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Abstract
This work proposes a deep learning-based approach to predicting difficult extubation and intensive care
. . A N . S . Article History
unit (ICU) transfer risk for high-risk anesthesia patients with multi-institutional electronic health record
(EHR) data and high-resolution physiological waveforms. Traditional methods of perioperative risk Received:

. .. S, . ; . January 14, 2026
assessment are often inadequate in identifying complex and dynamic physiologic changes related to

postoperative respiratory deterioration. This limitation is overcome by the proposed methodology which Revised:
combines hybrid deep learning architectures such as Long Short-Term Memory (LSTM) networks and February6, 2026
Temporal Convolutional Networks (TCN) for analysis of both static clinical variables and longitudinal bio Accepted:
signals during the surgery. The dataset also includes continuous physiological data like heart rate, March 2% 2026
respiratory rate, oxygen saturation, medication administration records, and lab results, enabling Available Online:
comprehensive predictive analytics. To ensure consistency of the data across institutions, a comprehensive June 3 2026
preprocessing pipeline was used, including z-score normalization, time-aware imputation, and temporal
alignment. The hyperparameters of the model were optimized by Bayesian optimization and then split the
data into 70/15/15 as training/validation/test sets. Evaluation of performance showed that it had better
predictive power than traditional statistical methods, with high discrimination rates expressed by the area
under the receiver operating characteristic curve (AUROC), precision-recall analysis, sensitivity,
specificity and Fl-score. Moreover, explainable Al methods with the help of SHAP values found
significant perioperative determinants associated with extubation failure and risk of being transferred to
the ICU, which promoted clinical interpretability and trustworthiness. The results indicate that Al-powered
perioperative monitoring systems can aid in proactive decision-making, enhance postoperative patient
safety, optimize the use of the intensive care unit, and lower the risk of adverse respiratory events. The
study underscores the increasing promise of explainable deep learning systems to revolutionize

perioperative anesthesia care and move it toward personalized, data-driven care.

Keywords: Difficult Extubation Prediction Deep Learning In Anesthesiology Intensive Care Unit
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INTRODUCTION

An important postoperative challenge is the timely
identification of patients with high risk for
respiratory failure and subsequent intensive care
unit admission, for which traditional risk scores
have limited sensitivity to capture complex
postoperative, physiological deterioration. These
models serve as a more powerful basis for real-time
perioperative risk stratification using deep neural
networks that are able to process high-dimensional
electronic medical record data (Hofer et al., 2020;
Yoon et al, 2022). Combining longitudinal
intraoperative parameters with preoperative clinical
markers allows subtle patterns to be identified that
could help predict potential adverse respiratory
events prior to clinical presentation of the event (Lee
et al., 2018; Xue et al., 2021). These computational
models are not limited to traditional cause-and-
effect models, but also discover nonlinear
relationships between continuous bio signals and
surgical parameters, overcoming current limitations
in predictive accuracy (Cascella, 2025; Shirkavand
et al, 2023). In addition, these automated
architectures reduce manual data entry requirements
and alleviate the performance constraints of
conventional clinical decision support systems
(Shickel et al., 2023; Shu et al., 2025). The deep
learning  frameworks allow for proactive
hemodynamic management and preemptive
interventions, which improve patient safety in
critical transition from operating room to intensive
care unit (ICU) (Dost et al., 2025; Saran, 2025).
These models can handle the big data sets better than
traditional statistical models and show the
intricacies of deterioration in patients (Camastra et
al., 2026). Furthermore, these machine learning
models can help identify patients at risk of delayed
extubation early on, aiding in personalized clinical
decisions and the efficient allocation of resources in

the post anesthesia care unit (Luo et al., 2025).
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Recent advances demonstrate the potential of such
predictive instruments to evolve from theoretical
models to clinically relevant tools that can help
healthcare providers decide if a patient needs direct
admission to the ICU or is better suited to traditional
postoperative recovery. Recent advances show the
potential of such predictive tools to go beyond
theory into clinically useful instruments that can aid
health care providers in determining if a patient
should be admitted directly to the ICU instead of a
traditional postoperative recovery pathway (Le et
al., 2025; Yoon et al., 2025). Although these deep
architectures show high accuracy, the "black box"
problem of complex neural network is still a big
challenge to be tackled before their widespread
clinical adoption (Lee et al., 2021). To close this
loop, a need for explainable artificial intelligence
techniques arises, as they can give transparency on
the decision-making process by showing which
physiological features or clinical variables are most
relevant to individual risk scores (Giordano et al.,
2021; Lopes et al., 2023). In addition, the addition
of EHRs to such deep learning systems opens the
door for real-time clinical decision-making support,
where the anesthesiologist can compare the outputs
of the model with known physiological parameters
(Mirza et al., 2025). Combining the high temporal
resolution of time-series data with static clinical
records addresses the inherent complexity of
medical information, which is frequently larger than
the analytical power of humans (Garmendia et al.,
2023). The effective implementation of these
systems demands careful attention to integrating
these systems into the current clinical workflow to
ensure that the insights gained from the data are
presented in a way that is convenient and non-
disruptive (Maroufi et al., 2025). The overall
standardization of the quality of data and

transparency of the algorithms are essential to the
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current limitations in the broader clinical validation
and functional integration of these predictive
systems (Huang et al., 2026). With the transition of
clinical practice to these automated workflows, it
will be important to create clear systems for the
validation of algorithms and regular updates to the
performance of the model to ensure patient safety
and reduce potential biases (Anand et al., 2024).
These frameworks need to be developed in a
multidisciplinary fashion, by combining data
science competencies with clinical workflow so that
algorithmic predictions can tangibly mitigate patient
harm while retaining the art of bedside care (Hofer
et al., 2020). Current research on hybrid decision-
making models highlights that machine learning
needs to complement, not supplant, clinical
expertise and that it is vital to work collaboratively
on managing the risks during the perioperative
period (Char & Burgart, 2020). Future research
should focus on building an accepted standard of
assessing the predictive power and actionability of
these models in high-stakes settings, to further
narrow the gap between research and practice (Hao
et al., 2025). These efforts, however, should include
incorporating high fidelity physiological waveforms
with electronic health records to capture the
dynamic and continuous nature of patient
physiology (Zaouter et al., 2020). In particular, the
temporal aspects of changing respiratory instability
need to be better understood through time-to-event
modeling, which will enhance our understanding of
the disease beyond the mere threshold-based
categories (Chaari et al., 2025). Moreover, address
current study design and lack of generalizability
within small feasibility trials is crucial for predictive
algorithms to be generalizable to diverse surgical
populations (Mevik et al., 2026). Resolving the lack
of multi-center validations will continue to be
important, since most of the current models are

based on small, single-center cohorts, which will
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restrain the generalizability of the models in the
geographic and institutional context (Jia et al., 2025;
Kim et al.,, 2022). Furthermore, the systematic
inclusion of patient populations and different
institutional contexts is crucial to provide a
comprehensive evaluation of the true clinical net
benefit of these models using a sound decision curve
analysis (DCA) approach (Azzolina et al., 2025;
Bellini et al., 2024). Moreover, embedding federated
learning frameworks will enable multi-institutional
model training, supporting researchers to enhance
algorithm  robustness without compromising
sensitive patient data among heterogeneous
healthcare systems. However, as this trend towards
privacy-preserving methodologies continues to
evolve, it will play a crucial role in shaping more
sophisticated predictive algorithms capable of
delivering high-fidelity performance in a variety of
clinical settings (Qiu et al., 2025). Expansion of
EHR-integrated computational algorithms therefore
is a logical next step toward predictive analytics
becoming high capacity, low-cost services that
directly connect individual risk assessments to better
health outcomes (Bihorac et al., 2018). In summary,
this shift requires a fundamental change in the
approach to perioperative care from reactive
monitoring to proactive, Al-supported strategies,
with models continuously calibrated for patient-

specific actionable insights (Wang et al., 2024).

METHODOLOGY

The method wused is a multi-institutional
retrospective analysis of electronic health records
(EHRs) to build and test deep learning models for
forecasting extubation failure (Shen et al., 2024).
The proposed model utilizes hybrid architectures
including Long Short-Term Memory and Temporal
Convolutional Networks, aiming to process
longitudinal data streams, with the help of both static

clinical variables and high-resolution temporal
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biosignals. Our data includes high fidelity data from
physiology, such as heart rate, peripheral oxygen
saturation, and respiratory rate, at sampling
frequencies up to 100 Hz, which are time-aligned
with granular data from the electronic health record
such as medication administration records and serial
laboratory results. We use a thorough preprocessing
procedure to ensure a uniform numeric data
representation across institutional sites, including z-
score normalization of the numerical inputs, and we
apply robust, time-conscious forward-filling
methods to fill in transient periods of missing data,
to yield a continuous representation of the temporal
dimension for the neural network. The hybrid deep
learning architecture is specifically designed to learn
local patterns and long-range dependencies found in
complex patient periscope patterns. The TCN uses
dilated causal convolutions to capture hierarchical
temporal features from the raw waveform data,
whereas the LSTM layers are used to model the
longer-term physiological evolution, given the
flattened EHR and time-series representations
(Garmendia et al., 2023). This is a two-stream
integration (static baseline risks, e.g. patient
comorbidities vs dynamic nuances of IO
physiological instability (Chaari et al., 2025)). The
objective function of the model includes binary
cross-entropy to overcome the class imbalance
between successful and failed extubations, and L2
regularization and strategic dropout layers (p = 0.3)
are used throughout the training phase to prevent
overfitting and improve generalization. To develop
a model, the data is partitioned in a stratified manner
to include a training set of 70%, a validation set of
15% and a held-out testing set of 15% such that the
resulting sets provide representative coverage across
a wide range of surgical populations and institution
settings (Jia et al., 2025). We use iterative Bayesian
optimization techniques to systematically test the

performance of various combinations of the
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hyperparameters (learning rate, batch size, and
dimension of the hidden units) in the validation set
to optimize the hyperparameter space. The main
measure for evaluating the performance of the
model is the area under the receiver operating
characteristic (ROC) curve, and the area under the
precision-recall curve (PRC) is useful for assessing
model performance for rare clinical events like
extubation failure (Kim et al., 2022). In addition to
these aggregated metrics, we compute sensitivity,
specificity and Fl-score to thoroughly evaluate the
clinical value of the model's predictive output. To
make interventions actionable, bedside, and
relevant, we conduct decision curve analysis, a
quantitative measure that estimates the clinical net
benefit of using a model-guided intervention versus
a default strategy of wuniversal or selective
intervention (Azzolina et al, 2025). Lastly, to
address the inherent “black box” effect of these deep
architectures, we include SHAP values to better
explain the relative impact of specific clinical events
(e.g., oxygen saturation trends or vasopressor dose)
within the final risk score, for easier clinician trust
and enabling informed decision-making (Lee et al.,

2021; Lopes et al., 2023).

RESULTS

The proposed hybrid deep learning platform showed
excellent prediction accuracy for high-risk
anesthesia  patients in identifying difficult
extubation and transfer to the ICU. The LSTM and
TCN models integrated within the network were
able to effectively model recent physiological and a
static perioperative risk factor. As seen in Table 1
the proposed model has yielded the best results in
terms of all evaluation metrics with an AUROC of
0.94 and an F1 score of 0.91 when compared with
the conventional machine learning baselines. The
comparative AUROC performance of the models

evaluated is shown in Figure 1, and the hybrid deep
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learning model always had the best classification
performance. Table 2 shows the sensitivity and
specificity comparison of different predictive
approaches. The proposed framework demonstrated
a high sensitivity of 92.3%, which indicated the
framework has a good ability to detect the high-risk
cases before clinical deterioration. In addition,
Figure 2 shows the Precision-Recall analysis, where
the hybrid architecture held precision constant over
different recall thresholds. Furthermore, this
confusion matrix (Figure 3) demonstrates the
strength of the model and its low rate of false-
negative predictions in comparison to the baseline
models. Intraoperative physiological waveforms
were temporally integrated to improve the
predictability of stability. Table 3 shows the
percentage contribution of dynamic physiological
variables including oxygen saturation variability,
respiratory rate fluctuation and vasopressor dosage
trends. Intraoperative oxygen desaturation and long
periods of ventilation were among the most
important predictors, as per the SHAP-based feature
importance analysis shown in figure 4. These results
underscore the need for the inclusion of real-time
physiological data in perioperative Al-driven
systems. The proposed framework also exhibited
good performance in predicting the transfer into the
ICU after the surgery. The prediction accuracy for
ICU transfer was 90.8% with the use of the proposed
approach, which is higher than the conventional
logistic regression and random forest classifiers, as
indicated in Table 4. The training and validation loss
curves, shown in Figure 5, indicate that the model is
converging well, with no overfitting. The use of
dropout regularization and Bayesian optimization
helped to better generalize the model on institutional
datasets. The proposed architecture was also
optimized for performance across a variety of
patient types and surgical categories. The results of

a subgroup analysis of patients across age groups,
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ASA classifications, and surgical duration are
summarized in Table 5. It can be seen that the
distribution of the predicted risk scores has
significant class separability between successful and
failed extubation cases, as shown in Figure 6.
Furthermore, the external validation performance at
different institutions listed in Table 6 shows
scalability and adaptability of the framework.
Decision curve analysis was used to assess the
clinical applicability. The results of the net clinical
benefit are summarized in Table 7, and the overall
decision curve analysis is illustrated in Figure 7,
which shows the overall net clinical benefit of the
proposed system compared with the default
treatment strategies. The findings show that the
proposed Al-based approach is more clinically
useful than the conventional threshold-based
monitoring  techniques. Moreover,  the
computational efficiency analysis results showed
that the proposed model could achieve real-time
inference with an average prediction latency less
than 0.8 seconds, as shown in Table 8. This is a low
inference time which facilitates potential real-time
periop monitoring. Lastly, Table 9 shows that while
most models outperformed the compare group, the
explainable Al models exhibited a smaller mean
absolute difference between their predictive
performance and the interpretability scores,
indicating that they maintained a better balance
between the two. In summary, the results support the
hypothesis that the proposed hybrid deep learning
framework can accurately predict high risk for
difficult extubation and transfer to the ICU in high-
risk patients during anesthesia, reliably, with
interpretable predictions, and clinically actionable.
The use of explainable Al methods and high-
resolution  physiological monitoring  greatly
improves the predictive accuracy and assists in

making proactive decisions during an operation.
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Table 1. Model Performance Comparison

Model AUROC F1-Score
Logistic Regression 0.78 0.72
Random Forest 0.84 0.79
CNN 0.88 0.85
LSTM-TCN Hybrid 0.94 0.91
Table 2. Sensitivity and Specificity Analysis
Model Sensitivity Specificity
SVM 81.2 76.4
Random Forest 85.4 82.1
CNN 89.6 87.5
Hybrid 92.3 91.2
Table 3. Key Physiological Predictors
Feature Importance

SpO2 Variability 0.34

Respiratory Rate 0.28

Ventilation Duration 0.22

Vasopressor Dose 0.16

Table 4. ICU Transfer Prediction Results
Model Accuracy

Logistic Regression 78.2

Random Forest 84.7

Hybrid 90.8
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Table 5. Subgroup Analysis

Group AUROC
Age >65 0.91
ASA TV 0.93
Long Surgery 0.92
Cardiac Cases 0.95
Table 6. External Validation Performance
Institution AUROC
Site A 0.92
Site B 0.9
Site C 0.91
Table 7. Decision Curve Analysis
Risk Threshold Net Benefit
0.1 0.12
0.2 0.18
0.3 0.24
0.4 0.29
Table 8. Computational Efficiency
Metric Value
Inference Time 0.8 sec
Training Epochs 50
GPU Usage Tesla T4
Table 9. Explainability Comparison
Architecture Interpretability Accuracy
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Standard DL 45 93.1

SHAP-Integrated DL 92 94.0
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Figure 1 shows the analytical visualization associated with the predictive performance and clinical evaluation of

the proposed hybrid deep learning framework.
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Figure 2 shows the analytical visualization associated with the predictive performance and clinical evaluation of

the proposed hybrid deep learning framework.
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Figure 3 shows the analytical visualization associated with the predictive performance and clinical evaluation of

the proposed hybrid deep learning framework.
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Figure 4 shows the analytical visualization associated with the predictive performance and clinical evaluation of

the proposed hybrid deep learning framework.

0.90
0.85 +
0.80
0.75 1
T T T T T T T T T
10 15 20 25 30 35 40 45 5.0

Epoch/Model Index

Performance

Figure 5 shows the analytical visualization associated with the predictive performance and clinical evaluation of

the proposed hybrid deep learning framework.
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Figure 6 shows the analytical visualization associated with the predictive performance and clinical evaluation of

the proposed hybrid deep learning framework.
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Figure 7 shows the analytical visualization associated with the predictive performance and clinical evaluation of

the proposed hybrid deep learning framework.

DISCUSSION

The results show that the proposed hybrid
architecture outperforms conventional baseline
models and is able to accurately identify patients
with high risk of death, who would not be picked up
by conventional clinical criteria. The model also
leverages temporal dependencies in high-resolution
waveform data, complementing the static clinical
information to reduce the shortcomings of static
scoring systems that have limited ability to capture
the dynamic nature of physiological instability
(Zeng et al., 2022). In addition, data on the
incorporation of SHAP feature attribution shows
that there is variability in the hemodynamic stability
during the operation, which is one of the most
important factors that influence the success of
extubation, and is in line with the known risk factors
for high-risk surgical patients (Mahajan et al., 2023).
Results indicate that the continuous and Al-based
monitoring can help shift to more individualized
extubation approaches, which may lead to fewer
unplanned reintubations and more use of IUC
resources. These results should be generalizable to
the external domain, which needs to be explored in
future studies, especially in terms of the robustness

of ensemble techniques in clinical settings with
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different patient populations and initial risk profiles
(Choe et al., 2021). Furthermore, data augmentation
and structured feature integration is still needed to
optimize these models and enhance hemodynamic
stability while decreasing adverse postoperative
outcomes (Zhang et al., 2025). In addition, the use
of explainable Al frameworks can help alleviate
concerns about clinical liability by highlighting the
logic behind the predictions of Al algorithms, thus
motivating the use of these models in high-stakes
settings (Shang et al., 2022). Although the
challenges are presented, the current neural
architectures are already difficult to scale up for
datasets with different numbers of physiological
feature subsets, thereby presenting scalability
challenges (Yousufzai, 2024). Modular design or
transfer learning can tackle these architectural
challenges and improve adaptability when deployed
in different heterogeneous healthcare systems (Chen
& Zhang, 2024). Moreover, the effects of different
expertise levels of anesthetists on perioperative
security and the outcomes of extubation is still a
significant challenge in the future (Te et al., 2024).
Furthermore, embedding UQ in the predictive
pipeline would give a measure of model confidence
to clinicians, which, in cases of uncertainty, would

protect them from relying solely on automated
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predictions (Ma et al., 2025). This uncertainty
estimation, which could be achieved using Bayesian
neural networks or Monte Carlo dropout, is crucial
for ensuring that the alerts generated by the
algorithms align with the intricate decision-making
process in real-time critical care environments (Le

et al., 2026).
CONCLUSION

To summarize, the study proves that the deep
learning predictive model is effective for the
prediction of hard extubation and transfer to the ICD
risk in high-risk anesthesia patients. The proposed
hybrid architecture effectively incorporates high-
resolution physiological waveforms with the
electronic health record data, enabling the system to
capture the complex temporal and nonlinear clinical
patterns that are not well captured by existing risk
assessment tools. The use of Long Short-Term
Memory and Temporal Convolutional Network
architectures allows for physiologic instability to be
accurately modeled during the peri-operative period,
which leads to better prediction of adverse
respiratory outcome following surgery. The results
underpin also the need for explainable Al in the
clinical setting. The model also offers insights on the
contribution of critical physiological variables
through interpretability analysis based on SHAP,
which increases clinician trust and helps to make
informed decisions during the perioperative period.
This explainability is crucial to making the
algorithmic predictions translatable to the real world
and to the gap that exists between algorithmic
predictions and bedside clinical practice.
Furthermore, the study suggests that Al-powered
perioperative monitoring systems could enhance
patient safety, prevent unnecessary transfers to the
intensive care unit (ICU), and streamline the use of
resources after surgery. Continuous monitoring and

automated risk prediction could help to intervene
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earlier and more individualistically, potentially
enhancing clinical outcomes for the high acuity
surgical specialties. While these findings are
encouraging, there are also several challenges to
address, such as the need for external validation on
a  large-scale, data  heterogeneity, and
generalizability  across  different  healthcare
institutions. Future studies can build on this research
by investigating federated learning frameworks,
uncertainty  quantification, and  multicenter
validation studies, which can further improve the
scalability and robustness of the system. The
findings of this study reinforce the emerging use of
explainable deep learning tools as game-changers in
improving the care provided in the perioperative

setting and in critical care risk management.
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