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Web-based application for predicting potential target phenotype for recombinant human thrombomodulin therapy in patients with sepsis: analysis of three multicentre registries

METHODS
Study design and settings
This study followed the Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis (TRIPOD) reporting guideline for prognostic studies [1]. This was a secondary analysis of the following multicentre registries: the Japan Septic Disseminated Intravascular Coagulation (JSEPTIC-DIC) study, Tohoku Sepsis Registry, and Focused Outcomes Research in Emergency Care for Acute Respiratory Distress Syndrome, Sepsis, and Trauma (FORECAST) sepsis study. All three registries include information on consecutive patients admitted to intensive care units (ICUs) for severe sepsis or septic shock. The JSEPTIC-DIC study retrospectively reviewed data derived from 3195 consecutive patients with severe sepsis or septic shock, aged ≥ 16 years, admitted to 42 ICUs at 40 institutions in Japan, between January 2011 and December 2013 [2]. The Tohoku Sepsis Registry prospectively registered 616 consecutive patients who were admitted to ICUs with severe sepsis, or those who developed severe sepsis after admission to the ICUs or general wards at 10 institutions (three university hospitals and seven community hospitals) in the Tohoku District, Northern Japan between January and December 2015 [3]. The multicentre prospective FORECAST sepsis study included 1184 consecutive patients aged ≥ 16 years, who were admitted to 59 ICUs in Japan with severe sepsis according to the sepsis-2 criteria between January 2016 and March 2017 [4]. These studies were approved by the institutional review boards at the participating hospitals and the need for informed consent was waived. 

Study samples
We included all patients (aged ≥ 16 years), who were admitted to the ICUs with severe sepsis or septic shock as defined in the three registries, according to the International Sepsis Definitions Conference criteria [5, 6]. We excluded patients without information on 28-day mortality available, which is required for  [7].

Predictors
We used the following coagulation markers for predicting the presence of the target phenotype according to our previous study [7]: platelet counts, PT-INR, fibrinogen, fibrinogen/fibrin degradation products (FDP), and D-dimer. We excluded antithrombin activities from the predictors because of its large proportion of missing data (52% and 47% of the data were missing in the derivation and validation cohorts, respectively).

Outcomes
The primary outcome was the presence of the clinical phenotype identified in our previous study [7]. The target phenotype was characterized as a severe physiological status and organ dysfunction (high acute physiology and chronic health evaluation [APACHE II] and sequential organ failure assessment [SOFA] scores), coagulopathy (low platelet count, prolonged PT-INR, low fibrinogen, and extremely high FDP and D-dimer levels), high lactate level, and high mortality. 

Statistical analysis
We described patient characteristics and clinical course using summary statistics as appropriate. In addition, we reported the number of patients who met the inclusion criteria for the SCARLET trial (cardiovascular and/or respiratory dysfunction, and PT-INR>1.4 and a platelet count in the range from 30 to 150*109/L) to illustrate the difference in the target study population between studies [8]. Cardiovascular dysfuntoin was defined as the use of vasopressor. Respiratory dysfunction was defined as the use of mechanical ventilation.
We derived our prediction model using the JSEPTIC-DIC study and Tohoku Sepsis Registry (derivation cohort) and validated the model using the FORECAST sepsis study (validation cohort). We imputed missing predictors using the random forest method with the missForest package [9]. This approach generated single-point estimates by random draws from independent normal distributions centred on conditional means predicted by random forest. Random forest applies bootstrap aggregation of multiple regression trees to reduce the risk of overfitting and combines estimates from many trees. Missingness was imputed using patient characteristics, laboratory data, outcomes, and other covariates, including in-hospital management: age, sex, weight, severity of the sepsis during admission (APACHE II score, each component of SOFA score, systemic inflammatory response syndrome score), comorbidities (cardiac, pulmonary, liver, renal, immunologic), laboratory test results on admission (white blood cells, haemoglobin, PT-INR, FDP, fibrinogen, d-dimer, antithrombin, lactate), treatments (rhTM, antithrombin, protease inhibitors, steroids, immunoglobulins, continuous renal replacement therapy, polymyxin B-immobilized fibre column hemoperfusion therapy) and outcomes (28-day mortality, ICU mortality, and length of hospital stay).
The characteristics of missing data were as reported in our previous study [7]. We did not calculate sample size in advance because we used all available data. The sample size for model development (n=3694, of which 9% had the target phenotype) was enough to ensure precise predictions and minimise overfitting [10].
For model development, we divided the derivation cohort into the training set (70% of the full sample randomly chosen for model development and hyperparameter tuning) and test set (30% of the full sample randomly chosen for internal validation). Using the training set, using log-transformed predictors, we constructed a prediction model with XGBoost. We used the grid search strategy to identify the best combination of hyperparameters using the ranger and caret packages with 10-fold cross validation. 
We measured the prediction performance of the developed model by computing the 1) C statistic (i.e., the area under the receiver operating characteristic [ROC] curve) and 2) prospective prediction results (i.e., sensitivity, specificity, positive predictive value, negative predictive value). 
In addition, among patients those who were predicted , we assessed the effect of rhTM on in-hospital and 28-day mortality using a generalised estimating equation to account for patient clustering within hospitals. We assumed an independent correlation structure, and robust standard errors were used to accommodate heteroscedasticity. In the test set of derivation cohort, the adjusted variables were age, sex, comorbidities, and SOFA scores [7]. In the validation cohort, the adjusted variables were age, sex, comorbidities, SOFA scores, and in-hospital management, including renal replacement therapy, and treatment with steroids, intravenous immunoglobulin, antithrombin, and vasopressors [7].
Lastly, All analyses were performed with R statistical software version 3.6.1 (R Foundation for Statistical Computing).
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