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Abstract

Mechanical Ventilation (MV) is a critical life-support in-
tervention in intensive care units (ICUs). However, optimal
ventilator settings are challenging to determine because of
the complexity of balancing patient-specific physiological
needs with the risks of adverse outcomes that impact mor-
bidity, mortality, and healthcare costs. This study introduces
ConformalDQN, a novel distribution-free conformal deep Q-
learning approach for optimizing mechanical ventilation in
intensive care units. By integrating conformal prediction with
deep reinforcement learning, our method provides reliable
uncertainty quantification, addressing the challenges of Q-
value overestimation and out-of-distribution actions in offline
settings. We trained and evaluated our model using ICU pa-
tient records from the MIMIC-IV database. ConformalDQN
extends the Double DQN architecture with a conformal pre-
dictor and employs a composite loss function that balances Q-
learning with well-calibrated probability estimation. This en-
ables uncertainty-aware action selection, allowing the model
to avoid potentially harmful actions in unfamiliar states and
handle distribution shift by being more conservative in out-
of-distribution scenarios. Evaluation against baseline models,
including physician policies, policy constraint methods, and
behavior cloning, demonstrates that ConformalDQN consis-
tently makes recommendations within clinically safe and rel-
evant ranges, outperforming other methods by increasing the
90-day survival rate. Notably, our approach provides an in-
terpretable measure of confidence in its decisions, crucial for
clinical adoption and potential human-in-the-loop implemen-
tations.

Code — https://github.com/HAAIL/ConformalDQN
Data — https://physionet.org/content/mimiciv

Introduction
Mechanical ventilation (MV) is the most widely used
short-term life support technique, frequently employed for
planned surgical procedures, anesthesia, neonatal intensive
care, life support during the COVID-19 and acute organ fail-
ure (Coppola, Froio, and Chiumello 2014; Möhlenkamp and
Thiele 2020). While mechanical ventilation is a life-saving
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intervention, it also carries the risk of significant complica-
tions (Pham, Brochard, and Slutsky 2017). Prolonged use,
especially for durations of at least one week, can lead to
substantial long-term effects on the physical, cognitive, and
mental health of ICU survivors (Pham, Brochard, and Slut-
sky 2017; Zein et al. 2016). Incorrect adjustments can trig-
ger ventilator-induced lung injury (VILI), potentially lead-
ing to multiple organ dysfunction and significantly increas-
ing mortality risk (Silva, Rocco, and Pelosi 2022). Deter-
mining the most effective ventilator settings is challenging,
as these settings must be tailored to each patient individually,
and it requires continuous re-evaluation of the optimal ven-
tilation strategy during treatment (Zein et al. 2016). In data-
rich environments like intensive care units (ICUs), decision-
making becomes more complicated and depends greatly on
the skill and expertise of the attending physician (Slutsky
and Ranieri 2013). The necessity for quick adjustments to
ventilator settings in the ICU can further elevate the risk of
sub-optimal decisions, thereby increasing the likelihood of
adverse outcomes. (Silva, Rocco, and Pelosi 2022).

Recent research has explored reinforcement learning (RL)
methods for adaptive ventilator control, aiming to opti-
mize treatment strategies based on patient-specific condi-
tions (Suo et al. 2021; Yu et al. 2021; Coronato et al.
2020). These approaches include decision tree-based RL
(Lee, Mahendra, and Aswani 2024), offline Batch Constraint
Q-learning (BCQ) (Jingkun et al. 2024), and Conservative
Q-Learning (Yuan et al. 2023). RL agents can potentially
adjust ventilator parameters in response to time-varying pul-
monary mechanics, offering advantages over static protocol-
driven methods (Jingkun et al. 2024). However, a significant
challenge in applying RL to ventilator control is the state-
action distribution shift problem. This occurs when the dis-
tribution of states and actions encountered during training
differs from those in deployment, potentially leading to sub-
optimal or unsafe decisions in clinical settings. Current re-
search has not adequately addressed this problem.

In this study, we focus on addressing the critical is-
sue of distribution shift in RL-based mechanical ventilation
control. We introduce a novel conformal deep Q-learning
(ConformalDQN) framework that provides distribution-free
uncertainty quantification. This approach aims to enhance
the reliability and safety of RL-based decision-making in
the dynamic and heterogeneous environment of ICU pa-
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tients, without making strong distributional assumptions.
This framework allows the model to:

• Avoid potentially harmful actions in unfamiliar states.

• handle distribution shifts by being more conservative in
out-of-distribution scenarios.

• Provide an interpretable measure of confidence in its de-
cisions, which is crucial for clinical acceptance and po-
tential human-in-the-loop implementations.

The ConformalDQN framework extends beyond mechanical
ventilation treatment to other healthcare applications such as
drug dosing and personalized treatment plans, where safety
and adaptability to individual patient characteristics are es-
sential. Moreover, its ability to handle uncertainty and dis-
tribution shifts makes it adaptable to safety-critical tasks be-
yond healthcare; it can be extended to autonomous driving
and financial systems, where reliable decision-making under
uncertainty is critical.

Preliminaries
This section provides essential background information and
defines key concepts necessary for understanding our pro-
posed ConformalDQN framework for mechanical ventila-
tion optimization.

Reinforcement Learning (RL)
We modeled the mechanical ventilation treatment problem
as an RL problem formulated as a Markov Decision Pro-
cess (MDP). This MDP is defined by the tuple (S,A, P,R),
where st ∈ S represents the patient’s state at time t, includ-
ing physiological parameters; at ∈ A denotes the action
of adjusting ventilator parameters at time t; P (st+1|st, at)
is the transition probability to the next state given the cur-
rent state and action; and r(st, at) ∈ R is the reward func-
tion reflecting the effectiveness of ventilation settings. The
RL agent aims to learn an optimal policy π∗ : S → A
that maximizes the expected cumulative discounted reward
J(π) = E[

∑T
t=0 γ

tr(st, at)], where the discount factor
γ ∈ [0, 1] determines the relative importance of immedi-
ate rewards versus future rewards, with values closer to 1
emphasizing long-term consequences of actions. The agent
iteratively observes the current state st, selects an action
at = π(st), receives a reward rt = r(st, at), and transi-
tions to the next state st+1 (Figure 1). Through this process,
the agent learns to make decisions that optimize long-term
patient outcomes while adapting to individual patient char-
acteristics and changing conditions.

Bellman Equation
A value function denoted as Q(s, a) estimates the expected
cumulative reward an agent can obtain by taking action a
in state s and then following a certain policy. The optimal
Q-function, Q*(s,a), gives the maximum expected cumula-
tive reward that can be obtained starting from state s , tak-
ing action a , and thereafter following the optimal policy
π∗. Mathematically, it is defined by the Bellman optimality

Figure 1: Interaction of RL agent with environment (pa-
tient).

equation:

Q∗(s, a) =
∑
s′∈S

P (s′ | s, a)
[
r(s, a) + γmax

a′∈A
Q∗(s′, a′)

]
(1)

The optimal policy π∗ selects the action with the highest
Q(s, a) in each state, maximizing the expected future re-
wards (Sutton and Barto 1998; Mnih et al. 2015).

Q-Learning
Q-learning is a model-free reinforcement learning method
that learns the optimal action-value function Q*(s,a) di-
rectly, without needing to learn the transition probabilities
(Watkins and Dayan 1992). The Q-learning update rule, de-
rived from the Bellman error objective, is as follows:

Q(st, at)← Q(st, at) + lr[rt + γmax
a

Q(st+1, a)−Q(st, at)]

(2)
where lr is the learning rate.
Deep Q-Network (DQN) is a widely used reinforcement
learning (RL) method in healthcare applications (Yu et al.
2021; Fujimoto, Meger, and Precup 2019). It integrates Q-
learning with deep neural networks to approximate the Q-
function, denoted as Qθ(st, at), using a neural network with
parameters θ.
Double Deep Q-Network (DDQN) is an enhanced version
of DQN, designed for greater stability by utilizing two sep-
arate networks with identical architectures to estimate the
target and prediction Q-values (Van Hasselt, Guez, and Sil-
ver 2016). The key concept involves using the prediction
network, Qθ, for action selection, while the target network,
Qθ′ , is used for action evaluation. The target network’s
output serves as the ground truth for updating the predic-
tion network. The prediction network’s weights are updated
with each iteration, whereas the target network’s weights are
periodically updated by copying the prediction network’s
weights. The goal is to minimize the loss function defined
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as:

L(θ) =
(
r + γQθ′ (st+1, a

′)−Qθ(st, at)
)2

, a′ = argmax
a

Qθ(s, a)

(3)

Offline Reinforcement Learning
RL methods can be categorized into online and offline ap-
proaches. Online RL involves an agent learning through di-
rect, real-time interaction with the environment, continu-
ously updating its policy based on new experiences (Sut-
ton and Barto 1998). In contrast, Offline RL (also known as
batch RL) learns from a fixed dataset of pre-collected expe-
riences without active environment interaction (Levine et al.
2020; Lange, Gabel, and Riedmiller 2012). In Offline RL,
the pre-collected dataset is typically generated by a behav-
ioral policy, which is the policy used to collect the data; usu-
ally a human expert. The goal of Offline RL is to learn an
improved policy from this fixed dataset without further in-
teraction with the environment. While online RL can adapt
to changing environments and explore new strategies, it is
often impractical and unsafe in critical domains like health-
care (Gottesman et al. 2019). Therefore, Offline RL is more
suitable for scenarios where live experimentation is risky or
unethical (Levine et al. 2020). However, Offline RL faces
unique challenges:
1. Limited Data Coverage: The offline dataset may not

cover all possible state-action pairs, leading to uncer-
tainty in unexplored regions of the state-action space
(Levine et al. 2020).

2. Distribution Shift: The distribution of states and actions
in the offline dataset may differ from the distribution that
would be encountered by the optimal policy (Fujimoto,
Meger, and Precup 2019; Levine et al. 2020).

3. Extrapolation Error: Due to limited coverage, the learned
value function may produce overconfident and overopti-
mistic estimates for out-of-distribution state-action pairs
(Kumar et al. 2019).

Policy Constraints Methods
Policy constraint methods aim to address the challenges of
distribution shift and extrapolation error by explicitly con-
straining the learned policy to stay close to the behavior
policy that generated the offline dataset (Kumar et al. 2020;
Levine et al. 2020; Fujimoto, Meger, and Precup 2019).

One prominent approach in this category is Conserva-
tive Q-Learning (CQL) (Kumar et al. 2020). CQL learns a
Q-function such that the expected policy value under this
learned Q-function forms a lower bound on the actual policy
value (Kumar et al. 2020). CQL adds a regularization term
(RCQL) to the standard Bellman error objective:

RCQL = ωEs∼D[log
∑
a

exp(Q(s, a))− Ea∼πβ(a|s)[Q(s, a)]]]

(4)
where D is the offline dataset, πβ is the behavior policy
and ω is a hyperparameter controlling the degree of conser-
vatism. CQL regularization term encourages Q-values to be
lower in expectation, counteracting the tendency to overes-
timate values for unseen state-action pairs.

Conformal Prediction
Conformal prediction is a statistical framework for con-
structing prediction intervals or sets with guaranteed cov-
erage probabilities under minimal distributional assump-
tions (Shafer and Vovk 2008). Unlike traditional uncertainty
quantification methods that often rely on specific probabilis-
tic models, conformal prediction provides valid uncertainty
estimates for any predictive model, including complex ma-
chine learning methods (Shafer and Vovk 2008; Angelopou-
los and Bates 2021). The core idea involves using past obser-
vations to determine how ’unusual’ a new prediction is, and
then using this information to construct prediction sets. For-
mally, for a new input x and a significance level α ∈ (0, 1),
conformal prediction constructs a prediction set C(x) such
that:

P(Y ∈ C(X)) ≥ 1− α (5)

where (X,Y ) is a new test point. By calibrating these sets on
a held-out calibration dataset, conformal prediction ensures
that the true outcome falls within the predicted set with a
specified probability (1 − α), regardless of the underlying
data distribution (Angelopoulos and Bates 2021). The cal-
ibration process involves computing nonconformity scores
si = s(xi, yi) for calibration points and setting a threshold
τ such that:

τ = Quantile (sini=1, ⌈(n+ 1)(1− α)⌉ /n)] (6)

where n is the number of calibration points. One commonly
used nonconformity score for classification tasks is based on
the softmax output of the predicted class probabilities. This
score is defined as: si = s(xi, yi) = 1 − P (yi|xi) where
P (yi|xi) is the softmax probability of class yi given input
xi. This choice of nonconformity score reflects the model’s
confidence in its prediction, with lower scores indicating
higher confidence. For a new test sample x, the prediction
set C(xi) is defined as:

C(xi) = {y : s(xi, y) ≤ τ} (7)

The flexibility and theoretical guarantees of conformal pre-
diction have led to its application in various fields, including
medical diagnosis where reliable uncertainty quantification
is crucial for decision-making under risk (Balasubramanian,
Ho, and Vovk 2014; Vazquez and Facelli 2022).

Related Works
Recent advancements in reinforcement learning (RL) for
mechanical ventilation optimization are highlighted by three
key studies. Peine et al. (2021) introduced VentAI, pioneer-
ing tabular Q-learning with a 44-feature patient representa-
tion, optimizing key ventilation parameters and demonstrat-
ing potential to outperform clinical standards (Peine et al.
2021). Kondrup et al. (2022) developed DeepVent, an offline
Deep RL agent using Conservative Q-Learning, expanding
the state space and implementing a clinically relevant in-
termediate reward system to address sparse rewards and
value overestimation (Kondrup et al. 2023). The most re-
cent work, DTE-CQL (2023), combines diagnosis and treat-
ment aspects, integrating a Diagnose Transformer-Encoder
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for predicting patient states with CQL for treatment strate-
gies, showing significant improvement over physician per-
formance (Yuan et al. 2023). Despite these advancements,
existing approaches struggle with uncertainty quantifica-
tion, particularly in out-of-distribution scenarios common
in heterogeneous patient populations. They also face chal-
lenges in providing interpretable and safe decision-making
processes, essential for clinical adoption. Furthermore, the
problem of distribution shift between offline training data
and real-world deployment remains largely unaddressed, po-
tentially leading to unreliable or unsafe decisions in practice.
To address these limitations, we introduce ConformalDQN,
a novel approach that integrates conformal prediction with
deep Q-learning. This method aims to provide distribution-
free uncertainty quantification, enabling more reliable and
safer decision-making in mechanical ventilation treatment.

Materials and Methods
This section presents our proposed Conformal Deep Q-
Learning (ConformalDQN) framework for optimizing me-
chanical treatment.

Data
Data Collection: All data for this study were extracted
from the Medical Information Mart for Intensive Care
(MIMIC-IV) dataset (Johnson et al. 2020), a comprehensive,
de-identified clinical database from an academic medical
center in Boston, Massachusetts, USA. Using Standardized
Query Language (SQL), we extracted 29,270 patients who
underwent mechanical ventilation during their ICU stay.

Data Preparation: Following the work done by Kondrup
et al. (2023), data preparation process involved the following
three key steps:

1. Temporal Segmentation: We divided each patient’s first
72 hours of ICU stay into 4-hour windows, resulting in
18 time windows per patient.

2. Feature Collection: For each window, we collected: vital
signs, demographics, laboratory values, fluids informa-
tion, and ventilation settings (see glossary of acronyms
section).

• Demographics: age, gender, weight, ICU readmis-
sion, 90 days mortality, and elixhauser score.

• Fluid Information: urineoutput, intravenous fluids,
cumulative fluid balance, vasopressors.

• Vital Signs: heart rate, sysBP, diasBP, meanBP, shock
index, Respiratory rate, temperature, spo2, GCS,
SOFA, SIRS.

• Laboratory Values: potassium, sodium, chloride,
glucose, bun, creatinine, magnesium, calcium, ion-
izedcalcium, carbondioxide, bilirubin, hemoglobin,
WBC, platelet, PTT, PT, INR, PH, PAO2, PACO, base
excess, bicarbonate, loctate.

• Ventilation Settings: Positive End-Expiratory Pres-
sure (PEEP), weight-asjusted tidal volume (Vt) and
FiO2.

3. Missing Data Handling: We employed a hierarchical im-
putation strategy based on the extent of missing data:
KNN for < 30% missing, time-windowed sample-and-
hold for 30-95% missing, mean imputation for initial val-
ues, and removal for > 95% missing data.

Data Split: We randomly divided patients into four sets:
training (60%, 17,562 patients, 146,449 time windows), val-
idation (10%, 2,927 patients, 24,609 time windows), cali-
bration (10%, 2,927 patients, 23,605 time windows) and test
set (20%, 5,854 patients, 48,715 time windows). Training
and validation sets were used for model development, cal-
ibration set for conformal prediction, and test set for final
performance evaluation.

Out-of-Distribution Data Selection: Following Kondrup
et al. (2023), we created an out-of-distribution (OOD)
dataset for atypical cases. Patients were classified as OOD
if any initial features fell within the top or bottom 1% of
the distribution at ventilation onset, resulting in approxi-
mately 20% (5,942 patients, 61,014 time windows) classi-
fied as OOD.

RL Problem Formulation
We defined the MDP for mechanical ventilation based on
Peine et al. (2021), with episodes from intubation to 72
hours post-initiation.
State: The state space encompasses 44 variables, including
patient demographics (except 90-day mortality), vital signs,
laboratory values, and fluid information.
Action: The action space is defined using a combination of
three ventilator parameters: ideal weight-adjusted tidal vol-
ume (Vt), positive end-expiratory pressure (PEEP), and frac-
tion of inspired oxygen (FiO2). Each of these parameters
was discretized into seven treatment levels, representing spe-
cific ranges of settings. This resulted in a multi-dimensional
action space of 343 discrete actions (7 x 7 x 7).
Reward: The reward function derived from the work of
Kondrup et al. (2023); it combines a sparse terminal reward
based on 90-day survival with an intermediate reward based
on changes in the patient’s condition. The intermediate re-
ward encourages the model to make decisions that improve
the patient’s immediate clinical status, while the terminal re-
ward aligns the model’s objectives with long-term patient
outcomes.The reward function was formulated as:

r(st, at, st+1) =


−1, if t = T and patient dies within 90 days

+1, if t = T and patient survives beyond 90 days

λ · AP(st)−AP(st+1)

maxAP −minAP
, otherwise

(8)
AP is a modified version of the Acute Physiology and
Chronic Health Evaluation II (APACHE II) score calculated
for state s. maxAP and minAP are the maximum and min-
imum possible values of the modified APACHE II score.
APACHE II score is a critical care assessment tool that pre-
dicts the risk of mortality in ICU patients by evaluating
physiological variables, age, and chronic health conditions
(Knaus et al. 1991). λ is a weighting factor for the interme-
diate reward.
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Figure 2: Overview of the Method. (1)Preparing a structured dataset of past experiences.(2) Training a Double Deep Q-Network
(DDQN) model and an action probability estimator (3) Calibration: utilizing the calibration set to determine a conformity
threshold.(4) Action selection process: the state is fed into both the DDQN model and the action probability estimator, where
actions are selected based on Q-values filtered through the conformity threshold to filter reliable actions. (5) Evaluation: the
model’s performance is evaluated using the test data.

Conformal DQN Model
Conformal DQN builds upon the standard DDQN architec-
ture while incorporating a conformal predictor to provide
distribution-free uncertainty estimates for decision-making.
The key components of Conformal DQN include:
• DDQN model that estimates the Q-values.
• A network Pω that estimates the state conditional action

probabilities of behavioral policy, Pω(a|s) ≈ πb(a|s).
• A conformal predictor that provides uncertainty esti-

mates for each action; it determines how ’unusual’ a new
prediction is.

Loss Function: The Conformal DQN is trained using a
composite loss function that combines multiple objectives:

L = Lθ + LNLL + λ||i||2 (9)

Where Lθ is the standard Double DQN loss describes as eq.
9 and LNLL is the negative log-likelihood loss of the se-
lected actions based on the behavioral policy:

LNLL = − log(Pω(a|s))] (10)

for the chosen action a, ||i||2 is the L2 norm of the raw log-
its. The loss function ensures the network learns Q-values
for optimal action selection, encourages well-calibrated ac-
tion probabilities for the conformal prediction mechanism,
and includes L2 regularization on the raw logits to prevent
overconfident predictions and improve generalization.

Conformal Predictor Calibration: In this step, the non-
conformity threshold will be calculated. This threshold rep-
resents a minimum level of confidence required for an ac-
tion to be considered ’reliable’. We determine τ using the
following procedure: Let {(si, ai)}ni=1 be a calibration set
of state-action pairs, and let 1−α be our desired confidence
level. We compute τ as follows:

τ = Quantile ({1− Pω(ai|si)}ni=1, ⌈(n+ 1)(1− α)⌉ /n)
(11)

Where:
• Pω(ai|si) is the probability assigned by our model to ac-

tion ai in state si
• Quantile(S, q) returns the q-th quantile of the set S
• α is the significance level (e.g., 0.05 for 95% confidence)

The conformal predictor, calibrated on a held-out calibration
dataset, provides a threshold τ such that:

P (a∗ ∈ {a : Pω(a|s) ≥ 1− τ}) ≥ 1− α (12)

where a∗ is an optimal behavioral action based on the dataset
of experts’ past experiences.

Uncertainty-Aware Action Selection: The action selec-
tion mechanism integrates the Q-values produced by the
Double DQN with uncertainty estimates derived from the
conformal predictor. The process of selecting the actions can
be formalized as follows:

1. Creating the ”confident’ actions set: after selecting the
threshold τ a set of confident actions will be defined as:

Ac = {a : Pω(a|s) ≥ 1− τ} (13)

2. Selecting the action: The action selection is then per-
formed as follows:

at =

{
argmaxa∈Ac

Q(s, a) if Ac ̸= ∅
argmaxa Q(s, a) otherwise

(14)

This mechanism ensures that we prioritize actions that
are both high-value (according to the Q-function) and
confident (according to the conformal predictor). More
specifically, Actions with low probability (low confi-
dence) are effectively filtered out. This means the model
is avoiding actions it’s uncertain about, even if they have
high Q-values. In cases where no actions meet the confi-
dence threshold, we employ the standard Q-learning ac-
tion selection.
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Evaluation
We employed Fitted Q-Evaluation (FQE) (Le, Voloshin, and
Yue 2019) to assess the performance of the trained policy.
FQE provides more reliable estimates of a policy’s value in
offline reinforcement learning settings. It fits a Q-function
to estimate the expected return using the Bellman equation.
The FQE policy is trained on a sparse reward to assess the
long-term outcome of 90-day survival.

Baselines: We evaluated ConformalDQN against several
baselines: physician’s policy, DeepVent(CQL) policy, and
DDQN policy.

Evaluation metrics: Performance was assessed using
clinically relevant metrics including estimated 90-day sur-
vival rate, time within target physiological ranges, and fre-
quency of unsafe ventilator settings.

Out-of-Distribution (OOD) Evaluation: To assess the
robustness of ConformalDQN in unfamiliar scenarios, we
compared the performance of ConformalDQN against the
baselines on both in-distribution (ID) and OOD data. We
computed mean initial Q-values for each model in both set-
tings.

Experimental Setups
We trained each model over five runs and averaged the
performance. To determine the optimal set of hyper-
parameters, we conducted a grid search using uniform
probability distribution across the following parameters:
learning rates [1e-3, 1e-4, 1e-5, 1e-6], discount factors γ
[0.05, 0.1, 0.5, 0.75, 0.9], number of hidden layers for the
neural network [1, 2, 3], and the size of units in each layer
[64, 128, 256, 512]. For the CQL model, the best results were
achieved with a learning rate of 1e-4 and ω = 0.1. The
ConformalDQN model performed best with a learning rate
of 1e-3 and α = 0.15. The DDQN model performed best
with a learning rate of 1e-3. The optimal architecture com-
prised two hidden layers with 256 units each, using the
ReLU activation function. Models were trained with γ=0.75
for up to 30,000 timesteps, with the target Q-networks up-
dated every 5,000 steps.

Results
To evaluate the model’s performance, we conducted a cor-
relation analysis between predicted Q-values and patient
mortality. For each initial state-action pair (s, a) in the test
dataset, we computed the model-predicted Q(s, a) and a bi-
nary mortality indicator M(s, a) (1 if the patient died, 0 oth-
erwise). We then calculated the Pearson correlation coeffi-
cient between the Q-values and mortality. As shown in Table
1, Conformal DQN demonstrates a stronger negative corre-
lation between Q-values and mortality compared to CQL,
indicating its superior performance in associating higher Q-
values with lower mortality rates and predicting the patient
outcomes.

Table 2 presents the mean Q-values of the initial pa-
tient states, as evaluated using Fitted Q-Evaluation (FQE)

Policy Correlation Coefficient (Mean ± Std)
ConformalDQN -0.563 ± 0.003
CQL -0.429 ± 0.035
DQN -0.410 ± 0.011

Table 1: Comparison of correlation coefficients between pre-
dicted Q-values and patient mortality for different policies.

trained without intermediate rewards. These Q-values corre-
late with the expected 90-day survival rate, providing a mea-
sure of each policy’s long-term effectiveness. We binned the
physician’s Q-values into intervals, calculated the observed
90-day survival rate for each bin, and mapped the mean
Q-values of each policy to corresponding survival rates
for interpretability. As shown in Table 2, ConformalDQN

Mean values of patient
Policy initial state value Survival Rate(%)
Physician 0.491 ± 0.001 74.90
DeepVent(CQL) 0.581 ± 0.025 81.65
Conformal DQN 0.639 ± 0.026 83.89

Table 2: Mean Q-values of initial patient states. Higher val-
ues indicate better expected long-term patient outcomes.

achieves the highest mean Q-value (0.639 ± 0.026), suggest-
ing better performance in terms of expected 90-day survival
rate.

Policy Action Distribution
Figure 3 presents the action distributions for different me-
chanical ventilation policies, with a notable focus on Con-
formalDQN’s clinically relevant choices. ConformalDQN
demonstrates a preference for clinically conservative pa-
rameters: low PEEP (0-5 cmH2O), high FiO2 ( 55%), and
lung-protective tidal volumes (5-7.5 ml/kg). This distribu-
tion closely aligns with physician practices and established
clinical guidelines, indicating ConformalDQN’s capacity to
learn and apply safe ventilation strategies that may reduce
the risk of ventilator-induced lung injury.

Out of Distribution Performance
To assess the robustness of our models in unfamiliar sce-
narios, we conducted an out-of-distribution (OOD) evalua-
tion. Figure 4, performance of different models in both in-
distribution (ID) and OOD data. The figure shows the mean
initial Q-values, with a red dashed line indicating the over-
estimation threshold set at 1.0. This threshold represents the
maximum possible return for an episode in the dataset, be-
yond which any Q-value is considered an overestimation.
The overestimation threshold is set at 1 because, the maxi-
mum return for an episode in the dataset—when no interme-
diate rewards are provided—is defined to be 1. This means
that the best possible outcome, or the maximum expected
cumulative reward that an agent can achieve by following an
optimal policy, should not exceed 1. Standard DDQN con-
sistently overestimates Q-values, especially in OOD scenar-
ios. This overestimation could lead to overly optimistic and
potentially unsafe clinical decisions. In contrast, CQL and
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Figure 3: Distribution of ventilator settings chosen by dif-
ferent policies. PEEP: Positive End-Expiratory Pressure
(cmH2O); FiO2: Fraction of Inspired Oxygen (%); Adjusted
Tidal Volume (ml/kg).

ConformalDQN show stability across both in-distribution
and OOD data, with Q-values remaining below the overesti-
mation threshold. This stability validates ConformalDQN’s
approach to mitigating OOD state-action pair overestima-
tion and demonstrates the effectiveness of ConformalDQN’s
uncertainty-aware method. These findings suggest that Con-
formalDQN’s uncertainty-aware approach effectively mit-
igates the risks associated with OOD state-action pairs.
By maintaining stable Q-value estimates and recommend-
ing more conservative actions in unfamiliar scenarios, Con-
formalDQN demonstrates enhanced robustness.

Discussion
In this study, we introduced ConformalDQN, a novel ap-
proach to mechanical ventilation management that integrates
conformal prediction with deep Q-learning. Our results
demonstrate the potential of this method to address critical
challenges in applying reinforcement learning to healthcare,
particularly the issues of distribution shift and uncertainty
quantification in intensive care units. ConformalDQN’s per-
formance, as evidenced by the mean Q-values of initial
patient states (0.639 ± 0.026), indicates a significant im-
provement over CQL (0.581 ± 0.025) and physician policies
(0.491 ± 0.001). This suggests that ConformalDQN could
potentially lead to better long-term patient outcomes, specif-
ically in terms of 90-day survival rates. The stronger nega-
tive correlation between Q-values and mortality compared to

Figure 4: Comparison of mean initial Q-values for in-
distribution (ID) and out-of-distribution (OOD) scenarios.
Error bars represent variances. The horizontal line indicates
the maximum expected return.

CQL and DQN further supports ConformalDQN’s superior
ability to assess patient risk and predict outcomes.

The action distribution analysis indicates that Con-
formalDQN closely mimics clinician behavior in select-
ing ventilator settings, especially in adhering to lung-
protective strategies. The preference for lower PEEP values
(0-5 cmH2O) and conservative tidal volumes (5-7.5 ml/kg)
aligns with current clinical guidelines aimed at minimizing
ventilator-induced lung injury. This alignment suggests that
ConformalDQN has effectively learned clinically relevant
patterns from the training data, a crucial factor for the poten-
tial clinical adoption of AI-driven decision support systems.

Importantly, ConformalDQN’s performance in out-of-
distribution scenarios demonstrates its robustness to the
challenge of distribution shift. Unlike standard DDQN,
which shows significant overestimation in OOD cases,
ConformalDQN maintains stable Q-value estimates below
the overestimation threshold. This characteristic is vital in
healthcare applications, where encountering atypical cases
is common and where overconfident decisions could lead to
adverse outcomes.

The threshold in ConformalDQN acts as a tunable filter
for action selection; by adjusting it to be less conservative
(using a lower threshold value), we can allow the agent to
consider actions that appear less frequently in the behav-
ioral policy. This would enable more exploration since ac-
tions with lower probabilities in the expert dataset would still
be considered valid choices if their Q-values are promising.
A key advantage of ConformalDQN’s approach is that ad-
justing the confidence threshold can be done post-training
without requiring the model to be retrained. This flexibil-
ity allows us to tune the exploration-conservatism trade-off
simply by changing the threshold parameter during deploy-
ment. The choice of conformal prediction over other un-
certainty quantification techniques, such as Bayesian meth-
ods and ensembles, was driven by three key advantages: (1)
it provides distribution-free uncertainty guarantees without
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requiring assumptions about physiological parameters and
ventilation responses, (2) it is computationally efficient as a
lightweight post-processing step, avoiding the overhead of
ensemble models or posterior sampling, and (3) it allows
clinicians to adjust conservatism thresholds after training
without model retraining.

Compared to recent works in the field, such as VentAI
(Peine et al., 2021) and DeepVent (Kondrup et al., 2023),
ConformalDQN offers an additional advantage of uncer-
tainty quantification. This feature not only enhances the
safety of the model but also provides interpretable confi-
dence measures, which could be crucial for clinician trust
and potential human-in-the-loop implementations.

However, despite the promising performance demon-
strated by ConformalDQN in this study, further efforts need
to be taken in order to be clinically applicable. An impor-
tant direction for future research is the extension of Con-
formalDQN to continuous action spaces. The current dis-
cretized approach, while effective, may not capture the full
granularity of ventilator settings possible in ICUs. By adapt-
ing the method to handle continuous actions, we could en-
able finer-grained control over ventilator parameters. An-
other direction is the development of a state-conditioned
conformal prediction method. In this enhanced version, the
conformal predictor would adapt its uncertainty estimates
based on the current patient state, allowing for more nuanced
and context-specific decision-making. This could potentially
improve the model’s performance in highly variable clinical
scenarios, where the appropriate level of certainty may differ
depending on the patient’s condition.

Conclusion
In conclusion, ConformalDQN represents a promising step
towards more reliable and safer AI-driven decision support
in healthcare, particularly in mechanical ventilation manage-
ment. By addressing key challenges in offline RL includ-
ing uncertainty quantification and distribution shift, this ap-
proach offers more robust and trustworthy AI systems. No-
tably, the application of this method can be extended beyond
mechanical ventilation to other domains and safety-critical
environments, such as autonomous driving and financial sys-
tems.

A Glossary of Acronyms
This glossary provides the definitions for the acronyms used
throughout the feature collection section.

• BUN: Blood Urea Nitrogen
• diasBP: Diastolic Blood Pressure
• FiO2: Fraction of Inspired Oxygen
• GCS: Glasgow Coma Scale
• INR: International Normalized Ratio
• PEEP: Positive End-Expiratory Pressure
• PaO2: Partial Pressure of Oxygen
• PaCO2: Partial Pressure of Carbon Dioxide
• PTT: Partial Thromboplastin Time
• SIRS: Systemic Inflammatory Response Syndrome

• SOFA: Sequential Organ Failure Assessment
• SpO2: Oxygen Saturation
• sysBP: Systolic Blood Pressure
• Vt: Tidal Volume
• WBC: White Blood Cell count
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