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TRAPOD+X
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rationale for any classification and how the thresholds were identified

Section/Topic Item l/)eve}opn'lenf Checklist item Reported
TITLE GRS
Title | 1 | DE Identify the study as developing or evaluating the performance of a multivariable prediction model, the 1
> target population, and the outcome to be predicted
ABSTRACT
Abstract [ 2 | D;E | See TRIPOD-+AI for Abstracts checklist | 3-4
INTRODUCTION
Background 3a DE Explain the healthcare context (including whether diagnostic or prognostic) and rationale for developing 6
> or evaluating the prediction model, including refe to existing models
b DE Describe the target population and the intended purpose of the prediction model in the context of the 6
; care pathway, including its intended users (e.g. healthcare professionals, patients, public)
3c D;E Describe any known health inequalities between sociodemographic groups NA
Objectives 4 DE Specify the study objectives, including whether the study describes the development or validation of a 6
> prediction model (or both)
METHODS
Data Describe the sources of data separately for the development and evaluation datasets (e.g., randomised
Sa D;E trial, cohort, routine care or registry data), the rationale for using these data, and representativeness of 7
the data
b DE Specify the dates of the collected participant data, including start and end of participant accrual; and, if 7
’ applicable, end of follow-up
Participants ' Specify key elements of the study setting (e.g., primary care, secondary care, general population)
6a D;E : ? . 7
including the number and location of centres
6b D;E Describe the eligibility criteria for study participants 7, Methods S1
6c DE Give details of any treatments received, and how they were handled during model development or 7-8,
’ evaluation, if relevant Methods S2
Data preparation 7 DE Describe any data pre-processing and quality checking, including whether this was similar across 7-8,
> relevant sociodemographic groups Methods S2
Outcome Clearly define the outcome that is being predicted and the time horizon, including how and when 89
8a D;E assessed, the rationale for choosing this outcome, and whether the method of outcome assessment is Methods S2
consistent across sociodemographic groups
8b DE If outcome assessment requires subjective interpretation, describe the qualifications and demographic
’ characteristics of the outcome assessors NA
8c D:E Report any actions to blind of the outcome to be predicted NA
Predictors 9a D Describe the ({hoice of in?tial predictors (e.g., liFerz}mre, previous models, all available predictors) and 8, Methods S2
any pre-selection of predictors before model building
9% DE Clearly define all p}'edictors, including how and when thfay were measured (and any actions to blind 8, Methods S2
of predictors for the outcome and other predictors)
9% DE If predictor measurement requires subjective interpretation, describe the qualifications and demographic NA
> characteristics of the predictor assessors
Sample size Explain how the study size was arrived at (separately for development and evaluation), and justify that
10 D;E the study size was sufficient to answer the research question. Include details of any sample size NA
calculation
Missing data 11 D;E Describe how missing data were handled. Provide reasons for omitting any data 7-8, Methods S1-52
Analytical methods 12 Describe how the data were used (e.g., for development and evaluation of model performance) in the 7-9,
a analysis, including whether the data were partitioned, considering any sample size requirements Methods S2-S6
12b D Depel}ding on the type of model, describe'hm‘sv predictors were handled in the analyses (functional form, 8, Methods S2
rescaling, transformation, or any standardisation).
Specify the type of model, rationale?, all model-building steps, including any hyperparameter tuning, 8,
12¢ p and method for internal validati Methods $2-S5
Describe if and how any heterogeneity in estimates of model parameter values and model performance
12d D;E was handled and quantified across clusters (e.g., hospitals, countries). See TRIPOD-Cluster for 7-12
additional considerations’
12¢ DE Specify all measures and plots used (and their rationale) to evaluate model performance (e.g., 012
’ discrimination, calibration, clinical utility) and, if relevant, to compare multiple models
128 E Describe any model updating (e.g., recalibration) arising from the model evaluation, either overall or for NA
particular sociodemographic groups or settings
12 E For model evaluation, describe how the model predictions were calculated (e.g., formula, code, object, 8,
g application programming interface) Methods S2, S5
Class imbalance 13 DE If class imbalance methods were used, state why and how this was done, and any subsequent methods to NA
> recalibrate the model or the model predictions
Fairness 14 D:E Describe any approaches that were used to address model fairness and their rationale NA
Model output Specify the output of the prediction model (e.g., probabilities, classification). Provide details and 8,
15 D Methods $2, 4-55)

! D=items relevant only to the development of a prediction model; E=items relating solely to the evaluation of a prediction model; D;E=items applicable
to both the development and evaluation of a prediction model

2 Separately for all model building approaches.
* TRIPOD-Cluster is a checklist of reporting recommendations for studies developing or validating models that explicitly account for clustering or explore
heterogeneity in model performance (eg, at different hospitals or centres). Debray et al, BMJ 2023; 380: €071018 [DOI: 10.1136/bmj-2022-071018]

Page 1of 2



TRAPOD+X
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Training versus 16 DE Identify any differences between the development and evaluation data in healthcare setting, eligibility 67
evaluati ’ criteria, outcome, and predictors
Ethical approval . Name the institutional research board or ethics committee that approved the study and describe the
17 D:E ne the 1 ! 0 ! I 6
participant-informed consent or the ethics committee waiver of informed consent
OPEN SCIENCE
Funding 18a D;E Give the source of funding and the role of the funders for the present study 14
f’;:;:{g Sc:‘y of 18b D;E Declare any conflicts of interest and financial disclosures for all authors NA
Protocol 18¢ D;E Indicate where the study protocol can be accessed or state that a protocol was not prepared NA
Registration 18d DE Provide registration information for the study, including register name and registration number, or state NA
’ that the study was not registered
Data sharing 18¢ D;E Provide details of the availability of the study data 6,14
Code sharing 18f D;E Provide details of the availability of the analytical code* NA
PATIENT & PUBLIC INVOLVEMENT
Patient & Public 19 D:E Provide details of any patient and public involvement during the design, conduct, reporting, NA
Involvement > interpretation, or dissemination of the study or state no involvement.
RESULTS
Participants 20a DE Describe the flow of participants through the study, including the number of participants with and s
’ without the ome and, if applicable, a y of the follow-up time. A diagram may be helpful.
Report the characteristics overall and, where applicable, for each data source or setting, including the
20b DE key dates, key predictors (including demographics), treatments received, sample size, number of 8
’ outcome events, follow-up time, and amount of missing data. A table may be helpful. Report any
differences across key demographic groups.
20 For model evaluation, show a comparison with the development data of the distribution of important
c E . . . 8
predictors (demographics, predictors, and outcome).
Model development 21 DE Specify the number of participants and outcome events in each analysis (e.g., for model development, s
’ hyperparameter tuning, model evaluation)
Model Provide details of the full prediction model (e.g., formula, code, object, application programming
specification 22 D interface) to allow predictions in new individuals and to enable third-party evaluation and 7
implementation, including any restrictions to access or re-use (e.g., freely available, proprietary)®
Model Report model performance estimates with confidence intervals, including for any key subgroups (e.g.,
performance 23a DE sociodemographic). Consider plots to aid presentation. o1
23b DE If examined, report results of any heterogeneity in model performance across clusters. See TRIPOD
; o 5 10-11
Cluster for additional details”.
Model updating 24 E Report the results from any model updating, including the updated model and subsequent performance NA
DISCUSSION
Interpretation 25 DE Give an overall interpretation of the main results, including issues of fairess in the context of the 112
’ objectives and previous studies
Limitations 26 DE Discuss any limitations of the study (such as a non-representative sample, sample size, overfitting, 1213
’ missing data) and their effects on any biases, statistical uncertainty, and generalizability
Usability of the 27 Describe how poor quality or unavailable input data (e.g., predictor values) should be assessed and
. a D . : . Methods S2, S4
model in the handled when implementing the prediction model
context of current Specify whether users will be required to interact in the handling of the input data or use of the model,
27b D . . 5,12
care and what level of expertise is required of users
Discuss any next steps for future research, with a specific view to applicability and generalizability of
27¢ D:E 13
the model
From: Collins GS, Moons KGM, Dhiman P, et al. BMJ 2024,385:¢078378. doi:10.1136/bmj-2023-078378
* This relates to the analysis code, for example, any data cleaning, feature engineering, model building, evaluation.
° This relates to the code to implement the model to get estimates of risk for a new individual.
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Methods S1. Additional exclusion criteria for validation cohorts

In addition to the derivation-cohort exclusion criteria, patients were excluded from the internal and external
validation cohorts if they had a tracheostomy, received invasive mechanical ventilation for less than 36 hours,
lacked essential information required to define the validation trajectory (e.g., intubation/extubation dates, ICU
admission type, or ventilator mode), or had partially missing trajectory data. Partially missing trajectory data were
defined as missing segments of physiologic or ventilator time-series data totaling at least 25% of the interval from
intubation to extubation. The 36-hour threshold was selected to provide sufficient longitudinal observations for
sequential policy evaluation and patient-level concordance assessment. Because baseline covariates in the primary
concordance analysis were derived from the first 24 hours after intubation, this threshold also ensured at least 12
hours of post-baseline observation for concordance assessment.



Methods S2. VentPilot reinforcement-learning framework

Trajectory construction
For model derivation, patient trajectories were represented on a fixed 1-minute time grid spanning the intubation
period to preserve temporal ordering between patient states and subsequent ventilator adjustments as closely as
possible during learning. For off-policy evaluation in the internal and external validation cohorts, trajectories were
represented on a fixed 15-minute time grid to reflect a more pragmatic deployment setting and to align with the
average update interval of the Mayo Clinic external validation dataset. If ventilation continued beyond 28 days,
trajectories were truncated at day 28 to align with the 28-day outcome window used for ventilator-free days (VFDs).

Time-varying variables listed in Table S1 were aligned to the prespecified time grid to form multivariable
patient trajectories. When multiple measurements were available within a given interval, continuous variables were
summarized using the interval mean. If a ventilator-setting change occurred within the interval, physiologic
measurements were summarized only up to the time of the first setting change to prevent post-adjustment
measurements from being incorporated into the preceding state. Ventilator settings were represented by their current
values rather than interval averages. When no new measurement was recorded within an interval, the most recent
available value was carried forward using a time-limited sample-and-hold approach consistent with prior studies
[1,2]. Values were forward-filled only within prespecified variable-specific windows. For intermittently measured
laboratory variables, the carry-forward window was 24 hours; the elapsed time since the most recent measurement
was also included as a model input to represent measurement recency. Values exceeding the allowed window were
treated as missing. Remaining missing values were retained as not-a-number (NaN) values and handled directly by
the model.

We additionally appended patient-level variables, including age, height, weight, sex, Sequential Organ
Failure Assessment (SOFA) score, and Acute Physiology and Chronic Health Evaluation IT (APACHE II) score, to
each trajectory. For SOFA and APACHE II, the most recent Electronic Health Record (EHR)-recorded value
between ICU admission and intubation was used when available; otherwise, the first value recorded within 24 hours
after intubation was used. When a post-intubation score was used, the score was treated as missing at trajectory
timestamps preceding its recorded time, so that the score was not propagated backward to earlier decision points.
The appended patient-level variables were used both to normalize derived ventilatory measures, such as tidal
volume normalized by ideal body weight, and to provide patient-level clinical context for training the model.

MDP formulation

We formulated ventilator-setting recommendation as an episodic Markov decision process (MDP) defined on
discretized patient trajectories [3]. At a given timestamp t, the patient state s, comprised the time-varying clinical
and ventilator variables listed in Table S1 together with appended patient-level variables. The action a, was defined
as a 6-dimensional vector of changes in ventilator settings between consecutive grid points. Each action dimension
corresponded to the change applied to a ventilator control variable (sFiOz, SPEEP, sPC, sPS, sTV, and sRR), with
only mode-applicable components active at a given time point. Each episode § = (sy, a,, 14, S5, a5, 75, ..., Sp, Qr, T7)
extended from initiation of invasive mechanical ventilation to extubation or day 28, whichever occurred first, where
1, denotes the reward at time t. The objective was to learn a policy 7 that maximized the expected undiscounted

cumulative reward over the trajectory:
T
J =Ern[Y 1]
t=1

Reward definition
The reward was defined as a weighted sum of two components: a VFDs—based component and a preference-based
component derived from intensivist feedback:
T = Wypps * Tvrps T Wopres * Tpref

For a given fixed time grid, let H denote the maximum possible number of timestamps in a trajectory (i.e.,
when the patient remains intubated until the 28-day horizon), and let A = 28/H denote the time interval between
consecutive timestamps in days. The VFDs reward (1, zps) Was defined as a constant per-step negative reward, with
an additional terminal penalty for trajectories ending in death within the 28-day window:

. _ {—(H —t+ 1)A Iftis the terminal timestamp and the patient died within 28 days,
VEDst —A Otherwise.



Note that the cumulative VFDs reward over a realized trajectory, Y.1_, Typpst» where T denotes the realized
trajectory length, is equal to the corresponding patient’s VFDs minus 28.

The preference reward (7, ) was defined as the learned preference model output shifted and scaled by A:

rpref,t = (R\(St' at) - 1)A

where R denotes the learned preference model with output range [0, 1], which was trained on board-certified
intensivist ratings of action appropriateness for a subset of state-action pairs (Methods S3). The factor A was
introduced to align the per-step scale of the preference reward with that of the VFDs reward. We set wy s = 1 and
Wprer = 0.1 as the default.

Model development

VentPilot was developed in three stages. First, we learned an Implicit Q-Learning (IQL)-based critic on the
derivation dataset Dy, = {(S¢, Qr, 7%, Se1)} [4]. Specifically, we estimated a state-value function V;,(s) and a state-
action value function Q4 (s, a) using an implicit backup based on expectile regression:

Ly @) = Espan-nary |15 (Q(sera0) = Vy(s0))]

Ly 0) = E(St,at.r:.5t+1)~Ddry [(Qe (se.ar) — (rt + Vz,b (St+1)))2]

where the expectile loss L} was defined as

Lsw)=|t— 1(u<0)]|-u?
The state-value and state-action value functions were parameterized using an FT-Transformer, a transformer
architecture designed for tabular data [5].

Because both the VFDs-based reward and the preference reward are bounded, the attainable remaining
cumulative reward at timestamp t is also bounded. Let Ryrpg ¢ and R ¢ denote the return-to-go for the VFDs and
preference components, respectively. Then,

Ryppse € [-(H—t+1)4,0]
Ryrerr € [-(H—t+ 1A, 0]
Accordingly, for the overall reward return-to-go Ry = Wy ppg * Rypps + Wprer * Rprey e, the attainable range is
Ry € [—(Wyrps + Wyrep)(H — t + 1A, 0]
We therefore clipped both value estimates onto this attainable range during training:

LY W) = Etai~am |12 (Mo 51 00) = Vy(s0))

| 2
Lgm (0) = Espaprser)~Daro [(Qe (se,a0) — (rt Wy (SHl))) ]

pref,

where
[, (x) = min(O, max(—(wVFDS + Wpref)(H —-t+ 1)A,x))

This time-indexed return-range clipping leverages the bounded 28-day horizon to keep value estimates within
clinically attainable ranges during learning.

Second, we extracted a clinically interpretable deployment policy from the learned value functions by
fitting separate optimal decision trees for each ventilator control variable [6—8]. For policy extraction, we used a
control-specific balanced sampling distribution Dy, ;., obtained by reweighting sampling probabilities in D,., so
that change (a,, # 0) and no-change (a,; = 0) actions were sampled with equal probability, to prevent the more
frequent no-change observations from dominating the tree-fitting objective. The tree policy 7y, for control variable
k was fitted by minimizing a regularized weighted regression objective:

Lege (1) = Ecspaany-tars X0 ((Q0 (50 a0) = Vip(s0))/B) - (g (50) = ai)’] + Al |
where a; j, denotes the logged action for ventilator control variable k and |T[¢ k| denotes the tree size, defined as the
number of branch nodes. Under this objective, logged actions with larger estimated advantage (Qq (s, a;) —

Vi (s¢)) under the learned value functions contributed more strongly to policy fitting [9]. Because the advantage
was computed from the full multidimensional action vector, each control-specific tree was fitted using information
about the joint value of the observed ventilator-setting combination rather than an independently estimated value for
that control variable alone. Hyperparameters for value learning and policy extraction, including 1, 5, and A, were
selected using 5-fold cross-validation on the derivation cohort.



Third, we post-processed the extracted trees to enforce prespecified standard-of-care guardrails (details in
Methods S4) [10-13]. After post-processing, the control-specific trees were combined to define the overall vector-
valued deployment policy 7y, with only mode-applicable components active at each decision point. These steps
yielded the final guideline-compliant deployment policy. This deployment policy was finalized before subsequent
evaluation in the validation cohorts. At deployment, VentPilot directly applied 4 to the current patient state to
generate ventilator-setting recommendations, with set tidal volume recommendations for volume-targeted modes
obtained as described in Methods S5.

Model evaluation

We used off-policy evaluation to estimate the value of the developed policy. Specifically, we used fitted Q-
evaluation (FQE) on the internal and external validation trajectories [14]. For a fixed target policy  and validation
transition set D,,q; = {(S¢, ar, 7, Se41) ], an evaluation critic Qg (s, a) was fit by iterative Bellman regression:

2
L%al(g) = E(spapreses)~Doar [(Qé (spap) — M, (rt + Qp (St+1'ﬂ¢ (St+1)))> l

The estimated policy value was then computed as
N
1 . .
7 _ @ @
](7T¢) = Nzl Qg (Sol y T (so' ))
=

where sél) denotes the initial state of trajectory i and N is the number of validation trajectories. FQE was performed
separately for the overall reward and for each reward component. The estimated overall return was therefore not
constrained to equal the weighted sum of the separately estimated component returns. For the observed clinician
behavior policy, return was estimated as the empirical mean of observed episode returns in the corresponding
validation cohort. Uncertainty was quantified by trajectory-level nonparametric bootstrapping.

As a calibration analysis, we additionally fit the evaluation critic to the observed clinician behavior policy,
using the observed subsequent clinician action in the Bellman target. The resulting overall return estimate was
compared with the empirical mean of observed episode returns.



Methods S3. Intensivist feedback workflow and preference model construction

To incorporate clinician-aligned supervision, we constructed a preference model using feedback from a committee
of three board-certified intensivists at SNUH, each with at least 12 years of clinical experience (Figure S2).
Candidate cases for review were selected using a behavior-cloning (BC) model trained on the derivation cohort.
Specifically, the BC model generated a predicted action for each state, and we identified outlier state-action pairs
where the model’s predicted actions differed substantially from the observed actual action for at least one ventilator
control variable. In total, 1,186 candidate state—action pairs were reviewed by the committee.

Each candidate outlier was first independently reviewed by all committee members, who assigned a
preliminary appropriateness grade on a 4-point scale and recorded a brief rationale. During this stage, reviewers
were not shown one another’s preliminary grades. The grading scale denoted appropriate actions (grade 1),
acceptable but unnecessary actions (grade 2), actions that were suboptimal but not entirely incorrect (grade 3), and
inappropriate actions (grade 4). Reviewers were instructed to assess the action in the context of the
contemporaneous clinical state and ventilator setting trajectory available at that decision point. Reviewers were not
provided with VentPilot recommendations, preference-model outputs, or downstream clinical outcomes during
grading. Of the 1,186 reviewed cases, 354 (29.8%) were excluded as outside the scope of ventilator-setting
assessment, including cases associated with suction procedures, bronchoscopy, sedative administration, or chest
radiography.

Cases with discordant preliminary grades were adjudicated in a consensus meeting. During adjudication,
committee members reviewed the same state-action pair together, discussed the rationale for their initial labels, and
reconciled disagreements through iterative discussion. A final label was assigned only after consensus was reached.
Outliers graded as 3 or 4 after adjudication were treated as non-preferred samples and were separated from the
original candidate set. This review cycle was repeated until all outlier samples had either been excluded as out-of-
scope events or assigned a final adjudicated grade. The remaining 832 cases received final labels and contributed
labeled samples for preference-model development.

For preference model training, the adjudicated grades were mapped to a preference target as follows:
grades 1-2 — 1 and grades 3—4 — 0. This mapping defined a preference signal in which values closer to 1 indicate
more desirable actions and values closer to 0 indicate less desirable actions. We then trained a preference model
using gradient-boosted decision trees (XGBoost) to predict the mapped preference target from state-action features
[15]. Inputs consisted of the state and action variables at the decision timestamp, and the target was the adjudicated
preference target. Hyperparameters of the preference model were selected using 5-fold cross-validation within the
adjudicated labeled dataset. The learned preference model provided the per-step preference reward used during
VentPilot training (e s)-



Methods S4. Standard-of-care guardrails

Despite substantial heterogeneity in real-world ventilator management, several minimal safety requirements are
broadly accepted in clinical practice. We summarized these requirements in Table S2 and treated them as minimum
standard-of-care guardrails for the final deployment policy [10-13].

After extracting the tree-based policy, we post-processed the learned tree structures to enforce these
guardrails. Specifically, we reviewed the learned branches and downstream recommendations against the rule set in
Table S2 and modified local branch conditions and/or terminal recommendations where the reachable
recommendations could violate the guardrails. These edits were designed to be minimal and local, so that
recommendations were brought into compliance while preserving as much of the learned tree structure as possible.

Overall, guardrail-based post-processing affected 26 of 159 terminal leaves (16.4%). In a post hoc
characterization performed after policy finalization, these modifications changed less than 1% of setting
recommendations across evaluation timestamps in either validation cohort (0.36% in the internal cohort and 0.64%
in the external cohort).

10



Methods S5. Set tidal volume prediction for volume-targeted modes

We trained our Al model using data from SNUH, where pressure-targeted ventilation modes are predominantly
used. As a result, it is insufficient to train a model to predict set tidal volumes with this data alone. To enable tidal
volume prediction for the Mayo Clinic external validation data, we applied the sPC model trained from the SNUH
data and converted the sPC recommendations into sTV recommendations using the dynamic lung compliance
formula [16]. The sTV recommendation was calculated by multiplying the sSPC recommendation by the 4-hour
average dynamic lung compliance and rounding the resulting value to the nearest 10 mL.

11



Methods S6. Agreement score and inverse probability-weighted outcome analyses

Agreement score and Al-similar group definition

Agreement between observed ventilator settings and VentPilot recommendations was assessed at chart-update time
points, defined as timestamps when at least one time-varying variable in Table S1 received a newly recorded EHR
value. We used these event-triggered time points to focus the agreement analysis on moments when clinicians were
more likely to reassess ventilator settings.

For each control variable i (sFiO2, sPEEP, sPC/sPS for pressure-targeted modes, sTV for volume-targeted
modes, and sRR), we computed the discrepancy between the action recommended by VentPilot and the actual
observed action at a chart-update timestamp ¢t as: A;, = alf'""¢"*? — gJ¢commended Discrepancies were
standardized using a variable-specific scaling factor s; defined as the standard deviation of A; ; estimated from the
derivation cohort. For each patient and control variable, we then computed a standardized root mean square
deviation over time:

1 B 2
RMSD; = |= Zt-l(Ai't/si)

where B denotes the number of chart-update timestamps for that patient. When a control variable was not applicable
for a given timestamp (e.g., tidal volume in pressure-targeted modes), it was excluded from the RMSD calculation
for that timestamp.

The patient-level discrepancy score was defined as the mean of RMSD; across the set of applicable control

variables: D = % & | RMSD;, where lower values indicate higher agreement. In the primary analysis, concordance

was assessed using all eligible chart-update timestamps from 24 hours after intubation until extubation or day 28,
whichever occurred first. Patient-level baseline covariates used for propensity-score estimation were derived from
data collected during the first 24 hours after intubation. Patients whose discrepancy scores ranked in the lowest 50%
within each validation cohort were classified as Al-similar, and all others were classified as Al-dissimilar.

As sensitivity analyses, we (i) recalculated concordance on the fixed 15-minute validation grid rather than
at chart-update timestamps; (ii) performed a fixed early-window analysis in which baseline covariates were
recalculated using data from 0—12 hours after intubation and concordance was assessed using eligible chart-update
timestamps during the subsequent 12-36-hour period; and (iii) evaluated stricter discrepancy-score thresholds by
comparing the lowest 40% with the highest 40% and the lowest 30% with the highest 30% within each validation
cohort, excluding intermediate patients from the threshold-based analyses. In the Mayo Clinic cohort, we
additionally recalculated concordance using only pressure-targeted ventilation periods, thereby excluding converted
sTV recommendations from the agreement score.

The fixed early-window analysis was designed to mitigate potential time-varying confounding by
restricting concordance assessment to an early prespecified period. Because validation eligibility required at least 36
hours of invasive mechanical ventilation, all patients included in the fixed early-window analysis contributed the
same 24-hour concordance-assessment window. For this analysis, concordance scores, Al-similarity classifications,
propensity scores, and stabilized inverse probability weights were recalculated; all other analytic specifications were
unchanged from the primary analysis.

Inverse probability weighting

Propensity scores were used to estimate the probability of Al-similarity based on baseline covariates that could
confound the agreement—outcome association [17]. Propensity scores were estimated using multivariable logistic
regression including prespecified baseline covariates: ICU admission type, age, sex, body mass index, P/F ratio,
SOFA score, APACHE II score, primary diagnosis category, major comorbidities, and additional baseline
respiratory mechanics measures (full variable list in Table S4). Stabilized inverse probability weights targeting the
average treatment effect (ATE) were computed as: sw; = P(4A = 1)/e; for Al-similar patients and sw; =
P(A=0)/(1—¢;) for Al-dissimilar patients, where e; is the propensity score and A indicates Al-similarity.
Covariate balance was assessed using standardized mean differences (SMDs) before and after weighting; SMD <0.1
was considered indicative of adequate balance [18]. To reduce the influence of extreme weights, inverse probability
weights were truncated at the 99th percentile [19].

Considered patient outcomes
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For this analysis, the primary outcome was ventilator-free days within 28 days, defined as days alive and free from
invasive mechanical ventilation during the first 28 days after intubation; patients who died within this period were
assigned zero ventilator-free days [20]. Secondary outcomes included 28-day mortality, ICU mortality, in-hospital
mortality, ICU and hospital length of stay, and duration of mechanical ventilation among ICU survivors. For
continuous outcomes, P values were obtained using survey-weighted Wilcoxon rank-sum tests, and weighted mean
or median differences, as appropriate, were reported. For binary outcomes, P values were obtained using survey-
weighted chi-square tests, and absolute risk differences were reported. Percentile 95% confidence intervals (CIs) for
these differences were estimated using 1,000 nonparametric bootstrap samples. Within each bootstrap sample, the
propensity-score model was refitted, stabilized inverse probability weights were recalculated and truncated at the
99th percentile, and the weighted outcome difference was re-estimated.
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Methods S7. Ventilator setting comparisons across physiologic strata

To descriptively compare VentPilot recommendations with observed settings across prespecified physiologic strata,
we evaluated eligible timestamps in the validation cohorts. We defined the following strata: SpO2 <92%, SpO2
>98%, P/F ratio <100 mmHg, P/F ratio >300 mmHg, pH <7.3, pH >7.45, TV/IBW <4 mL/kg, and TV/IBW >8
mL/kg. At each eligible timestamp, we paired the contemporaneous observed setting with the corresponding
VentPilot recommendation for each control variable. For each stratum and control variable, we plotted the empirical
distributions of observed and VentPilot-recommended settings and summarized the difference using the mean
difference and Cohen’s d, calculated using the pooled standard deviation. Because sPC and sPS apply only to
pressure-targeted modes and sTV to volume-targeted modes, the number of eligible decision points varied across
panels.
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Methods S8. Condition-based comparison of recommendation and setting-adjustment
frequency and timing

To compare the frequency and timing of VentPilot recommendations with observed clinician ventilator-setting
adjustments, we performed a condition-based analysis in the internal and external validation cohorts. The
physiologic conditions and corresponding ventilator-setting response directions are listed in Table S3.

For each patient and condition type, a condition episode was defined as a contiguous period during which
the corresponding physiologic condition persisted for at least 5 minutes. For each episode, we identified the first
VentPilot recommendation in the condition-specific direction and the first observed clinician adjustment of the
relevant ventilator setting in the same direction. Recommendation frequency was defined as the proportion of
episodes with a VentPilot recommendation in the condition-specific direction, and setting-adjustment frequency as
the proportion with a clinician adjustment of the relevant ventilator setting in the same direction.

Time to recommendation was defined as the elapsed time from condition onset to the first VentPilot
recommendation in the condition-specific direction. Time to setting adjustment was defined analogously using the
first observed clinician adjustment in the same direction. Timing comparisons were restricted to episodes in which
both events occurred. Frequencies are reported as number (%), and times are summarized as median (IQR) in hours.
The time difference was defined as time to recommendation minus time to setting adjustment. Two-sided McNemar
tests were used to compare event frequencies, and two-sided Wilcoxon signed-rank tests were used to compare
paired times.
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Methods S9. Temporal consistency analyses

To assess temporal consistency, we quantified variation in the frequency of setting-change events according to time
of day (6-hour bins) and day of week in the SNUH cohort. Clinician events were defined as timestamps with any
observed adjustments in ventilator control variables, and VentPilot events were defined as timestamps with any
recommended change in at least one control variable. Observed counts were expressed as a percentage of the
expected count under a uniform-in-time assumption (100% indicates no temporal variation). Confidence intervals
were computed using Wilson score intervals for the proportion of events falling in each bin and transformed to the
observed/expected scale, and two-sided binomial tests assessed deviation from uniformity. These analyses were
performed only in the SNUH cohort because timestamps in the Mayo Clinic dataset were randomly shifted for de-
identification.
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Methods S10. Rule-based comparator analyses

As a comparator analysis against an existing rule-based automated ventilation strategy, we performed comparator
analyses against adaptive support ventilation (ASV) in the Mayo Clinic external validation cohort [21]. For off-
policy evaluation, we identified patients with ASV exposure during the intubation period, defined as ASV use for at
least 25% of the invasive mechanical ventilation period, and compared the VentPilot policy return with the empirical
clinician behavior policy return within this subgroup using the same fitted Q-evaluation framework as in the primary
analysis. For inverse probability—weighted analyses, patients with ASV exposure were compared with patients
managed without ASV whose observed care was classified as Al-similar using the same agreement-score framework
as in the primary analysis. Patients with ASV use for more than 0% but less than 25% of the invasive mechanical
ventilation period were not included in this comparator analysis. Propensity score estimation, weight construction
and truncation, covariate balance assessment, and outcome definitions followed the primary inverse probability—
weighted analysis.
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Table S1. Time-varying variables used in patient trajectories

Name Abbreviation Unit
Saturation of peripheral oxygen SpO2 %
Mean blood pressure MBP mmHg
Heart rate HR bpm
Potential of hydrogen in arterial blood pH -
Partial pressure of oxygen in arterial blood PaO2 mmHg
Partial pressure of carbon dioxide in arterial blood PaCO2 mmHg
Saturation of oxygen in arterial blood Sa0z %
Bicarbonate in arterial blood HCOs mmol/L
Lactic acid lactate mmol/L
Peak inspiratory pressure PIP cmH20
Tidal volume Vr mL
Minute ventilation MV L/min
Fraction of inspired oxygen FiO2 %
Positive end-expiratory pressure PEEP cmH20
Respiratory rate RR /min
End-tidal COz EtCOz mmHg
Airway occlusion pressure (drop in Paw during the first PO.1 cmH20
100ms of inspiratory effort)

Set fraction of inspired oxygen sFiO2 %

Set positive end-expiratory pressure sPEEP cmH>0
Set pressure control above PEEP sPC cmH>0
Set pressure support above PEEP sPS cmH>0
Set respiratory rate sRR /min
Set tidal volume sTV mL
Inspiration: expiration time ratio LI:E ratio -
Spontaneous inspiration time Tinsp sec
Inspiratory cycle off Cycleoff %
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Inspiratory rise time

Tinsp.rise

% or sec

Trigger sensitivity (flow, pressure)

Sensitivity

L/min or cmH>O

Ventilator mode
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Table S2. Standard-of-care guardrails incorporated into VentPilot

Guideline Affected control variables
Maintain PaO2 between 55 and 110 mmHg [10] sFiO2
Maintain tidal volume between 4 and 8 mL/kg of ideal body weight [11-13] | sPC, sTV

Maintain plateau pressure below 30 cmH20 [11,13]

sPEEP, sPC, sTV
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Table S3. Physiologic conditions and ventilator-setting directions used in the condition-
based analysis

Control variable | Response direction Physiologic condition
sFiO2 Increase SpO2 <92% OR Pa0. < 60mmHg [11]
sFiO2 Decrease SpO:2 > 96% AND PaO: > 120mmHg
sPEEP Increase SpO2 <92% AND P/F ratio < 200mmHg AND Low PEEP?*[24]
sPEEP Decrease SpO2>96% AND P/F ratio > 200mmHg AND High PEEP*[24]
sPC, sTV Increase pH <7.3 AND TV/IBW < 6mL/kg [11,24]
sPC, sTV Decrease pH >7.45 AND TV/IBW > 6mL/kg [11,24]
sRR Increase pH < 7.3 AND sRR < 30/min [24]
sRR Decrease pH > 7.45 AND sRR > 12/min [24]
sPS Increase TV/IBW < 6mL/kg AND RR > 25/min [11]
sPS Decrease TV/IBW > 6mL/kg AND RR < 17/min [25]

Abbreviation: TV/IBW, tidal volume / ideal body weight.

% Low PEEP and High PEEP were defined based on the ARDSNet low-PEEP and high-PEEP FiO>—PEEP tables [24]. “Low PEEP” indicates that
the observed set PEEP was at or below the table-recommended PEEP for a given FiO: (using the low-PEEP table), whereas “High PEEP”
indicates that the observed set PEEP was at or above the table-recommended PEEP for the FiO: (using the high-PEEP table).
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Table S4. Extended baseline clinical characteristics of derivation and validation cohorts

Derivation Internal validation Mayo Cl_inic.
Variable cohort cohort external validation O:ferall
(n = 3002) (n=283) cghort (n =4296)
(n=1011)

Type of ICU admission

Medical 452 (15.1) 135 (47.7) 600 (59.3) 1187 (27.6)

Surgical 2550 (84.9) 148 (52.3) 411 (40.7) 3109 (72.4)
Age,y 59.9+15.8 67.2+14.2 63.2+15.1 61.2+15.7
Sex

Male 1654 (55.1) 177 (62.5) 566 (56.0) 2397 (55.8)

Female 1348 (44.9) 106 (37.5) 445 (44.0) 1899 (44.2)
Body mass index, kg/m? 23.8+4.3 229443 30.4+7.7 253+6.0
Primary diagnosis

Cardiovascular 554 (18.5) 21(7.4) 220 (21.8) 795 (18.5)

Gastrointestinal 105 (3.5) 17 (6.0) 76 (7.5) 198 (4.6)

Hepatobiliary 123 (4.1) 13 (4.6) 50 (4.9) 186 (4.3)

Neoplastic 1552 (51.7) 97 (34.3) 24 (2.4) 1673 (38.9)

Neurologic 140 (4.7) 45 (15.9) 90 (8.9) 275 (6.4)

Renal 14 (0.5) 8(2.8) 29 (2.9) 51(1.2)

Respiratory 85 (2.8) 14 (4.9) 131 (13.0) 230 (5.4)

Sepsis, including pneumonia 96 (3.2) 28(9.9) 149 (14.7) 273 (6.3)

Other 333 (11.1) 40 (14.1) 242 (23.9) 615 (14.3)
Comorbidities

Cardiovascular disease 745 (24.8) 108 (38.2) 725 (71.7) 1578 (36.7)

Diabetes 487 (16.2) 79 (27.9) 346 (34.2) 912 (21.2)

COPD 129 (4.3) 28 (9.9) 245 (24.2) 402 (9.4)

Other chronic lung disease® 288 (9.6) 69 (24.4) 182 (18.0) 539 (12.5)

Chronic kidney disease 164 (5.5) 30 (10.6) 361 (35.7) 555 (12.9)

Malignancy 2039 (67.9) 185 (65.4) 280 (27.7) 2504 (58.3)
P/F ratio, mmHg 383 (276-488) 268 (196-387) 247 (175-332) 328 (221-440)
SOFA score 8 (6-12) 12 (9-15) 10 (8-12) 10 (7-12)
APACHE II score 25 (21-29) 31 (26-35) 25 (22-28) 25 (22-29)
Oxygenation Index 1.6 (1.2-2.7) 3.0 (1.7-4.6) 3.8 (2.5-5.8) 2.3(1.4-4.1)

22




Ventilatory ratio® 1.2 (1.0-1.4) 1.3 (1.1-1.5) 1.2 (1.0-1.5) 1.2 (1.0-1.5)
Driving pressure, cmH20 9 (7-11) 12 (10-15) 14 (10-17) 10 (8-13)

Elastance, cmH20/(mL/kg)° 1.2 (1.0-1.5) 1.7 (1.3-2.1) 2.1 (1.7-2.7) 1.4 (1.1-1.9)
Mechanical power, J/min/kg* 0.2 (0.1-0.2) 0.3 (0.2-0.3) 0.3 (0.2-0.4) 0.2 (0.1-0.3)

Abbreviations: APACHE, Acute Physiology and Chronic Health Evaluation; COPD, chronic obstructive pulmonary disease; ICU, intensive care

unit; SNUH, Seoul National University Hospital; SOFA, Sequential Organ Failure Assessment.

Values are reported as n (%) for categorical variables and median (IQR) or mean + SD for continuous variables.
% Includes interstitial lung disease or other chronic lung diseases, excluding COPD.
®: Defined as (minute ventilation x PaCO5)/(ideal body weight x 100 x 37.5).

¢: Values were normalized with ideal body weight.
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Table SS. Baseline clinical characteristics of the Al-similar and Al-dissimilar groups before
inverse probability weighting

SNUH internal validation cohort Mayo Clinic external validation
cohort
Variable
e | sasmtr | s |t | tdstr | s

Type of ICU admission

Medical 58 (40.8) 77 (54.6) -0.277 | 273 (54.0) 327 (64.8) -0.221

Surgical 84 (59.2) 64 (45.4) 0.277 | 233 (46.0) 178 (35.2) 0.221
Age,y 67.4+15.1 67.0+13.2 0.030 | 64.1+14.8 62.3+154 0.123
Sex

Male 90 (63.4) 87 (61.7) 0.035 | 275(54.3) 291 (57.6) -0.066

Female 52 (36.6) 54 (38.3) -0.035 | 231 (45.7) 214 (42.4) 0.066
Body mass index, kg/m? 225+42 234+4.4 -0.208 | 30.1+7.1 30.8+8.4 -0.085
Primary diagnosis

Cardiovascular 12 (8.5) 9(6.4) 0.079 | 114(22.5) 106 (21.0) 0.037

Gastrointestinal 9(6.3) 8(5.7) 0.028 44 (8.7) 32(6.3) 0.089

Hepatobiliary 6(4.2) 7(5.0) -0.035 26 (5.1) 24 (4.8) 0.018

Neoplastic 45 (31.7) 52 (36.9) -0.109 14 (2.8) 10 (2.0) 0.052

Neurologic 31(21.8) 14 (9.9) 0.329 58 (11.5) 32(6.3) 0.181

Renal 2(1.4) 6 (4.3) 0.172 | 8(1.6) 21 (4.2) -0.155

Respiratory 7(4.9) 7(5.0) -0.002 48 (9.5) 83 (16.4) -0.208
pﬁ:ﬁii’nii’fludi“g 9(6.3) 19(13.5) | 0240 | 62(123) | 87(172) | -0.141

Other 21 (14.8) 19 (13.5) 0.038 132 (26.1) 110 (21.8) 0.101
Comorbidities

Cardiovascular disease 59 (41.5) 49 (34.8) 0.140 | 363 (71.7) 362 (71.7) 0.001

Diabetes 37 (26.1) 42 (29.8) -0.083 | 163 (32.2) 183 (36.2) -0.085

COPD 13 (9.2) 15 (10.6) -0.050 | 108 (21.3) 137 (27.1) -0.135
dgg:z chronic lung 29 (20.4) 40 (284) | 0185 | 64(12.6) | 118(23.4) | -0.281
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Chronic kidney disease 13 (9.2) 17 (12.1) -0.094 | 169 (33.4) 192 (38.0) -0.096
Malignancy 87 (61.3) 98 (69.5) -0.173 | 133 (26.3) 147 (29.1) -0.063
P/F ratio, mmHg 328 (237 | 555 (170-305) | 0.686 | 260195 | 220 (160-329) | 0.234
416) 334)
SOFA score 11 (9-14) 14 (11-16) -0.615 10 (8-12) 11 (9-12) -0.345
APACHE 1I score 30 (26-34) 32 (27-37) -0.193 | 25(22-27) 26 (22-28) -0.169
. 3.3 (2.3-
Oxygenation Index 22(1.4-3.4) | 4.1Q2.4-57) -0.708 4.6) 4.3 (2.9-6.6) -0.494
. - 1.1 (1.0-
Ventilatory ratio 1.2 (0.9-1.4) 1.4 (1.2-1.7) -0.762 1.4) 1.3 (1.1-1.6) -0.488
Driving pressure, cmH20 11 (9-14) 13 (11-15) | -0.441 | 13 (10-16) | 15(12-18) | -0.480
Elastance, 2.0 (1.6-
cmH0/(mL/kg)* 1.5(1.3-2.0) | 1.8(1.4-2.3) -0.349 2.5) 2.3(1.8-2.9) -0.336
Mechanical power, 0.3 (0.2-
Vmin/ke® 0.2 (0.1-0.3) | 0.3(0.2-0.4) -0.723 0.3) 0.3 (0.3-0.4) -0.785

Abbreviations: Al artificial intelligence; APACHE, Acute Physiology and Chronic Health Evaluation; COPD, chronic obstructive pulmonary
disease; ICU, intensive care unit; SMD, standardized mean difference; SNUH, Seoul National University Hospital; SOFA, Sequential Organ

Failure Assessment.

Values are reported as n (%) for categorical variables and median (IQR) or mean + SD for continuous variables.

* Includes interstitial lung disease or other chronic lung diseases, excluding COPD.
®: Defined as (minute ventilation x PaCO2)/(ideal body weight x 100 x 37.5).
¢: Values were normalized with ideal body weight.
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Table S6. Baseline clinical characteristics of the Al-similar and AI-dissimilar groups after
inverse probability weighting

SNUH internal validation cohort

Mayo Clinic external validation

disease®

cohort
Variable

Type of ICU admission

Medical 68 (49.4) 66 (47.5) 0.039 | 311(60.7) 297 (58.8) 0.039

Surgical 69 (50.6) 73 (52.5) -0.039 | 201 (39.3) 208 (41.2) -0.039
Age, y 673+ 144 67.3+13.3 0.001 |63.1+14.7 | 63.1+153 0.005
Sex

Male 86 (62.4) 85 (61.9) 0.010 | 282(55.0) 280 (55.4) -0.009

Female 52 (37.6) 53(38.1) -0.010 | 231 (45.0) 224 (44.6) 0.009
Body mass index, kg/m? 228+4.2 229+42 -0.021 | 30.5+7.6 30.4+8.2 0.018
Primary diagnosis

Cardiovascular 11(8.1) 11(7.7) 0.016 112 (22.0) 110 (21.8) 0.004

Gastrointestinal 7(5.4) 7(5.0) 0.018 43 (8.4) 40 (7.9) 0.016

Hepatobiliary 5(3.9) 6 (4.4) 0.024 | 25(4.9) 26 (5.1) -0.010

Neoplastic 48 (34.9) 48 (34.9) 0.001 15(2.9) 15(3.1) -0.006

Neurologic 23 (16.6) 24 (17.6) -0.026 43 (8.3) 43 (8.5) -0.007

Renal 2(1.5) 4(2.7) 0.082 | 11(22) 14 (2.7) -0.032

Respiratory 8 (6.0) 6(4.3) 0.073 65 (12.7) 67 (13.3) -0.020
pi:ﬁiiﬁ;dudi“g 12 (8.6) 14(9.9) 0044 | 750147) | 73(144) | 0010

Other 20 (15.0) 19 (13.5) 0.040 | 123(23.9) 117 (23.2) 0.017
Comorbidities

Cardiovascular disease 52 (37.7) 54 (39.4) -0.034 | 362 (70.7) 361 (71.4) -0.016

Diabetes 39(28.2) 44 (31.9) -0.080 | 185(36.1) 174 (34.5) 0.034

COPD 14 (10.1) 13 (9.3) 0.024 | 118(23.1) | 121(24.0) | -0.022

Other chronic lung 34 (24.9) 34244) | 0012 | 1020198 | 91(180) | 0.048
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Chronic kidney disease 13 (9.7) 14 (10.3) -0.018 | 186 (36.3) 178 (35.2) 0.022
Malignancy 91 (66.4) 90 (65.1) 0.027 147 (28.7) 144 (28.5) 0.005
. 275 (208- 241 (175-
P/F ratio, mmHg 392) 268 (190-365) | 0.086 317) 248 (169-348) | -0.016
SOFA score 12 (9-15) 12 (9-15) -0.067 10 (8-12) 10 (8-12) 0.033
APACHE II score 31 (26-34) 31 (27-35) -0.030 | 25(23-28) 25 (22-28) -0.003
. 3.8 (2.5-
Oxygenation Index 2.7(1.7-4.0) | 3.0(1.5-4.5) -0.089 5.8) 3.8 (2.5-5.8) 0.008
. . 1.2 (1.0-
Ventilatory ratio® 1.3 (1.0-1.5) | 1.3(1.1-1.6) -0.075 1.5) 1.2 (1.0-1.5) 0.031
Driving pressure, cmH20 12 (9-15) 12 (10-15) -0.018 | 14 (10-17) 14 (10-17) -0.006
Elastance, 2.2 (1.7-
cmH:0/(mL/kg)! 1.6 (1.3-2.2) | 1.7(1.3-2.2) 0.009 2.8) 2.1(1.6-2.7) 0.056
Mechanical power, 0.3 (0.2-
J/min/kg 0.3(0.2-0.3) | 0.3(0.2-0.3) -0.091 0.4) 0.3 (0.2-0.4) 0.049

Abbreviations: Al artificial intelligence; APACHE, Acute Physiology and Chronic Health Evaluation; COPD, chronic obstructive pulmonary
disease; ICU, intensive care unit; SMD, standardized mean difference; SNUH, Seoul National University Hospital; SOFA, Sequential Organ

Failure Assessment.

Values are presented as weighted n (%) for categorical variables and weighted mean + SD or weighted median (IQR) for continuous variables.
* The n values indicate weighted sample sizes, calculated as the sum of the final stabilized inverse probability weights after truncation at the 99th
percentile and rounded to the nearest integer.
®: Includes interstitial lung disease or other chronic lung diseases, excluding COPD.
°: Defined as (minute ventilation x PaCQz)/(ideal body weight x 100 x 37.5).
4: Values were normalized with ideal body weight.
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Table S7. Fitted Q-evaluation results

Without
Without Without high- intensivist
Reward type Al intensivist resolution train feedback and Clinician
feedback data high-resolution
train data
SNUH internal validation cohort
Overall -12.6 (-13.7to- | -13.0(-142to- | -129(-143to- | -13.3(-149to- | -14.2(-15.3to -
11.5) 11.8) 11.7) 12.3) 13.0)
a 16.2 (15.4 to 15.7 (14.7 to 15.9 (14.4 to 15.5(13.9to 14.8 (13.4 to
VEDs, days 17.1) 16.8) 17.0) 16.7) 16.1)
Preference -8.6(-102to- | -10.3 (-11.9to - -8.9 (-10.9 to - -10.6 (-11.9to- | -10.1(-11.4to -
6.9) 9.0) 6.5) 9.1) 8.8)
Mayo Clinic external validation cohort
Overall -11.0(-119to- | -11.6(-12.4to- | -11.5(-12.4t0o- | -12.1(-12.6to- | -12.3 (-12.9t0 -
10.2) 10.8) 10.7) 11.5) 11.5)
a 17.7 (16.9 to 17.5 (16.4 to 17.1 (16.2 to 16.6 (15.9 to 16.5 (15.7 to
VEDs, days 18.5) 18.1) 17.7) 16.9) 17.1)
Preference | 0 (7'%)1 ©° 1 .80(8510-7.6) | 7.9 (8.610-74) | -82(-8.710-7.8) | B4 01074

Abbreviations: SNUH, Seoul National University Hospital; VFDs, ventilator-free days.
The clinician behavior policy return was estimated as the empirical mean of observed episode returns in the validation cohorts, whereas returns
for VentPilot and ablated policies were estimated using fitted Q-evaluation. Uncertainty for all reported estimates was quantified by trajectory-
level nonparametric bootstrapping.
* For the VFDs component, returns were shifted by +28 to match estimated VFDs. Other rows are reported on the original return scale. This
linear shift does not affect between-policy comparisons.
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Table S8. Recommendation and setting-adjustment frequency and timing in the condition-
based analysis

Response | Response Time to Time to

[Hospital Cm}trol R,e spo‘nse Episodes| frequency | frequency P Both recommend adjustment | Time difference P
variable | direction (AT (Clinician) value [responsed (AT) (Clinician) value
SNUH | sFiO: | Increase | 1911 | 1340 (70.1) | 740 (38.7) |<0.001] 527 0.0 (0.0 to 0.0)| 0.1 (0.0 to 0.7) | -0.0 (-0.4 to 0.0) |<0.001
SNUH | sFiO: |Decrease| 11770 |10973 (93.2)|3384 (28.8) [<0.001] 3097 0.0 (0.0 to 0.0)| 0.5 (0.0 to 1.2) | -0.5 (-1.1 t0 0.0) |<0.001
SNUH | sPEEP | Increase | 485 322 (66.4) | 53(10.9) [<0.001 38 0.0 (0.0 t0 0.0)| 0.1 (0.0 to 0.4) | -0.1 (-0.4 to 0.0) |<0.001
SNUH | sPEEP |Decrease| 2543 | 1101 (43.3) | 223 (8.8) [<0.001] 102 0.0 (0.0t0 0.0)] 1.0 (0.3 t02.3) | -1.0 (-2.3 to -0.2) [<0.001
SNUH |sPC, sTV| Increase | 1498 744 (49.7) | 218 (14.6) [<0.001] 147 0.0 (0.0 to 0.0)| 0.4 (0.0 to 1.4) | -0.3 (-1.0 t0 0.0) [<0.001
SNUH |[sPC, sTV| Decrease | 5454 | 4890 (89.7) | 910 (16.7) |<0.001] 856 0.0 (0.0t0 0.0)| 1.0 (0.2t02.7) | -1.0 (-2.7 to -0.2) [<0.001
SNUH sRR Increase | 2248 | 1011 (45.0) | 379 (16.9) [<0.001] 202 [0.0 (0.0 t0 0.0)] 0.1 (0.0 to 1.0) | -0.1 (-1.0 to 0.0) [<0.001
SNUH sRR | Decrease | 4760 | 1149 (24.1) | 915 (19.2) [<0.001] 284 0.0 (0.0 t0 0.0)] 1.0 (0.1 t0 2.0) | -1.0 (-2.0 to -0.1) [<0.001
SNUH sPS Increase | 1079 | 368 (34.1) 87 (8.1) [<0.001 48 0.0 (0.0 t0 0.0)] 0.3 (0.2t0 1.0) |-0.3 (-1.0 to -0.1) <0.001
SNUH sPS | Decrease | 8496 | 3636 (42.8) | 893 (10.5) [<0.001] 556 0.0 (0.0 to 0.0)| 1.0 (0.0 t0 2.0) | -1.0 (-2.0 to 0.0) [<0.001
MAYO | sFiO: | Increase | 2431 717 (29.5) | 475 (19.5) [<0.001] 133 0.0 (0.0 t0 0.0)| 0.5 (0.2to 1.5) | -0.5 (-1.2 to0 -0.2) [<0.001
MAYO | sFiO: |Decrease| 1137 | 538 (47.3) | 312(27.4) |<0.001] 135 0.0 (0.0 to 0.0)| 3.0 (1.0 to 7.9) | -2.5 (-6.0 to -0.8) [<0.001
MAYO | sPEEP | Increase | 402 113 (28.1) | 47(11.7) [<0.001 9 0.0 (0.0t0 0.2)] 1.0 (0.8 to 3.8) | -0.8 (-1.0 to -0.5) | 0.004
MAYO | sPEEP | Decrease| 421 195 (46.3) | 59 (14.0) [<0.001 27 0.0 (0.0t0 0.3)[ 7.0 (2.7 to 14.1) |-4.7 (-13.0 to -2.6)[<0.001
MAYO |sPC, sTV| Increase 104 53 (51.0) 18 (17.3) [<0.001 12 0.0 (0.0to 1.8)] 2.4 (1.1t06.9) | -1.0 (-3.8 to -0.3) | 0.002
MAYO |sPC, sTV| Decrease | 803 799 (99.5) | 83(10.3) [<0.001 83 0.0 (0.0t0 0.0)] 3.2(1.0t0 7.5) | -3.2 (-7.5 to -1.0) [<0.001
MAYO| sRR Increase | 245 115(46.9) | 50(20.4) [<0.001 30 0.0 (0.0 t0 0.0) 0.6 (0.1 to 2.0) | -0.5 (-1.2 to -0.1) [<0.001
MAYO| sRR |Decrease| 1056 | 244 (23.1) | 152(14.4) [<0.001 71 0.0 (0.0t0 0.0)] 1.0 (0.0t02.9) | -1.0 (-2.1 t0 0.0) [<0.001
MAYO| sPS Increase | 953 109 (11.4) 67 (7.0) [£0.001 16 0.0 (0.0to0 0.4)[ 1.0 (0.3 t0 3.2) | -0.5 (-1.3 to -0.2) | 0.002
MAYO| sPS | Decrease| 2589 | 1336 (51.6) | 182 (7.0) |<0.001] 150 0.0 (0.0 to 0.0)| 1.0 (0.1 t0 3.0) | -1.0 (-3.0 to -0.1) [<0.001

Abbreviations: Al, artificial intelligence; SNUH, Seoul National University Hospital; MAYO, Mayo Clinic.
Condition episodes were defined using the physiologic conditions in Table S3. Only conditions persisting for at least 5 minutes were included,

and each episode was defined as a contiguous period during which the condition persisted. The VentPilot recommendation and clinician setting-

adjustment columns report the number (%) of episodes with an event in the condition-specific response direction. Timing analyses were restricted

to episodes in which both events occurred. Time to recommendation, time to setting adjustment, and their difference are summarized as median

(IQR) in hours, with the time difference defined as time to recommendation minus time to setting adjustment. P values for event frequencies and

paired times were obtained using two-sided McNemar tests and two-sided Wilcoxon signed-rank tests, respectively.
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Table S9. Fitted Q-evaluation in ASV-exposed patients in the external validation cohort

Reward type Al vfllt‘l‘l“li‘;{‘, Difference (95% CT)
Overall -13.0 (-14.6 to -11.5) | -14.9 (-16.7 to -12.8) 1.9 (0.2t02.9)

VFDs, days® 15.3 (13.9t0 16.8) 14.3 (12.3 to 16.0) 1.0 (0.4t0 1.7)

Preference -10.6 (-13.7t0-8.0) | -12.0(-13.4 to -10.5) 1.4 (-0.3 to 2.9)

Abbreviations: Al, artificial intelligence; ASV, adaptive support ventilation; VFDs, ventilator-free days.

ASV exposure was defined as ASV use for at least 25% of the invasive mechanical ventilation period. The clinician behavior policy return was
estimated as the empirical mean of observed trajectory returns within this subgroup, whereas the VentPilot policy return was estimated using
fitted Q-evaluation. *: For the VFDs component, returns were shifted by +28 to match estimated VFDs. Other rows are reported on the original
return scale. This linear shift does not affect between-policy comparisons.
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Table S10. Covariate balance in ASV-exposed and Al-similar non-ASV groups

Before weighting After weighting
Variable . I
CronaSy | ASV-exponed | gy | g pmasy | ASVesposed | gy
(n=359) (n=356)"

Type of ICU admission

Medical 179 (49.9) 84 (73.7) 0.504 | 196 (54.9) 63 (57.2) -0.048

Surgical 180 (50.1) 30 (26.3) 0.504 | 161 (45.1) 47 (42.7) 0.048
Age,y 64.4+14.5 62.2+14.8 0.147 64.0 +14.7 63.6 +14.9 0.022
Sex

Male 207 (57.7) 61 (53.5) 0.083 | 202(56.8) 62 (56.6) 0.004

Female 152 (42.3) 53 (46.5) 0.083 | 154 (43.2) 48 (43.4) -0.004
Body mass index, kg/m? 31.0+7.7 30.1+£7.6 0.116 30.8+7.8 303+7.9 0.065
Primary diagnosis

Cardiovascular 85 (23.7) 18 (15.8) 0199 | 7922.1) 21(18.8) 0.083

Gastrointestinal 29 (8.1) 13 (11.4) -0.112 31(8.7) 8(7.5) 0.044

Hepatobiliary 19 (5.3) 6(5.3) 0.001 19 (5.4) 6(5.1) 0.011

Neoplastic 7(1.9) 3(2.6) -0.045 7(2.0) 2(1.9) 0.014

Neurologic 38 (10.6) 14 (12.3) 0.053 | 40(11.3) 15 (13.6) -0.070

Renal 6(1.7) 4(3.5) 0.115 7(1.9) 2(1.6) 0.022

Respiratory 38 (10.6) 15 (13.2) -0.079 40 (11.1) 15 (13.7) -0.076
pﬁ:ﬁii’ni;dudi“g 46 (12.8) 13 (11.4) 0.043 | 45(12.6) 12(11.2) 0.042

Other 91 (25.3) 28 (24.6) 0018 | 89(24.9) 29 (26.8) -0.041
Comorbidities

Cardiovascular disease 264 (73.5) 87 (76.3) -0.064 262 (73.7) 82 (74.7) -0.024

Diabetes 132 (36.8) 39 (34.2) 0.053 | 128(36.0) 40 (36.3) -0.008

COPD 80 (22.3) 21 (18.4) 0.096 | 78(22.0) 26 (23.3) -0.030
dg;g:z chronic lung 61 (17.0) 19 (16.7) 0.009 | 60(16.9) 18 (16.8) 0.002
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J/min/kg!

Chronic kidney disease | 119 (33.1) 48 (42.1) -0.185 | 123 (34.6) 41 (37.5) -0.061
Malignancy 88 (24.5) 25(21.9) 0.061 | 85(23.8) 28 (25.3) -0.034
. 267 (204- 267 (204-
P/F ratio, mmHg 342) 276 (171-348) | -0.002 342) 276 (182-352) | -0.020
SOFA score 10 (8-12) 10 (7-12) -0.061 | 10(8-12) 9 (7-11) 0.091
APACHE II score 25(22-28) | 25(22-28) | -0.061 | 25(22-28) | 25(23-28) | -0.065
Oxygenation Index 33(2.3-4.6) | 302257 | -0.116 | 33(2.3-4.6) | 2.92.244) | 0.026
Ventilatory ratio® 12(1.0-1.4) | 1.2(1.0-1.4) | -0.048 | 1.2(1.0-1.4) | 1.2(1.0-1.4) | 0.033
Driving pressure, cmH20 | 13 (10-16) 13(11-17) | -0.082 | 13(11-16) 13(11-17) | -0.031
Elastance,
om0/ (L kg’ 2.0(1.5-2.5) | 2.0(1.7-2.5) | -0.011 | 2.0(1.5-2.5) | 2.1(1.7-2.6) | -0.044
Mechanical power, 0.3(02-0.3) | 0.3(0.2-0.4) | -0.162 | 0.3(0.2-0.3) | 0.3(0.2-0.3) | 0.021

Abbreviations: Al, artificial intelligence; ASV, Adaptive Support Ventilation; APACHE, Acute Physiology and Chronic Health Evaluation;
COPD, chronic obstructive pulmonary disease; ICU, intensive care unit; SMD, standardized mean difference; SOFA, Sequential Organ Failure

Assessment.

Before weighting, values are presented as n (%) for categorical variables and mean + SD or median (IQR) for continuous variables. After
weighting, categorical variables are reported as weighted n (%) and continuous variables as weighted mean + SD or weighted medians (IQR).
ASV-exposed patients were defined as those with ASV use for at least 25% of the invasive mechanical ventilation period. Non-ASV patients had

no documented ASV use during the invasive mechanical ventilation period.

* The n values indicate weighted sample sizes, calculated as the sum of the final stabilized inverse probability weights after truncation at the 99th
percentile and rounded to the nearest integer.
®: Includes interstitial lung disease or other chronic lung diseases, excluding COPD.

°: Defined as (minute ventilation x PaCQz)/(ideal body weight x 100 x 37.5).

4: Values were normalized with ideal body weight.
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Table S11. Weighted outcomes in ASV-exposed and Al-similar non-ASV groups

Outcome Al-similar & non-ASV | ASV-exposed | Absolute difference
(n = 356)* (n=110)* (95% CIP

Primary outcome - ventilator-free days (within 28 days)

Mean 19.0£10.8 15.1+11.3 3.9(1.6t06.3)

Median 24.9 (20.7 t0 25.9) 21.2 (0.0 t0 25.1) 3.7 (1.5 t0 6.0)
Secondary outcomes
?’Cegnslfl‘fv‘irvlo‘i‘rzt;‘;z among 2.6 (1.9 to 3.6) 37271067 | -1.0(-2.0t0-0.5)
Xfﬁg;gﬁ‘;{‘siﬁsg;ag;zg 2.6 (1.9 to 3.6) 36(2.71069) | -1.0(-2.2t0-0.3)
28-day mortality, n (%) 86 (24.1) 38 (34.5) -10.4 (-20.4 to -0.5)
ICU mortality, n (%) 51(14.5) 23 (20.6) -6.1 (-14.5t0 2.3)
In-hospital mortality, n (%) 87 (24.3) 34 (30.7) -6.4 (-16.1 to 3.4)
ICU length of stay, days

Total 4.5(3.0t0 6.0) 5.7(4.2108.7) -1.2(-1.8 to -0.4)

ICU survivors 4.6 (3.1t06.0) 5.9 (4.0t09.5) -1.3(-2.3t0-0.2)

ICU non-survivors 3.7(2.7t06.1) 5.7 (4.3t06.1) -2.0 (-2.7 t0 -0.0)
Hospital length of stay, days

Total 13.8 (8.2t022.9) 12.8 (6.9 t0 22.7) 0.9 (-2.8t0 4.7)

Hospital survivors 16.6 (10.0 to 28.7) 16.4 (9.8 t0 24.9) 0.2 (-3.6 t0 4.0)

Hospital non-survivors 6.9 (3.7 to 13.6) 6.9(52t011.2) 0.0(-2.9to 1.8)

Abbreviations: Al, artificial intelligence; ASV, Adaptive Support Ventilation; CI, confidence interval; ICU, intensive care unit.
Values after weighting are presented as weighted n (%) for binary outcomes and weighted mean + SD or weighted median (IQR) for continuous

outcomes. The primary outcome is presented as both weighted mean + SD and weighted median (IQR); other continuous outcomes are presented
as weighted median (IQR).

* The n values indicate weighted sample sizes, calculated as the sum of the final stabilized inverse probability weights after truncation at the 99th
percentile and rounded to the nearest integer.

®: For continuous outcomes, absolute differences are in days. For binary outcomes, absolute differences are risk differences expressed in
percentage points.
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Table S12. Subgroup analysis results

Subgroup

No. of patients

Difference in

Difference in mean VFDs after

(%) fitted Q-evaluation return IPW

SNUH internal validation cohort
Age,y

<65 92 (32.5) 1.8 (0.7 to 2.7) 4.4 (1.6 to 8.8)

=65 191 (67.5) 1.5(1.1to 1.9) 4.9 (0.4 t0 10.5)
Sex

Male 177 (62.5) 1.5(0.3t02.7) 4.5 (0.1 to 8.5)

Female 106 (37.5) 1.7 (0.6 to 2.9) 6.8 (2.0to 10.6)
P/F ratio

<200 75 (26.5) 2.2(0.5t03.9) 6.7(1.3to 11.4)

>200 208 (73.5) 1.5(1.1to 1.8) 3.9(0.6to 7.3)

Mayo Clinic external validation cohort

Age,y
<65 486 (48.1) 1.0 (0.2 to 2.1) 3.8(0.9t05.9)
> 65 525(51.9) 1.5(1.0to 1.9) 3.5(1.7t05.8)
Sex
Male 566 (56.0) 1.3(0.5t0 1.9) 3.4(091t05.2)
Female 445 (44.0) 1.2 (0.4 to 1.8) 3.8(1.4t05.7)
P/F ratio
<200 347 (34.3) 1.7(1.2t0 2.1) 45(21t06.2)
>200 664 (65.7) 0.8 (0.5t0 1.1) 3.1(1.3t05.1)
Primary diagnosis & comorbidities
Respiratory 131 (13.0) 1.3(0.2t02.9) 7.8(39t0 11.5)
Sepsis, including pneumonia 149 (14.7) 1.6 (0.3 to0 2.5) 3.0(0.7to 7.8)
Cardiovascular disease 725 (71.7) 1.4 (0.1 t0 2.2) 3.3(1.6t04.9)
COPD 245 (24.2) 1.5 (0.5t02.9) 3.6 (0.7 to 6.5)

Abbreviations: Al, artificial intelligence; COPD, chronic obstructive pulmonary disease; IPW, inverse probability weighting; SNUH, Seoul

National University Hospital; VFDs, ve

ntilator-free days.

The fitted Q-evaluation column reports the estimated return of the Al policy minus the return of the clinician policy, and the VFDs column
reports the inverse-probability—weighted difference in mean ventilator-free days within 28 days (Al-similar minus Al-dissimilar). Values are
shown with 95% confidence intervals. Subgroup analyses were performed across age, sex, P/F ratio. Additional diagnosis- and comorbidity-
defined subgroup analyses were performed only in the Mayo Clinic external validation cohort because subgroup-specific re-estimation was
considered less stable in the smaller SNUH internal validation cohort. Respiratory diagnosis and COPD were selected because of their direct
relevance to ventilator management, sepsis including pneumonia because it represents a common critical care syndrome in mechanically
ventilated ICU patients, and cardiovascular disease because it is a prevalent comorbidity that may influence hemodynamics and ventilatory
tolerance. Within each subgroup, fitted Q-evaluation and inverse probability—weighted analyses were repeated using the same analytic framework
as in the primary analyses, with propensity scores re-estimated within each subgroup.

34




Table S13. Sensitivity analysis results

Analysis

Difference in OPE return

Difference in mean VFDs
after IPW

SNUH internal validation cohort

Primary analysis

1.6 (0.8 to 2.5)

5.0 (2.4 to 7.6)

Time grid for OPE

5-min fixed grid

1.3 (0.7 to 1.8)

60-min fixed grid

1.6 (0.8 to 2.2)

Alternative OPE estimator

Weighted importance sampling

1.7 (0.4 to0 3.1)

Time points for agreement assessment in IPW analysis

15-min fixed grid

4.8 (2,510 6.7)

Concordance assessment window for IPW analysis

Fixed 24h window, 12 to 36 h after intubation

4.1 (1.0 t0 6.7)

Al-similarity threshold for IPW analysis

40%/40% split

7.9 (4.9 to 10.6)

30%/30% split

9.4 (6.2 to 12.5)

Preference reward weighting

0.03

0.9 (0.3 to 1.5)

4.8 (2.3 t0 8.6)

0.3

1.7(0.9t0 2.2)

5.1(2.7t08.5)

Policy-extraction sampling ratio (change:no-change)

40:60

1.7 (0.9 to 2.5)

42 (1910 6.5)

60:40

1.6 (0.9 to 2.2)

5.3 (2.7 t0 8.0)

Mayo Clinic external validation cohort

Primary analysis

1.3 (0.6 to 2.0)

3.1 (1.7 to 4.6)

Time grid for OPE

5-min fixed grid

1.0 (0.3 to 1.7)

60-min fixed grid

1.0 (0.1 to 1.8)

Alternative OPE estimator

Weighted importance sampling

1.2 (0.3 to 2.0)

Time points for agreement assessment in IPW analysis

15-min fixed grid

3.2 (1.8 t0 4.6)
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Concordance assessment window for IPW analysis

Fixed 24h window, 12 to 36 h after intubation

2.8(1.1t04.2)

Al-similarity threshold for IPW analysis

40%/40% split

4.1(2.6105.7)

30%/30% split

6.2 (4.5t07.9)

Preference reward weighting

0.03

1.2 (0.6 to 1.8)

3.1(1.9t04.8)

0.3

1.2 (0.5 t0 2.0)

3.0 (1.5 to 4.6)

Policy-extraction sampling ratio (change:no-change)

40:60

0.8 (0.2 to 2.4)

2.9 (1.41t04.3)

60:40

1.4 (0.5 10 2.3)

3.0(1.41t05.1)

Ventilation mode for concordance assessment in [IPW analysis

Pressure-targeted modes only - 2.7(13t04.1)

Abbreviations: Al, artificial intelligence; IPW, inverse probability weighting; OPE, off-policy evaluation; SNUH, Seoul National University
Hospital; VFDs, ventilator-free days.

Values in the off-policy evaluation column represent the estimated return of the VentPilot policy minus that of the clinician behavior policy.
Unless otherwise specified, off-policy evaluation estimates were obtained using fitted Q-evaluation. The weighted importance sampling (WIS)
row provides an alternative off-policy evaluation estimate for the primary comparison between VentPilot and the clinician behavior policy using
the same overall reward definition [14]. Whereas fitted Q-evaluation estimates policy value by fitting value functions to observed transitions,
WIS estimates policy value by reweighting observed trajectories according to their alignment with the target policy. Because the extracted tree
policy was deterministic, WIS used a stochastic approximation induced from the learned trees, with target-policy probabilities derived from
advantage-weighted empirical action frequencies within the corresponding terminal leaves. Multivariable action probabilities were factorized as
the product of component-wise probabilities across mode-applicable control variables to avoid sparse estimation of the high-dimensional joint
action distribution. To aid interpretation of the WIS estimate, we report the effective sample size (ESS), which was 148.7 of 283 trajectories
(52.5%) in the SNUH cohort and 429.2 of 1,011 trajectories (42.5%) in the Mayo Clinic cohort [26]. Larger ESS values indicate that the WIS
estimate is supported by a broader effective set of weighted trajectories and is therefore less influenced by a small number of highly weighted
trajectories. Values in the VFD column represent the weighted mean difference in ventilator-free days within 28 days between Al-similar and Al-
dissimilar patients.

Primary analyses used a 50:50 change-to-no-change sampling ratio during policy extraction, a 15-minute fixed validation grid for off-policy
evaluation, chart-update timestamps defined by newly recorded electronic medical record data for concordance assessment, concordance
calculated from 24 hours after intubation until extubation or day 28, a 50%/50% threshold for Al-similar versus Al-dissimilar classification, and a
default preference-reward weight of 0.1. Sensitivity analyses evaluated 5-minute and 60-minute fixed grids for off-policy evaluation, weighted
importance sampling as an alternative off-policy estimator, concordance reassessment on the 15-minute fixed grid, a fixed early-window analysis
using baseline covariates from 0-12 hours and concordance from 12-36 hours after intubation, stricter discrepancy-score thresholds comparing
the lowest 40% with the highest 40% and the lowest 30% with the highest 30% of patients within each validation cohort, alternative preference-
reward weights, alternative change-to-no-change sampling ratios during policy extraction, and concordance restricted to pressure-targeted
ventilation periods in the Mayo Clinic cohort.
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Table S14. Calibration of fitted Q-evaluation against empirical clinician returns

Cohort Empirical clinician return FQE-estimated clinician return Difference (95% CI)
SNUH -14.2 (-15.3 to -13.0) -14.4 (-15.6 to -13.4) -0.2(-14t0 1.1)
Mayo Clinic -12.3(-12.9to -11.5) -12.6 (-13.9to -11.5) -0.3 (-0.7t0 0.2)

Abbreviations: FQE, fitted Q-evaluation; SNUH, Seoul National University Hospital.
The empirical clinician return was calculated as the mean observed episode return. For the FQE estimate, the evaluation critic was fit using the
observed subsequent clinician action in the Bellman target. Differences are FQE-estimated minus empirical returns. Confidence intervals were

obtained using trajectory-level nonparametric bootstrapping.
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Figure S1. Dataset flowchart

4121 patients received invasive mechanical
ventilation with available data

3002 patients admitted 1119 patients admitted

5634 patients received invasive mechanical
before Oct 2022 after Oct 2022 ventilation with available data

4623 patients ineligible for validation
836 patients ineligible for validation 3365 invasive mechanical ventilation <36 h
- 756 invasive mechanical ventilation <36 h 79 missing intubation period info
9 missing intubation period info 447 partially missing trajectory data
71 partially missing trajectory data 557 missing ICU type info
175 missing ventilation mode info

Derivation cohort Internal validation cohort External validation cohort
3002 patients 283 patients 1011 patients
(a) SNUH (b) Mayo Clinic

Abbreviations: ICU, intensive care unit.
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Figure S2. Iterative intensivist-feedback loop for collecting preference labels

Case 2 Review Theretore, reducing PEEP was an nappropriate decision.

_ of76,this adjustment wos Inappropriste.
Grode 4
Case 3 Review

| Board-certified intonsivists | Grde 1

H

A behavior-cloning model trained on the derivation cohort was used to identify discrepancy (outlier) events where model-recommended
ventilator setpoints differed substantially from observed clinician settings. For each outlier event, a committee of board-certified intensivists
reviewed the full clinical context and graded the observed clinician action on a 1-4 scale. The newly labeled cases were then added to the review
dataset, enabling iterative refinement of the labeled set used to train the preference model.
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Figure S3. Ventilator setting comparisons across physiologic strata in the internal
validation cohort
M Al [ Clinician
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Figure S4. Ventilator setting comparisons across physiologic strata in the external

validation cohort
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indicate lower settings.
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Figure S5. Timing of VentPilot recommendations and clinician setting adjustments
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Distribution of time from condition onset to the first VentPilot recommendation in the condition-specific response direction and the first observed
clinician adjustment of the relevant ventilator setting in the same direction, among condition episodes in which both events occurred. Bars
indicate the proportion of episodes with times of 0—1, 1-3, 3—12, or >12 hours. Physiologic conditions and corresponding directions are defined
in Table S3, and only conditions persisting for at least 5 minutes were included.
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Figure S6. Temporal consistency results
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(a) Time-of-day variation (SNUH). Frequency of VentPilot recommendation events and clinician setting-adjustment events across 6-hour time-
of-day bins (00:00-05:59, 06:00-11:59, 12:00-17:59, 18:00-23:59). Bars show observed event counts expressed as a percentage of the expected
count under a uniform-in-time assumption (100% dashed line). Clinician events are timestamps with any observed change in ventilator control
variables; VentPilot events are timestamps with any recommended change in at least one control variable.

(b) Day-of-week variation (SNUH). Frequency of events across days of the week shown on the same observed/expected scale.
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Figure S7. An example case of VentPilot recommendations for ventilator settings
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The figure illustrates an example of how VentPilot recommends ventilator settings for ICU patients. Patients A and B from SNUH had similar
initial conditions, as measured by propensity scores. These scores were calculated using a multivariable logistic regression model to estimate the

probability of the group assignment based on baseline covariates.
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For patient A, the clinician’s actual settings were closely aligned with the AI’s recommendations. In contrast, for patient B, the
clinician's adjustments differed from the AI's recommendations. For instance, in the first event, the Al recommended increasing the current set
PEEP, as the P/F ratio and set FiO: indicated the current PEEP level is insufficient. However, the clinician reduced the set PEEP, followed by a
sudden drop in P/F ratio and SpO:. The second and third timestamps highlight additional instances where the clinician’s actions either
contradicted or significantly lagged behind the AI’s recommendations.

Although patients A and B had similar initial conditions, with propensity scores of 0.327 and 0.361, respectively, patient A—whose
treatment was similar to the Al's suggestions—had 20.4 VFDs, while patient B, whose treatment differed from the AI’s recommendations, had 0

VFDs.
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