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Predicting responsiveness to fixed-
dose methylene blue in adult
patients with septic shock using
interpretable machine learning: a
retrospective study

Shasha Xuel*, Li Li%**, Zhuolun Liu?, Feng Lyu?, Fan Wu?, Panxiao Shi', Yongmin Zhang'*,
Lina Zhang?3* & Zhaoxin Qian?3

This study aimed to develop an interpretable machine learning model to predict methylene blue (MB)
responsiveness in adult patients with refractory septic shock and to identify key factors influencing
MB responsiveness using the SHapley Additive exPlanations (SHAP) approach. We retrospectively
analyzed data from 416 adult patients with refractory septic shock who received MB treatment at
Xiangya Hospital of Central South University between June 2018 and October 2022. MB responders
were defined as patients who, within 6 hours after MB administration, exhibited either a reduction

in average norepinephrine equivalence (NEE) of > 10% or an increase in mean arterial pressure of >
10 mmHg without an associated increase in NEE. The incidence of MB responders was 38.2%(n=159).
Statistical and machine learning methods were used for feature selection, resulting in two datasets
(ST and ML). Each dataset was randomly divided into a training set (75%) for model development and
a testing set (25%) for internal validation. Prediction models were developed using logistic regression,
support vector machine (SVM), random forest, light gradient boosting machine (LightGBM), and
explainable boosting machine (EBM). The models were evaluated regarding discrimination, calibration,
and clinical benefit. The SVM model trained on the ML dataset demonstrated the best predictive
performance, with an area under the curve (AUC) of 0.74 (95% CI 0.62-0.84), 76% accuracy, 36%
sensitivity, and 94% specificity. Although the model’s sensitivity was low, its high specificity and the
safety profile of MB underscore its clinical relevance. The model showed superior net benefit within a
24-85% threshold probability, as determined by decision curve analysis. The SHAP analysis identified
the average NEE dose within 6 hours before MB initiation as the most important factor influencing
MB responsiveness (P<0.01), with higher doses positively correlating with a greater likelihood of
response. Lactate levels were identified as the second most important factor. The optimal model was
externally validated in an independent cohort from the same institution, achieving an AUC of 0.75 and
an accuracy of 74%.

Keywords Septic shock, Methylene blue, Vasopressor, Interpretable machine learning, SHapley additive
exPlanations

Septic shock is the leading cause of mortality in intensive care unit (ICU) patients'?, and vasoplegia is one
of the major pathophysiological features of the disease. The combination of vasopressors with different
mechanisms to suppress the use of catecholamines has been highlighted in this field>~>. Methylene blue (MB)
is a selective inhibitor of nitric oxide synthase and acts as a vasopressor by partially blocking the vasodilatory
effect of nitric oxide. MB has the advantages of safety’, inexpensiveness, and easy availability, especially in
developing countries. Several meta-analyses recently demonstrated that MB significantly increased blood
pressure in patients with vasoplegic shock of various etiologies, decreased the use of norepinephrine (NE), and
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even improved patient outcomes’~!°. However, these conclusions remain controversial due to the limitations
of existing studies, including small sample sizes, heterogeneity in MB application methods, varying inclusion
criteria, and inconsistent outcome measures.

Most importantly, it is unknown whether differences in application methods, such as dosage, timing, and
population, affect the effectiveness and benefits of MB. In a retrospective, observational study, the rate of MB
responsiveness was reported to be approximately 40% among patients with refractory vasodilatory shock!!. With
this in mind, identifying MB responders and influencing factors is a critical challenge that needs to be addressed.

Machine learning (ML) has emerged as a powerful tool in clinical medicine for predicting treatment
effectiveness in advantage of its ability to process complex, non-linear relationships and interactions within
large, high-dimensional datasets'>!3. Compared to traditional statistical methods, ML can better capture
variability in treatment response by learning patterns from multifaceted clinical data. This approach has the
potential to reduce ineffective use, prevent unnecessary risks, and increase the effectiveness of a given therapy. To
enhance the interpretability of our machine learning model, we utilized SHapley Additive exPlanations (SHAP),
an advanced framework designed to elucidate the contribution of each variable to the model’s predictions. By
offering insights into the valuable predictors of MB responsiveness, SHAP ensures model transparency, which
is critical for clinical acceptance and application. Together, these methods provide a robust and interpretable
solution to address variability in MB response.

To the best of our knowledge, no articles have yet been published using interpretable models to predict the
effectiveness of MB as a vasopressor in patients with septic shock. This study conducted a retrospective study
based on the sepsis-specific clinical database of Xiangya Hospital of Central South University. Patients were
categorized into two groups according to their responsiveness to MB drugs: MB responder group and MB non-
responder group. A multiple feature selection method was used for feature optimization, a variety of machine
learning methods were used to build a prediction model, and the SHAP approach was introduced to interpret
and analyze the optimal model established to explore the key factors affecting the response of septic shock
patients to MB. To assess the optimal model’s robustness and generalizability, external validation was performed
using independent patient cohorts from the same institution gathered during distinct time periods.

Methods

This study aimed to evaluate the responsiveness to methylene blue in patients with septic shock through the
application of machine learning techniques. The overall study design is summarized in the flowchart presented
in Fig. 1.

Study design

We conducted a retrospective study on adult septic shock patients who received MB treatment for vasopressor
support at Xiangya Hospital of Central South University from June 2018 to October 2022. The data were sourced
from the hospital’s Sepsis-Specific Clinical Database, which includes cases from seven independent adult ICUs.
Xiangya Hospital is a tertiary teaching hospital in Central and Southern China. This study was approved by the
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Fig. 1. The integral flowchart of the whole study.
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Medical Ethics Committee of Xiangya Hospital of Central South University, and the requirement for written
informed consent was waived because all personal information was anonymized. All research methods were
strictly carried out following relevant guidelines and regulations.

Study population

Since June 2018, ICU physicians at Xiangya Hospital of Central South University have incorporated a bolus
infusion of 2 mg/kg MB as adjunctive vasopressor therapy for septic shock patients. This approach is implemented
when the norepinephrine equivalent (NEE) dose exceeds 0.5 mcg/kg/min for two hours following adequate fluid
resuscitation. MB (2 mg/kg) was dissolved in 100 ml of sterile saline, and infused intravenously over 20-30
minutes. The physicians in charge determined the timing and population of MB administration.

The inclusion criteria were as follows: (1) confirmed diagnosis of septic shock!®!5; (2) age > 18 years; and
(3) first use of MB as a second-line vasopressor therapy (at least 6 hours after NE initiation). The electronic
health record was reviewed to determine whether patients met Sepsis-3 criteria for septic shock within the first
24 hours of ICU admission: (1) evidence of a suspected infection, defined as the combination of administration
of antibiotics (oral or parenteral) and a body fluid culture specimen obtained (blood, urine, or cerebrospinal
fluid); (2) presence of organ dysfunction, defined as 2 or more Sequential Organ Failure Assessment (SOFA)
points; (3) requiring vasopressor therapy to maintain a mean arterial pressure (MAP) of at least 65 mmHg and
a serum lactate level exceeding 2 mmol/L, despite adequate volume resuscitation. The exclusion criteria were as
follows: (1) ICU stayed < 24 hours after MB administration; (2) MB for other purposes; (3) repeated use of MB;
(4) the first use of MB was less than 6 hours away from the next medication of MB; and (5) inability to assess MB
responsiveness due to missing data.

Predictor variables and data processing

The extracted variables included demographic characteristics, comorbidities, medications, vital signs, laboratory
results, and supportive therapies such as mechanical ventilation and continuous renal replacement therapy. The
hourly pumping doses of vasoactive drugs, including NE, dopamine, and terlipressin, were calculated. The dose
and duration of glucocorticoids and MB were also recorded. The time interval between the initiation of NE and
MB was defined as Tv e, the time interval between the diagnosis of shock and the initiation of MB as T’spock, the
average dose of NEE 6 hours before MB initiation was defined as N E'E),;.., and the average NEE 6 hours after
MB initiation was defined as N E Epos¢.

The NEE dose was calculated as'®: NE dose (mcg/kg/min) + 1/100 x dopamine dose (mcg/kg/min) + 0.06
x phenylephrine dose (mcg/kg/min) + 10 X terlipressin dose (mcg/kg/min) + 0.2 x MB dose (mg/kg/h) + 8
x metaraminol dose (mcg/kg/min) + 0.02 X hydroxocobalamin B12 dose (g) + 0.4 x midodrine dose (mcg/
kg/min). The change in NEE(NEE%) was calculated as (N EEpost - NEEp,e) | NEEp,. X 100%. All patients
were divided into two groups: MB responders and MB non-responders. Patients were defined as MB responders
if they met either of the following criteria within 6 hours after MB administration: (1) a reduction in the average
NEE dose by at least 10% (NEE% < —10%), with MAP > 65 mmHg; (2) a stable NEE dose (—10% < NEE% <
10%), but an increase in MAP of > 10 mmHg. Patients who did not meet either of these criteria were classified
as MB non-responders. These thresholds were established by integrating findings from studies on vasopressin
responsiveness!”!8, the effective half-life of methylene blue’, and clinical significance.

A total of 24 candidate predictor variables were collected. Outliers in continuous variables were identified
using the interquartile range (IQR) method and visually inspected using boxplots and histograms. For variables
where outliers represented clinically plausible extreme values, these data points were retained. For outliers likely
arising from errors, values were corrected or excluded based on clinical plausibility. Variables with a missing
value ratio of more than 20% were excluded. The k-nearest neighbor (KNN) imputation method was used
to fill in missing values of the remaining variables'*-2!. Specifically, the KNN imputation method combined
with the random forest algorithm based on the scikit-learn library was employed for training. Meanwhile, the
performance of the KNN imputation method was evaluated based on the root mean square error (RMSE) and
the average area under the receiver operating characteristic curve (AUC) (details in Supplementary Fig. S1-S3).
The interpolation dataset corresponding to the K value with the best performance was selected as the dataset for
subsequent multiple-feature selection.

Feature selection and statistical analysis

Categorical variables were summarized as counts and percentages, denoted as n (%), while continuous
variables were reported as means + standard deviations (SDs) for normally distributed data or as medians
with interquartile ranges (IQRs) for non-normally distributed data. All statistical analyses and modeling were
conducted using PyCharm software (Python version 3.9.13). Intergroup differences for categorical variables
were assessed using the chi-square test, while continuous variables were compared using either the independent
sample t-test (for normally distributed data) or the Wilcoxon rank-sum test (for non-normally distributed data).
To avoid overfitting of the prediction model and multicollinearity among predictors, a multiple-feature selection
approach was adopted (details in Supplementary Table S1 and Supplementary Fig. S4-S6). First, the candidate
predictors were selected through univariate analysis, with a threshold for inclusion set at a P value < 0.30%2%3. The
threshold was set higher than the conventional 0.20 to ensure that variables with potential predictive value, even
if they showed weaker univariate associations, were not excluded prematurely. This approach was particularly
important given the complex and multifactorial nature of septic shock, where interactions among variables
may enhance their predictive utility in multivariable modeling. Then, Pearson correlation coefficient tests were
performed to explore the relationships between variables, producing the ST dataset (derived from statistical
methods). Moreover, various machine learning techniques, including random forest-based recursive feature
elimination and CatBoost, have been integrated for feature engineering, resulting in the ML dataset (derived
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from machine learning methods)?*?. Both the ST and ML datasets were prepared for subsequent modeling.
We acknowledge that utilizing the entire dataset for feature selection may inadvertently introduce a risk of data
leakage. To minimize this potential issue, we ensured that feature selection was solely for identifying candidate
predictors, without model training or testing, thus preventing the direct use of the testing dataset in the selection
process.

Machine learning model development and evaluation

The ST and ML datasets were randomly split into a training dataset (75%) for model development and a testing
dataset (25%) for internal validation. The 75/25 split was chosen to provide sufficient data for model training while
maintaining a sufficient sample size for internal validation to evaluate the reliability of the models. Five popular
machine learning classification algorithms, including logistic regression (LR), random forest (RF), explainable
boosting machine (EBM), support vector machine (SVM), and light gradient boosting machine (LightGBM),
were applied in the model development. Among these, EBM is a glass-box model based on generalized additive
models, which demonstrates comparable accuracy to other machine learning models while shedding light on the
contribution of each feature to the final prediction?®?’. The hyperparameters of the models were tuned via a grid
search and 5-fold cross-validation on the basis of the training dataset. The 5-fold cross-validation method was
selected to balance computational efficiency and performance reliability, allowing for robust evaluation without
excessive computational cost. The optimal hyperparameter combinations were determined based on accuracy
evaluated on the training data. To minimize the risk of overfitting, we employed several strategies. Logistic
regression used L1 and L2 regularization, with the optimal penalty strength determined through grid search
and 5-fold cross-validation. For tree-based models such as random forest and Light GBM, built-in regularization
techniques were optimized, including tuning parameters like max depth, minimum data in leaves, and feature
fraction. Importantly, all training and hyperparameter optimization processes were confined to the training
dataset, ensuring that no information from the testing dataset influenced model development.

The model’s predictive performance in the testing dataset was preliminarily evaluated using several metrics,
including AUC, accuracy, sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV),
and F1 score. To calculate the 95% confidence intervals (CIs) for these metrics, 1,000 bootstrap resamples were
performed. The F1 score, defined as the harmonic mean of precision and recall, was employed as an additional
performance metric, particularly useful in the context of class imbalance. The F1 score was calculated as follows:

Precisi 11
F1 score — 2 x recision X Reca.

Precision + Recall

The F1 score played a significant role in this study as it provided a balanced measure of the model’s ability
to correctly identify responders and non-responders. The calibration of the models was evaluated by plotting
calibration curves and calculating the Brier score, which represents the mean squared error of the probabilistic
predictions?®?. A lower Brier value indicates better calibration. Decision curve analysis (DCA) was conducted
to evaluate the clinical utility of the decision models™. Statistical tests were used to compare the performance of
different models. Specifically, the Friedman test was applied to determine whether significant differences existed
in AUC, accuracy, and F1 scores across the machine learning models. If significant differences were observed,
a Nemenyi post hoc test was conducted to identify pairwise differences and evaluate model performance.
The optimal model was selected based on these analyses, and its robustness and generalizability were further
validated using an independent dataset collected from the same institution but spanning a different period.
External validation helps evaluate the performance of the model in the time queue and provides additional
evidence for its clinical applicability. The machine learning models were built and evaluated with the following
software packages: pandas, matplotlib, scikit-learn, interpret, and LightGBM.

Machine learning explainable tool

SHAP analysis is a unified approach for explaining the output of machine learning models’!, elucidating the
contribution of each feature to the predicted outcome. All features are considered contributors to SHAP analysis.
Each feature receives its own SHAP value, providing explanations at both the local and global levels®2. Local
interpretability focuses on how each feature influences the model’s prediction for an individual, and global
interpretability focuses on how each feature affects the model predictions across the entire dataset.

Results

Patient characteristics

From June 2018 to October 2022, a total of 579 patients received MB infusions as second-line vasopressors at
Xiangya Hospital of Central South University. Ultimately, 416 patients were included for statistical analysis,
with 159 patients (38.2%) being responders. The entire process of patient inclusion and variable selection is
illustrated in Fig. 2. The majority of patients were from comprehensive ICU (91.6%, 381 cases), so the ICU
types were dichotomously categorized into comprehensive ICU and specialty ICU. The latter included
neurosurgical, neurologic, respiratory, emergency, cardiothoracic surgical, and cardiovascular medical ICUs.
The dataset was randomly divided into training data (75%, 312 cases) and testing data (25%, 104 cases), with MB
responders accounting for 40.4% (126/312) and 31.7% (33/104), respectively. After feature engineering, a total
of 13 predictive variables were identified. Table 1 presented the relevant variable information of all septic shock
patients receiving methylene blue treatment, which we compared into the overall, MB responders group, and
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Fig. 2. Flowchart of patient inclusion and variable selection.

MB non-responders group. Compared with non-responders, MB responders had significantly shorter Tn £ and
higher NEE,,. doses (p<0.01).

Machine learning model performance

The hyperparameter tuning ranges and the optimal combinations of hyperparameters for each model are detailed
in Supplementary Tables S2 and S3. GridSearchCV with 5-fold cross-validation was used for hyperparameter
optimization, ensuring robust and reliable model performance. The correlation heatmaps between variables
in the ST dataset and ML dataset are shown in Fig. 3. As illustrated in the figures, no multicollinearity issues
were found in either dataset. The LR, RE EBM, SVM, and LightGBM models were established on both training
datasets. Figure 4a,b shows that the AUC values of the five models based on the ST testing dataset were 0.69(95%
CI 0.57-0.80), 0.68(95% CI 0.57-0.79), 0.70(95% CI 0.58-0.80), 0.74(0.63-0.83), and 0.73(95% CI 0.62-
0.83), while the AUC values of the five models based on the ML testing dataset were 0.73(95% CI 0.61-0.83),
0.71(95% CI 0.60-0.82), 0.66(95% CI 0.55-0.78), 0.74(95% CI 0.63-0.84), and 0.71(95% CI 0.60-0.82). Table
2 displays eight evaluation metrics calculated from both testing datasets to preliminarily assess and compare
the performance of all the models. From the perspective of the AUC, the SVM model outperformed the other
machine learning models, achieving an AUC of 0.74 in both the ST and ML datasets. In contrast, the EBM model
in the ML dataset exhibited the poorest generalization ability, with an AUC of 0.66. The F1 score values of the
five models based on the ST testing dataset were 0.53(95% CI 0.37-0.68), 0.53(95% CI 0.36-0.68), 0.54(95% CI
0.38-0.68), 0.55(95% CI 0.39-0.70), and 0.53(95% CI 0.36-0.68), while the F1 score values of the five models
based on the ML testing dataset were 0.45(95% CI 0.27-0.61), 0.48(95% CI 0.31-0.64), 0.46(95% CI 0.30-0.60),
0.49(95% CI 0.31-0.64), and 0.57(95% CI 0.41-0.71). The F1 scores of the five models varied across the ST and
ML datasets, with the EBM model achieving the highest F1 score of 0.57 in the ML dataset and the LR model
showing the lowest F1 score of 0.45. Overall, these models demonstrated moderate F1 scores and relatively low
sensitivity. We emphasize that this step represents a preliminary screening process. The selection of the final
model involves additional evaluation using calibration curves and decision curve analysis to identify the most
clinically relevant model.

The calibration performance of the five models was evaluated on both testing datasets to assess the
consistency between the predicted and actual probabilities. As shown in Fig. 4¢,d, the SVM model exhibited the
best agreement with the actual probabilities across all the models in both datasets. This observation was further
supported by the Brier score results, which quantify the accuracy of probabilistic predictions. The Brier scores
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Overall MB responders MB non-responders | P value

Demographic informations

Count 416 159 257

Gender female(%) 273(65.63) 105(66.04) 168(65.37) 0.89
Age™ (years) mean(SD) 58.29(15.81) 58.98(15.71) 57.87(15.88) 0.55
Comprehensive Icu# (%) 381(91.59) 152(95.60) 229(89.11) 0.02
Weight* (kg) median(Q1, Qs) 59.11(50,63.25) 60(50,65) 60(50,63) 0.48
Smoking history™ (%) 121(29.09) 40(25.16) 81(31.52) 0.17
Drinking history(%) 82(19.71) 31(19.50) 51(19.84) 0.93

Vital signs

Ozxygenation index*# (mmHg) median(Q1, Q3) | 186.98(110,281.89) | 195(114.58,281.89) | 172.5(109.76,281.4) | 0.28

Lactate™ (mmol/L) median(Q1, Q3) 3.1(1.7,6.2) 3.1(1.89,6.1) 3.1(1.6,6.2) 0.41
Intervention

CRRT(%) 116(27.88) 46(28.93) 70(27.24) 071
Terlipressin® (%) 98(23.56) 42(26.42) 56(21.79) 0.28
Corticosteriod(%) 167(40.14) 61(38.36) 106(41.25) 0.56
Mechanical ventilation™ (%) 329(79.09) 131(82.3) 198(77.04) 0.19
Comorbidity

Immunosuppressive status(%) 17(4.09) 5(3.14) 12(4.67) 0.45
Hypertension(%) 137(32.93) 52(32.70) 85(33.07) 0.94
Diabetes(%) 67(16.11) 26(16.35) 41(15.95) 091
Coronary heart disease(%) 43(10.34) 16(10.06) 27(10.51) 0.89
Atrial fibrillation¥ (%) 13(3.13) 3(1.89) 10(3.89) 0.25
Pulmonary disease(%) 7(1.68) 2(1.26) 5(1.95) 0.6
Kidney disease(%) 50(12.02) 19(11.95) 31(12.06) 0.97
Liver disease™ (%) 32(7.69) 15(9.43) 17(6.61) 0.29
Severity scores

Tonoer™* (hours) median(Q1, Q3) 23.61(7.58,103.52) | 2025(5.9,61.22) | 24.95(9.1,13333) | 0.04
Tn5*# (hours) median(Q1, Q3) 16.68(4.68,52.62) | 14.13(2.66,39.25) | 19.85(6.87,62.63) <0.01
NEE,,.*# (mcg/kg.min) median(Q1, Qs) 0.65(0.29,1.61) 1.31(0.51,3.03) 0.52(0.22,1.02) <0.01
SOFA median(Q1, Q3) 13(10,17) 13(11,16) 14(10,17) 0.72

Table 1. Major variables for septic shock patients receiving methylene blue. *: variables included in the
ML dataset; #: variables included in the ST dataset; CRRT: continuous renal replacement treatment; SOFA:
sequential organ failure assessment.
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Fig. 3. Correlation matrix among variables selected via statistical (a) and machine learning (b) methods. (a)
Correlation heatmap of 10 variables in the ST dataset. (b) Correlation heatmap of 8 variables in the ML dataset.
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Fig. 4. Performance of each prediction model. (a-b) Receiver operating characteristic (ROC) curves for the
five machine learning models based on the ST dataset (a) and the ML dataset (b), showing model performance
in the test sets. The SVM model demonstrated the best overall performance. (c-d) Calibration curves for the
five machine learning models based on the ST dataset (c) and the ML dataset (d), illustrating the agreement
between predicted and actual risks in the test sets. (e—f) Decision curve analysis (DCA) for the five machine
learning models based on the ST dataset (e) and the ML dataset (f), showing clinical net benefit across different
threshold probabilities in the test sets.

Model \ AUC \ Accuracy (95%CI) \ Specificity (95%CI) | Sensitivity (95%CI) \ F1 score \ PPV \ NPV \ BS (95%CI)
ST dataset derived from statistical methods

LR 0.69 | 0.76(0.67-0.84) 0.92(0.85-0.97) 0.42(0.37-0.68) 0.53 0.70 |0.77 |0.19(0.16-0.22)
RE 0.68 | 0.74(0.65-0.82) 0.87(0.80-0.95) 0.45(0.29-0.62) 0.53 0.63 |0.78 |0.20(0.17-0.23)
EBM 0.70 | 0.74(0.65-0.83) 0.86(0.77-0.93) 0.48(0.32-0.65) 0.54 0.61 |0.78 |0.20(0.17-0.23)
SVM 0.74 | 0.76(0.68-0.85) 0.92(0.85-0.97) 0.42(0.29-0.62) 0.53 0.70 |0.77 |0.18(0.15-0.21)
LightGBM | 0.73 | 0.76(0.67-0.84) 0.92(0.85-0.97) 0.42(0.27-0.59) 0.53 0.70 |0.77 |0.19(0.16-0.22)
ML dataset derived from machine learning methods

LR 0.73 | 0.74(0.65-0.83) 0.93(0.87-0.99) 0.33(0.19-0.50) 0.45 0.69 | 0.75 |0.19(0.15-0.22)
RF 0.71 |0.73(0.64-0.81) 0.89(0.82-0.96) 0.39(0.24-0.56) 0.48 0.62 | 0.76 | 0.20(0.16-0.23)
EBM 0.66 | 0.70(0.62-0.79) 0.85(0.76-0.93) 0.39(0.25-0.57) 0.46 054 |0.75 |0.20(0.17-0.23)
SVM 0.74 | 0.76(0.67-0.84) 0.94(0.89-0.99) 0.36(0.21-0.52) 0.49 0.75 |0.76 | 0.18(0.15-0.21)
LightGBM | 0.71 | 0.77(0.69-0.85) 0.90(0.83-0.96) 0.48(0.32-0.66) 0.57 0.70 | 0.79 |0.19(0.16-0.23)

Table 2. Performance of each prediction model.

for the LR, RE, EBM, SVM, and LightGBM models were 0.19, 0.20, 0.20, 0.18, and 0.19 in the ST dataset, and
0.19, 0.20, 0.20, 0.18, and 0.19 in the ML dataset, respectively. The SVM model consistently achieved the lowest
Brier score in both datasets, indicating its superior calibration performance. Additionally, DCA was performed
to assess the net benefit of these machine learning models in the testing datasets. The DCA curve measures
the net benefit at different threshold probabilities. As illustrated in Fig. 4e,f, the solid gray line represents the
assumption that all patients received MB medication, while the dashed gray line represents the assumption that
no patients received MB. In both testing datasets, each machine learning model outperformed the strategy of
treating all patients or no patients within a probability threshold of 26%-61%. In the ML dataset, the net benefit
of the SVM model surpassed that of the other four models across a wider range of probabilities (24%-85%,Fig.
4f).

To compare the performance of five models across two datasets, we conducted statistical analyses focusing
on AUGC, FI score, and Brier score. The Friedman test revealed statistically significant differences in at least
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two models for each metric (AUG, F1 score, and Brier score) in both the ST and ML datasets, with p < 0.01. To
further investigate these differences, Nemenyi post hoc tests were performed to evaluate pairwise comparisons
between the models. The results, presented in Supplementary Fig. S7, demonstrate that the SVM model trained
on the ML dataset outperformed other models across most metrics, with statistically significant differences in
performance. Based on these findings, the SVM model built on the ML dataset was selected as the optimal model
with AUC of 0.74, 76% accuracy (95% CI: 67-84 %), 94% specificity (95% CI: 89-99 %) and 36% sensitivity (95%
CL: 21-52 %).

The external validation dataset was constructed by collecting data from septic shock patients who received
MB treatment at the same institution between November 2022 and November 2023. A total of 62 patients
were included, of whom 24 were classified as MB responders. Comprehensive information on all the modeling
variables for this cohort is provided in Supplementary Table S4. The external validation of the optimal model
demonstrated an AUC of 0.75 (95% CI: 0.61-0.88), an accuracy of 74%, a recall of 42%, a specificity of 95%,
and an F1 score of 0.56. The receiver operating characteristic (ROC) curve with the 95% CI is depicted in
Supplementary Fig. S8. These results underscore the optimal model’s robustness and clinical applicability.

Explanation of the SVM model in the ML dataset with the SHAP method

The SHAP algorithm was employed to evaluate the contribution of each variable to the prediction outcome
based on the SVM model in the ML dataset. Figure 5a showed the predictive power of the variables for the
outcome, ranked in descending order of importance. NEE,, . had the strongest predictive value across all
prediction ranges, followed by the level of lactate and body weight. Figure 5b listed the SHAP values of all the
predictor variables on the horizontal location, where positive and negative values corresponded to positive and
negative effects on the prediction outcome. The magnitude of the variable’s value was coded with color; red for
higher values and blue for lower values. Patients with higher N EE,,.c values were more likely to respond to MB,
whereas those with lower N EE,,.. values were less likely. Patients with higher levels of lactate were less likely
to be MB responders, and heavy patients. We cannot exclude the possibility of dose-related effectiveness of MB,
since we administered a fixed dose of 2 mg/kg.

SHAP individual force plots

Figure 6 illustrated individual force plots for an MB responder and an MB non-responder respectively. The
bold number is the predicted probability (f(x), model output value), and the baseline represents the predicted
value when no variable is input to the model. Red poles indicate a high likelihood of MB responsiveness, while
blue poles indicate a low likelihood. The length of the poles corresponds to the extent of the influence on the
prediction, a longer length indicates greater impact.

Discussion

Our retrospective cohort study revealed that responsiveness to the first use of 2 mg/kg MB was 38.2% in refractory
septic shock patients. The SVM prediction model demonstrated moderate accuracy, with AUC of 0.74, , showing
consistent accuracy across both the test dataset (AUC 0.74) and the external validation dataset (AUC 0.75).
The interpretable SHAP method demonstrated that NEE),.. was the most important factor influencing MB
responsiveness, followed by the level of lactate.

The response rate of MB in our study aligns with that reported in a retrospective study conducted at
Massachusetts General Hospital, in which 39.5% was reported in vasodilatory shock patients'!. This finding
indicates that the mechanism of refractory septic shock is likely highly heterogeneous, considering that MB exerts
avasocontrictive effect only on patients with elevated nitric oxide®>. Patients without nitric oxide overexpression
do not respond to MB. The type of second-line vasopressor has not reached a consensus, although early addition
of non-catecholamine drugs is recommended by the latest sepsis guidelines*’. Today, rather than suggesting
a fixed type of drug, individualizing a medication regimen according to specific factors is preferable®. For
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Lactate - Lactate b "’+‘ il
weight [l Weight . ...+.- . .
Age . Age . e -’—- . S
Oxygenation index l Oxygenation index -—+-~ .o %
Mechanical ventilation I Mechanical ventilation + =
Tinel T_ne * -
T_shock I T_shock -'--
Low
0.00 0.05 0.10 0.15 0.20 025 -04 -02 00 02 04 06 08
mean(|SHAP value|) (average impact on model output magnitude) SHAP value (impact on model output)
(@) (b)

Fig. 5. Importance ranking of variables in the ML dataset and their corresponding SHAP values, highlighting
the key factors that influence model predictions. (a) Importance ranking of the top 8 variables in the ML
dataset, with the X-axis representing the importance score derived from the mean absolute SHAP value and
the Y-axis listing the variables. (b) SHAP value plot showing the contribution of each variable to the model
predictions in the ML dataset, with positive and negative impacts shown on the X-axis.
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Fig. 6. Shapley Additive exPlanations (SHAP) force plot for two selected patients. (a) MB responder. (b) MB
non-responder.

example, in vasodilatory shock patients, angiotensin II improved the clinical outcomes of those with high renin
concentrations®®. Notably, most types of vasopressins (except terlipressin) and angiotensin II are not available
in mainland China. Unlike terlipressin, which is available in some tertiary hospitals, MB is easy to access even
in primary hospitals. Our results have practical value in assisting in choosing the proper population and timing
of MB initiation.

A general idea about the indication for initiating second-line vasopressors is the threshold dose of
norepinephrine®3. Vasopressin is the most investigated drug. Current guidelines recommend initiating
vasopressin when the dose of norepinephrine reaches 0.25-0.5 mcg/kg/min*. Ammar suggested starting
vasopressin at a norepinephrine dose of 0.1-0.2 mcg/kg/min (10-15 mcg/min)*” and avoiding vasopressin at
rates greater than 0.3 mcg/kg/min (>25 mcg/min). The tendency to add vasopression early in septic shock does
not seem applicable to MB administration, since a higher NEFE,,. correlated with an increased likelihood
of MB responsiveness. Considering that the norepinephrine dose corresponds to the extent of vasoplegia, we
supposed that NO participated in the mechanism of more severe vasodilatory shock. This was well proven by
the fact that MB is usually considered a rescue vasopressor therapy and works effectively in cases and serial
reports®,

To the best of our knowledge, no study has used interpretable models to predict MB responsiveness in
patients with septic shock. In the field of critical care research, SVM models have been widely utilized to predict
the occurrence of various diseases and are considered valuable clinical decision support tools, assisting clinicians
in making more accurate diagnoses and treatment decisions®**. The strengths of our study include the use
of SVM models to predict MB responsiveness in septic shock patients for the first time and the comparison
with other models, coupled with SHAP analysis for model interpretation. While deep learning approaches,
such as recurrent neural networks (RNNs) and transformers, have demonstrated potential in capturing
complex temporal dependencies in physiological data'*2, they pose significant challenges. These include high
computational demands and limited transparency in their decision-making processes, which can hinder clinical
adoption. In contrast, our study prioritizes clinical applicability by employing interpretable models like SVM
coupled with SHAP analysis. This approach not only provides robust predictions but also ensures that clinicians
can understand and trust the underlying reasoning, thereby facilitating more informed and reliable clinical
decisions.

We developed and validated 5 machine learning models using two datasets derived from statistical and
feature engineering methods. The best-performing SVM model surpassed a comparable machine learning study
that aimed to predict vasopressin responsiveness in septic shock patients, which reported modest discrimination
with AUCs of 0.59-0.61 in the training set and 0.64-0.68 in the external validation set®’. Although the low
sensitivity of our model may appear to be a limitation, it holds clinical relevance and can be addressed with
further refinements. Clinically, low sensitivity may result in some MB responders being missed by the model.
However, given MB’s safety profile and accessibility, physicians can still consider its use as a rescue therapy for
critically ill patients without contraindications, even if the model predicts non-responsiveness. Conversely, the
model’s high specificity ensures that patients predicted to be responders are highly likely to benefit from MB
treatment, supporting its utility in guiding therapeutic decisions.

The inherent limitations of retrospective data and the heterogeneous nature of septic shock pose significant
challenges in developing a highly accurate predictive model. At the time of MB initiation, patients are often
in critical condition, potentially beyond the responsiveness to any vasopressor. Moreover, the blood pressure
threshold of 10 mmHg, used in this study to define MB responsiveness, exceeds the typical blood pressure
improvement range of 3-8 mmHg observed after MB administration, as demonstrated by recent meta-analyses
of randomized controlled trials®®. Despite these limitations, this study leverages the largest retrospective cohort
to date and provides valuable insights to inform future prospective randomized controlled trials. Specifically, it
highlights the need to refine initiation criteria for MB as a second-line vasopressor in septic shock management.
However, we acknowledge the need to further enhance the model’s sensitivity to capture a larger proportion of
responders. Future work could involve exploring alternative models, such as ensemble methods or deep learning
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architectures, which may better handle the heterogeneity of septic shock mechanisms. Furthermore, multicenter
validation using external datasets will be conducted to enhance the generalizability and robustness of the model.

The present study had several limitations. First, we obtained data from a single center and lacked external
validation, however, the sample size was the largest yet applied to MB in septic shock®. Second, MB was used at a
fixed dose in the form of a bolus infusion. In fact, the dose and duration of MB vary across studies. A randomized
controlled study applied a 3 mg/kg bolus for 3 days** or continuous infusion of maintenance medication*>*5. We
did not include repeated use of MB to avoid interference caused by time intervals and duplicate medications.
Therefore, we cannot exclude the positive correlation between the dosage or duration and the efficacy of MBY".
Third, meta-analyses of observational and RCT studies on methylene blue (MB) as a vasopressor have confirmed
its ability to increase blood pressure by approximately 5-6 mmHg and reduce catecholamine use in patients with
distributive shock’®. However, the absolute reduction in vasopressor requirements remains undefined due to
variations in calculation methods across studies. The responder threshold we selected exceeds this typical range,
and the 6-hour observation window before and after administration may dilute the proportion of identified
MB responders. We believe the higher threshold and extended time window improve clinical relevance. Future
research using deep learning on time-series data could further enhance the reliability and applicability of these
findings.

Conclusion

In conclusion, this study indicates that the SVM machine learning model demonstrates good discrimination in
predicting MB non-responders among septic shock patients. A higher NEE dose before MB initiation, which was
the most important influencing factor, represented a greater likelihood of responding to MB. The interpretable
SHAP method is helpful for helping physicians understand pathophysiological mechanisms and make clinical
decisions.

Data Availability

The datasets used and/or analyzed during this study are not publicly available due to the confidentiality policy
of the National Health Commission of China but are available from the corresponding author Lina Zhang upon
reasonable request.
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