the prevention of
delirium in ICU settings. Although our finding suggests that our model has
the potential to support clinicians in sequential decision-making regarding
drugdosing, the effective sample sizewas eight patientswhich indicates high
uncertainty of our model’s validation. Therefore, further OPEs with larger
samples are required to achieve a sufficient effective sample size and
demonstrate the model’s benefits over clinicians’ policies before advancing
to prospective studies.

Methods
Study design and databases
All data formodel developmentwere retrieved from the prospective registry
of critically ill patients at the SeoulNationalUniversityHospital (SNUH) via
clinical data warehouse (Supreme 2.0, Seoul, Republic of Korea), approved
by its Institutional Review Board (IRB) (approval number: 2107-258-1246).
The IRB also approved the retrospective analysis of this data (approval
number: 2308-002-1453), with awaiver forwritten informed consent due to
the study’s retrospective design and data anonymity.

For external validation, the Salzburg Intensive Care database (SICdb),
which contains over 27 thousand admissions from fourdifferent ICUs at the
University Hospital Salzburg, was used46. The SICdb offers both aggregated
once-per-hour and highly granular once-per-minute data, including dei-
dentified patient demographics, vital signs, laboratory tests, andmedication
information. The approval was obtained for 3rd party re-use of SICdb data
for research from its steering group, and the research was conducted
according to the data use agreement.

Patient cohorts
Data fromall patients admitted inmedical or surgical ICUsbetween January
2008 andMarch2023 fromthederivation cohort (SNUH)were collected for
model development and internal validation. Patients from the external
validation cohort between 2013 and 2021 were included. Among both

cohorts, those who received dexmedetomidine and had a target RASS
between –2 and 0 were eligible, as our reinforcement learning model was
designed to maintain light sedation within this range. Because dexmede-
tomidine is not appropriate forpatients requiringdeep sedation47, thosewho
initially required prolonged deep sedation, defined as RASS values of−4 or
−5, or propofol ≥30mcg/kg/min for more than 24 consecutive hours, were
not considered eligible.

Exclusion criteria
Patients with the following characteristics were excluded:

In both cohorts:
• Age <18 years old at the time of ICU admission
• Length of ICU stay <1 or > 30 days
• Use of extracorporeal membrane oxygenation

In the derivation cohort:
• Diagnosis of delirium after hospitalization but before ICU admission.

In the external validation cohort, hospitalization times were unavail-
able, thus precluding the exclusion of patients diagnosedwithdeliriumpost-
hospitalization but prior to ICU admission.

Data extraction and preprocessing
In the derivation cohort,we obtained 49 items related to demographics, vital
signs, ventilator-related variables, laboratory tests, pain severity scores, GCS
andRASS scores, ConfusionAssessmentMethod in the IntensiveCareUnit
(CAM-ICU), medication administration records, procedure records, clin-
ical progress notes, and medical consultation notes. For the external vali-
dation cohort, 40 items were obtained; however, pain severity scores,
sedation and consciousness assessments, clinical notes, and certain
laboratory data were not available. A comprehensive list of the collected
items is provided in Supplementary Table 1.

The GCS scores for eye opening, verbal response, andmotor response
were summed and used as a single score. In cases where one of the three
indicatorswasmissing, a conversion tablewasused to estimate and sum the
scores48. The presence of pain was determined if either the numeric pain
rating scale or the critical care non-verbal pain scale were greater than zero.
Dexmedetomidine was collected as a numerical value, and all other med-
ication information was collected in binary form. The dexmedetomidine
doses were segmented into 15 uniform intervals, each increasing by
0.1 mcg/kg/h, spanning from 0 to 1.5 mcg/kg/h. This segmentation aligns
with the standard clinical increments for dexmedetomidine administra-
tion, where doses are typically adjusted by 0.1 mcg/kg/h16. Remifentanil
and sufentanil were combined into a single binary representation because
of their similar effects49,50. For thenumerical features, outlierswere removed
based on the upper and lower limits of physiological plausibility, as
described in a previous study51, and listed in Supplementary Table 2.

Each admission datawas represented as amultidimensional discrete
time series with 6-h timesteps. When multiple measurements were
present within a 6-h timestep, the median value was calculated. For
timesteps lacking data, we initially imputed missing values using time-
weighted average interpolation to leverage the temporal dynamics of our
datasets. However, this method was not applicable when timesteps at the
beginning or end of admissions lacked adjacent data points. In these
instances, the remainingmissing values were imputed usingmultivariate
imputation, which utilizes available data from other variables. The rates
of missingness for each variable among 6-h timesteps, and the mean and
median measurement intervals for each variable are presented in Sup-
plementary Tables 3 and 4, respectively. The follow-up period for each
patient trajectory was defined as the time from initial dexmedetomidine
administration to the time of ICU discharge or the time of starting
prolonged deep sedation.

Definition of delirium
The definition of delirium includes any of the following criteria being
satisfied52: (1) positiveCAM-ICUfindings, (2) diagnosismadebyphysicians
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from the department of psychiatry, (3) administration of antipsychotics to
treat delirium, and (4) clinical suspicion by the attending physician. CAM-
ICU findings were obtained from the clinical data warehouse of SNUH.
CAM-ICUwas performedby trained bedside registered nurses once per 8 h
nurse shift and has been shown to have reasonable inter-rater reliability,
sensitivity, and specificity53. The second, third, and fourth criteria were
identified from the medical consultant notes, medication administration
records, and clinical progress notes, respectively. Two intensivists inde-
pendently conducted the reviews. However, because only medication
administration records could be obtained from the SICdb, only the third
criterion was applied. For the third criterion, antipsychotics for delirium
primarily included quetiapine and haloperidol in both datasets. Owing to
the different use of antipsychotics between the two datasets that clonidine is
also commonly used for delirium inEuropean countries, and itwas added to
the third criterion54,55. After identifying all occurrences of delirium, we
defined the onset of delirium as the initial occurrence of deliriumduring the
ICU stay. Patients diagnosed with delirium after hospitalization but before
ICU admission, were not considered to have delirium onset.

Feature importance
The feature importance was determined using the SHAPmethod, which is
based on game theory and provides importance scores for each feature56.
Shapley values indicate a quantitative association between a feature and a
givenmodel output, with high Shapley values indicating an associationwith
a high model output, and vice versa. This method has been used in medical
research to visualize complex relationships captured by machine learning.
Specifically, we utilized the LightGBM57, a gradient boosting framework that
uses tree-based learning algorithms, to develop two separate prediction
models: one predicting the clinicians’ actions and another for the AID
actions based on state features. Each model was trained with the respective
actions as the target variable to assess how various state features influenced
the decision-making process. Subsequently, SHAP plots were generated
from these trained models to visualize the feature importance. Therefore,
this method was used in our study to determine how each variable in the
state space contributed to our policy.

We also performed a subgroup SHAP analysis, stratified by the
matching between AID and clinicians’ policy and the occurrence of delir-
ium, resulting in four distinct subgroups: (1) policy-matched cases without
delirium, (2) policy-unmatched cases with delirium, (3) policy-unmatched
cases without delirium, and (4) policy-matched cases with delirium. For
each subgroup,we trained separate LightGBMmodels and generated SHAP
plots to compare feature importance across different scenarios.

To understand the combination of feature importance in dosage
decision-making, we employed a PCA-based SHAP analysis approach.
Specifically, we first conducted PCA on the state features and extracted the
principal component sets that explain 90%of the cumulative variance of the
data. We then performed SHAP analysis on these principal components.
Finally, we converted back the important principal components ranked by
their mean absolute SHAP values, and examined the feature loadings of
these principal components to identify the contributions of feature
combinations.

Building the computational model
This study used a reinforcement learning algorithm after formulating the
problem of treatment decision-making on the patient trajectory as aMarkov
decision process (MDP). The MDP comprises states, actions, rewards, and
discount factors. The state and action are a set of all possible patient condi-
tions and the finite set of possible actions that can be taken from a given state,
and in our study, it represents the administered dose of dexmedetomidine.

The reward was formulated based on the primary aim of our model,
which was to determine the optimal policy for preventing delirium. Speci-
fically, we assign a penalty of −1 if delirium occurs during any given time
points, a rewardof 1 at the terminal state if nodeliriumoccurred throughout
the ICU stay, and 0 for all other time points. We designed our model to
maximize the cumulative reward. The discount factor (γ) defines howmuch

importance is given to future rewards compared to the reward in the current
state. We set γ to 0.99, emphasizing the importance of future rewards to
ensure consistentmanagement of delirium risks both immediately and long
after the initial administration of dexmedetomidine.

The derivation cohort was divided into 5 folds for cross-validation. In
each fold, the data were split by patient-level into training (70%), validation
(10%), and test (20%) sets. Within each of the 5 cross-validation loops, the
individual test set (that is, the spatially separated partition) remained
untouched throughout model development and the validation set was used
to validate the fitting progress and checkpoint selection58,59. The checkpoint
yielding the highest 95% lower bound of estimated performance return on
the validation set was selected as the final checkpoint for each model.
Subsequently, we obtained the selected models’ suggested actions on the
individual test sets and aggregated them for downstream analysis. Finally,
we trained our model on the entire derivation cohort and applied the final
model to the external validation cohort.

Estimation of the AID policy
Among reinforcement learning algorithms, offline reinforcement learning
methods using a fixed dataset of trajectories with no environmental inter-
actions have been used in the medical field. This method can optimize
policies using retrospectively collected datasets, including clinicians’
decision-making regarding the dynamic conditions of patients in real-world
settings. CQL60, anoffline reinforcement learningmethod that learns a value
function to estimate the performance of a policy while addressing the dis-
tributional shift between the dataset and the learned policy. CQL differs
from standard Q-learning by mitigating the potential overestimation of
unseen actions that can occur in offline settings due to the lack of interaction
between the learned policy and the environment. CQL adds a regularizer to
the loss function that explicitly minimizes the expected Q-values over
actions that lie outside the training distribution, thereby reducing over-
optimistic value estimations and improving the stability and reliability of
policy evaluation in offline settings. This makes CQL more suitable for
offline reinforcement learning in clinical settings, yielding good perfor-
mance in solving some clinical problems such as mechanical ventilation
control and drug dosing61,62. The training process for learning the optimal
policy using CQL is described in the following sections.

Our model was trained using the CQL algorithm, optimizing a loss
function that ensures that the state-action values under the current policy
remain conservative, thereby preventing overestimation while integrating
standard temporal difference learning from the Double DeepQ-Network63.
The Double Deep Q-Network architecture uses two separate neural net-
works to decouple action selection from value estimation, promoting more
stable and accurate learning of Q-values. The loss function we adopted is as
follows:

L θð Þ ¼ Est�D log
X

a

expQ st ; a
� ��Ea�D Q st ; a

� �� �
" #

þ LDoubleDQN ðθÞ

ð1Þ

LDoubleDQN θð Þ ¼ Est ;at ;rtþ1 ;stþ1�D rtþ1 þ γQθ0 stþ1; argmaxaQθ stþ1; a
� �� �� Qθ st ; at

� �� �2h i

ð2Þ

This loss function (Eq. 1) encapsulates the log-sum-exp ofQ-values for
regularization, maintaining adherence to the behavior policy’s distribution;
the expectedQ-value, ensuring that actions from the dataset are realistically
valued; and the Double Deep Q-Network loss (Eq. 2), which assists in
learning a stable and accurate Q-value function by utilizing two separate
neural networks to decouple action selection fromvalue estimation. InEq. 2,
when st is the terminate state, the Q-valueQθ st ; at

� �
is updated using only

the intermediate reward rtþ1, since there is no next state to estimate a
value for.
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To estimate the state-action values, a three-layermultilayer perceptron
with 256 hidden dimensions was used. The model was trained using
backpropagation of errors with a batch size of 4096 for 2000 epochs using
theAdamoptimizer at a learning rate of 6.25e-05. All the learning processes
were conducted on an NVIDIA V100 GPU.

Evaluation of AID and clinicians’ policy
To provide a comprehensive and unbiased assessment of the AID policy’s
performance, we employed both FQEandWISmethods forOPE. FQE64 is a
model-based approach that estimates the Q-function of the target policy
using historical data65. WIS66 is a model-free OPE technique that estimates
the value of a policy by weighting the importance of each sample based on
the ratio of the evaluated policy to the behavior policy. For the WIS esti-
mates, we developedmultinomial logistic regressionmodels to approximate
the clinicians’ policy and softened the AID policy by assigning a high
probability (0.99) to the recommended action and distributing a total
probability of 0.01 among the remaining actions67. To enhance the
robustness of our WIS estimates within the causal framework68,69, we
incorporated potential confounders into the propensity model based on
previous clinical studies, including age70–73, sex74–77, body mass index78–80,
continuous renal replacement therapy70,81–84, mechanical ventilation10,85,86,
and shock38,87–90. We also report the effective sample size, as it can sig-
nificantly impact the reliability of the model evaluation17. To estimate the
effective sample size, we used themethods proposed in previous studies91,92.

To estimate the CI of the performance return for each policy, we
employed a bootstrapping method with the FQE and WIS algorithms93,94.
For a conservative comparison, we compared the 95% lower bound of the
AID performance return with the 95% upper bound of the clinicians’
returns, as in previous studies18,45. Additionally, we estimated the FQE and
WIS values of a random policy for comparison.

Statistical analysis
Python 3.8.0 (Python Software Foundation, Wilmington, DE, USA) was
used for signal preprocessing, model development and validation, statistical
testing, and visualization. The Python library “d3rlpy” was used for rein-
forcement learningmodel development and validation. For the comparison
of dexmedetomidine doses between different patient groups under both the
clinicians’ and AID policies, the Mann–Whitney U test was utilized. This
test specifically assessed whether the distributions of doses for patients who
developed delirium differed significantly from those who did not, under
each policy. To categorize cases as ‘policy-matched’ or ‘policy-unmatched’
for subgroup analysis, we calculated the per-case mean of absolute dosing
differences across all timepoints between clinicians’ and AID policies. We
then classified cases based on whether their mean values fell below or above
the overall first quantile of these differences. For the statistical analysis of
patient characteristics, categorical variables were analyzed by proportional
differences using the chi-square test or Fisher’s exact test. The t-test and
Wilcoxon rank-sum test were used to compare the continuous and ordinal
variables, respectively. Pearson correlation coefficients were calculated to
identify the associations among state variables. All statistics for continuous
variables are reported as either point estimates and 95%CIs or interquartile
ranges. By contrast, statistics for categorical variables are reported as counts
(frequencies) or proportions. A P < 0.05 was considered statistically
significant.

Data availability
The data supporting this study’s findings are available from the corre-
sponding author upon reasonable request.

Code availability
The code used in this study can be accessed at https://github.com/
SoominChung/AID.
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