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Abstract
Objective: This study aimed to develop an explainable model for predicting mechanical ventilation (MV) duration in
patients with acute respiratory distress syndrome (ARDS) using on a machine learning (ML) approach.

Method: Of the 4443 patients with ARDS in the Medical Information Mart for Intensive Care-IV database, 2702 were
selected to construct feature set A (age at admission, BMI, Acute Physiology Score III [APS-III], Sequential Organ Failure
Assessment [SOFA] score, and other features at MV initiation), and 2228 patients remained for construct feature sets B
(age, APS-III, SOFA score, and remaining features after 24 hours MV) and C (A+B). After feature sets were randomly
assigned with 70% in a training cohort and 30% in a testing cohort, tenfold cross-validation was conducted on training
cohort to determine the best performing model, which was accessed in the related testing cohort and explained using
SHapley Additive exPlanations (SHAP).

Result: The tenfold cross-validation results indicated that the Extreme Gradient Boosting model had the best performance
on the training set (root-mean-square error [RMSE]=5.78 days [SD=0.52 days]) among six algorithms. The Bland–Altman
plot and paired sample t-test results indicated that the predicted and actual values of the optimal model were consistent,
with RMSE=6.85 days. The SHAP results indicated that the three most important features for the model were APS-III, age,
and BMI, and there was an obvious effect of the interaction between APS-III and age on the SHAP value.

Conclusion: ML models can accurately predict the MV duration of patients with ARDS in intensive care units. The feature
set based at MV initiation had better predictive performance than the feature set at 24 hours after MV.

Introduction
Acute respiratory distress syndrome (ARDS) is a diffuse lung disease caused by in�ammatory damage to pulmonary
capillary endothelial and alveolar epithelial cells during severe infection, shock, trauma, and burns, which can lead to acute
hypoxic respiratory insu�ciency or failure (1, 2). Globally, 30–47% of patients in intensive care units (ICUs) are diagnosed
with ARDS, and the mortality rate ranges from 35–46%(3). In addition to the treatment of primary disease, the primary
goal for patients with ARDS is to correct hypoxemia, in which mechanical ventilation (MV) is the most important means of
respiratory support(4, 5). Although treatment interventions are bene�cial to patients with ARDS, a prolonged MV time
related to ARDS will not only prolong the ICU stay and increase the treatment cost, but also increase the risk of pneumonia
caused by conditional pathogens, resulting in a poor prognosis(6, 7).

Early prediction of MV duration is also essential for clinical decisions and care strategies, since it affects the timing of
tracheostomy(8), initiation of nutrition(9), intensive glycemic control use(10), or transfer to other long-term ventilation
units(11). Intensivists therefore tend to predict MV duration for risk strati�cation and ICU management. However, the
current evidence is inadequate for the accuracy of intensivists making early predictions of MV duration(12), indicating the
importance of developing accurate and objective tools for predicting MV duration. With the development of computer
power, machine learning (ML)—as a subset of arti�cial intelligence combined with statistical analysis using computer
science—is being widely used in critical care, and has impressive performance(13). We therefore aimed to collect the early
features of patients with ARDS in ICUs and develop models based on multiple ML algorithms to predict MV duration.

Method
Data source and feature selection

All data were extracted using Structured Query Language from the Medical Information Mart for Intensive Care (MIMIC)-IV
database (version 1.0), which contains over 40,000 ICU admissions from 2018 to 2019 at the Beth Israel Deaconess
Medical Center. All patient identities were obfuscated to protect privacy following the Health Insurance Portability and
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Accountability Act(14)(15). Feature selection was based on previous research and the experience of our clinical
experts(16–18). Finally, age, BMI, Acute Physiology Score (APS)-III, Sequential Organ Failure Assessment (SOFA) score,
partial pressure of oxygen (PO2), fraction of inspired oxygen (FiO2), PO2/FiO2 ratio, partial pressure of carbon dioxide
(PCO2), and positive end-expiratory pressure (PEEP) were included. We designed three feature sets to �t the ML model:
model A included age, BMI, APS-III, SOFA score, and remaining features at MV initiation; model B included age, APS-III,
SOFA score, and remaining features 24 hours after MV; and model C comprised models A and B).

Study population

According to the Berlin de�nition of ARDS (PaO2/FiO2 ratio <300 mmHg)(19), 4443 patients with ARDS were included in
this study. After excluding patients with MV duration <24 hours (n=665) and missing features (n=1,076), 2702 and 2228
patients were selected to construct feature set A and feature sets B and C, respectively.

Machine learning models and explanation

Feature sets were randomly assigned, with 70% in the training cohort and 30% in the testing cohort. Six supervised ML
algorithms (support vector machine, decision trees, bagging, random forest, gradient boosting decision tree, and Extreme
Gradient Boosting [XGBoost]) were �tted to the training cohorts of feature sets A, B, and C. The primary assessment of
prediction was the root-mean-square error (RMSE) in the ML regression. After parameter tuning with tenfold cross-
validation, which means that the data sets were divided into ten parts (nine were used for training, and one was used for
ten runs of testing), the combination of the ML algorithm and the feature set with the best predictive performance (least
RMSE) after cross-validation was selected as the �nal model to be compared with the testing cohort and explained (Figure
1).

Figure 1

Algorithm development improves the complexity of the model, such as in the ensemble or deep learning models, which
further complicates the interpretation of the model. In response to this problem, Lundberg and Lee(20) proposed the
SHapley Additive exPlanations (SHAP) in 2017 as a uni�ed framework to explain predictions. Based on the logic of game
theory, SHAP computes and returns the Shapley value, which represents the model prediction as the contribution of the
local accuracy of each covariate to the original model. A variable of higher importance will have fewer missing
corresponding Shapley values, and therefore a higher Shapley value.

All statistical analyses were performed using the R Project for Statistical Computing (version 4.0.1) environment. 

Results
The clinical characteristics of feature sets A, B, and C as well as the results of univariate analyses are listed in Table 1.
Compared with feature set A, patients in sets B and C had signi�cantly longer MV durations. Similarly, patients in sets B
and C had signi�cantly higher APS-III scores and PEEP at MV initiation. There were no signi�cant differences in age, BMI,
SOFA score, PO2, PO2/FiO2, and PCO2 at MV initiation between the patients in the two sets. After 24 hours of MV, the PEEP
and PO2/FiO2 of patients in feature sets B and C signi�cantly increased, while PO2, FiO2, and PCO2 signi�cantly
decreased.

Table 1

The tenfold cross-validation results of the six ML models are presented in Table 2. The results demonstrated that the
model �tted with feature set A had the best predictive power among all feature sets and ML algorithms. The XGBoost-
based feature set A had the best predictive performance among all models (RMSE=5.78 days [SD=0.52 days]).



Page 4/13

Table 2

XGBoost was �nally selected as the best algorithm, and the performance of the models constructed using the three
feature sets was veri�ed using the testing cohort (Table 3). Consistent with the tenfold cross-validation results, compared
with feature sets B (RMSE=7.17 days) and C (RMSE=7.15 days), the model built using feature set A had the best
prediction accuracy on the testing cohort (RMSE=6.85 days). The Bland–Altman plot and paired-sample t-test results
indicated no signi�cant difference between the XGBoost prediction results and the actual results of the testing cohort
(Figure 2).

Table 3, Figure 2

The results of SHAP interpretability feature importance for the best performance model was showed in (Figure 3). The
results indicated that APS-III score was the most important feature in the model, while the FiO2 value at MV initiation was
the least important. The relationship between each feature and the SHAP value is shown in (Figure 4). Figure 4 also
presents the relationship between features, the most interacted features, and the SHAP value. According to Figure 4, the
relationships between the three most important features (APS-III score, age, and BMI) and SHAP value were more
prominent, while correlation tests indicated that all features were signi�cantly correlated with the SHAP value. When an
APS-III score was less than 120, it was positively correlated with the SHAP value; when an APS-III score exceeded 120, the
explanatory power of this feature to the model began to decline. Similarly, the peak SHAP value for age was around 33,
and the SHAP value then gradually decreased. BMI and SHAP presented a similar W-shaped relationship, reaching peaks
at 25, 40, and 50. SHAP also re�ected a clear interactive relationship between age and APS-III score. When APS-III scores
were lower, older age explained the model to a greater degree. For those younger than 60 years, higher APS-III was
associated with a higher SHAP value, and for those older than 60 years, a higher APS-III was associated with a lower
SHAP value. There were no obvious interaction effects between other features and the SHAP value.

Figure 3, Figure 4

Discussion
Our results indicate that feature set A consisting of age at admission, BMI, APS-III, and related parameters at MV initiation
for patients with ARDS in ICUs was more effective in predicting MV persistence than the feature sets collected 24 hours
after MV (feature sets B and C). The optimal model based on XGBoost had a similar prediction accuracy between the
training and testing cohorts (RMSE: 6.85 − 5.78 = 1.07 days). Some readily available clinical features collected at MV
initiation can accurately predict MV duration, which is very convenient for clinicians in formulating treatment plans. The
SHAP results indicated that APS-III scores, which re�ects disease severity, occupy the most important position in models
for predicting MV duration, and they interacted with age.

Previous studies have suggested that prolonged MV is signi�cantly associated with ICU mortality risk(21–23), ICU
readmission risk(24), high ICU hospitalization costs(7, 24), and decreased long-term quality of life(21). Accurate MV
duration predictions can therefore allow better risk strati�cation of patients, assist clinical decision-making, and optimize
ICU resource allocation, which is of great signi�cance for improving both cost-effectiveness and patient outcomes.
Although there has been considerable research and prediction models on prolonged MV duration, because the de�nition of
prolonged MV was not consistent, the performance evaluation of related prediction models is not applicable to all
situations(26). Few previous studies have investigated predictions of speci�c MV duration, and such predictions based on
the clinical experience of intensivists are unsatisfactory(12). New prediction tools must therefore be developed. ML has
been applied to predict MV duration(26–29). However, previous studies using MV duration as a dependent variable for ML
regression modeling only used data from the MIMIC-III data set, which includes patients admitted to ICUs from 2001 to
2012, which may be outdated data that do not re�ect current patient situations.
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We believe that our study had particular strengths. First, we used the MIMIC-IV database. In addition to �xing the errors of
the MIMIC-III, the MIMIC-IV includes patients from 2008 to 2019, which can better represent the actual current situations of
patients with ARDS. Second, we used SHAP to explain the ‘black box’ of the XGBoost algorithm, making the model easier
to understand for clinical staff. Third, our results indicate that features at MV initiation have better predict accuracy than
features collected 24 hours after MV, which gives our model a higher potential for early MV duration prediction. Our study
also had limitations. Its single-center retrospective design means that more evidence from external validation and
prospective studies should be obtained in the future. Due to the limitations of the database, we also could not obtain real-
time data for some features, so we could only use the values   on the �rst day of ICU admission, which may have reduced
the accuracy of our model. We also applied

Conclusion
ML models can accurately predict MV duration in patients with ARDS in ICUs. The feature set based at MV initiation had
better predictive performance than the feature set based at 24 hours after MV.
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Tables
Table.1

 The clinical characteristic of patients in feature sets
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  Features set A (N=2,702) Feature set B/C (N=2,228) p value

MV Duration 7.1(6.4) 7.9(6.7) <0.001α

Age 62.7(15.7) 62.3(15.6) 0.340α

BMI 31.5(10.1) 31.6(9.9) 0.463α

APS-III Score 74.5(29.2) 78.4(28.7) <0.001α

SOFA Score 2.7(2.9) 2.8(3.0) 0.221α

Features at MV begining      

PEEP 7.3(3.5) 7.5(3.6) 0.048α

PO2 111.2(58.5) 112.6(60.6) 0.696α

FiO2 72.8(24.8) 74.8(24.5) 0.004α

PO2/FiO2 170.0(119.9) 165.9(101.9) 0.139α

PCO2 46.7(15.5) 46.7(15.7) 0.994α

Features after 24 hours MV      

PEEP / 8.8(4.2) <0.001β

PO2 / 105.2(41.9) 0.014β

FiO2 / 53.0(16.7) <0.001β

PO2/FiO2 / 218.2(149.1) <0.001β

PCO2 / 42.4(11.7) <0.001β

α: the p values were calculated by Mann-Whitney U test; β: the p values were calculated by Wilcoxon signed-rank test

  

Table.2 

Prediction performance for mechanical ventilation duration among machine learning algorithms 
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Algorithm MRMSE±SD

Feature Set A Feature Set B Feature Set C

Support vector machine 6.00±0.66 6.40±0.71 6.35±0.83

Decision tree 5.94±0.63 6.53±0.68 6.25±0.72

Bagging 5.84±0.54 6.20±0.60 6.20±0.76

Random forest 5.86±0.52 6.17±0.65 6.23±0.75

Gradient Boosting Decision Tree 5.80±0.55 6.00±0.60* 5.98±0.79*

XGboost 5.78±0.52* 6.14±0.68 6.15±0.97

RMSE: Root mean square error; SD: Standard deviation

RMSE and SD were calculated from the result of 10-fold cross-validation

*Best performance model in each feature set

 

Table.3 

Prediction performance for mechanical ventilation duration by XGBoost

XGboost RMSE

Feature Set A 6.85

Feature Set B 7.17

Feature Set C 7.15

RMSE: Root mean square error

RMSE were calculated for the testing cohort

 

Figures
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Figure 1

The �ow chart of machine learning model construction
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Figure 2

The Bland–Altman plot for actual and prediction value of mechanical ventilation duration by best performing model

The red dotted line represents the 95% limits of agreement

The black implementation represents the average of the differences

The X and Y axes are normalized
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Figure 3

SHapley Additive exPlanations value summary point variable importance plot

Purple points represent high values of the feature, and yellow points represent lower values. A positive SHAP value means
that the eigenvalue increases the MV duration.
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Figure 4

The relationship between feature value and SHapley Additive exPlanations value and feature interactions


