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Intensive Care Unit, Dongyang Hospital of Wenzhou Medical University, Jinhua, China

Sepsis-associated thrombocytopenia (SAT) is a common complication in the intensive
care unit (ICU), which significantly increases the mortality rate and leads to poor
prognosis of diseases. Machine learning (ML) is widely used in disease prediction
in critically ill patients. Here, we aimed to establish prediction models for platelet
decrease and severe platelet decrease in ICU patients with sepsis based on four
common ML algorithms and identify the best prediction model. The research subjects
were 1,455 ICU sepsis patients admitted to Dongyang People’s Hospital affiliated with
Wenzhou Medical University from January 1, 2015, to October 31, 2019. Basic clinical
demographic information, biochemical indicators, and clinical outcomes were recorded.
The prediction models were based on four ML algorithms: random forest, neural network,
gradient boosting machine, and Bayesian algorithms. Thrombocytopenia was found
to occur in 732 patients (49.7%). The mechanical ventilation time and length of ICU
stay were longer, and the mortality rate was higher for the thrombocytopenia group
than for the non-thrombocytopenia group. The models were validated on an online
international database (Medical Information Mart for Intensive Care ). The areas under
the receiver operating characteristic curves (AUCs) of the four models for the prediction
of thrombocytopenia were between 0.54 and 0.72. The AUCs of the models for the
prediction of severe thrombocytopenia were between 0.70 and 0.77. The neural network
and gradient boosting machine models effectively predicted the occurrence of SAT, and
the Bayesian models had the best performance in predicting severe thrombocytopenia.
Therefore, these models can be used to identify such high-risk patients at an early stage
and guide individualized clinical treatment, to improve the prognosis of diseases.

Keywords: sepsis-associated thrombocytopenia, intensive care unit, machine learning, artificial intelligence,
prediction

INTRODUCTION

Artificial intelligence (AI) has enabled many cutting-edge scientific research achievements in
the field of medical care, especially for acute and severe diseases. In fields such as disease risk
assessment, early warning of disease deterioration, and early warning of death, AI can alert officials
regarding potential risks earlier and more accurately. Machine learning (ML) is a branch of AI, and
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it has been used for predicting disease outcomes. Using
the Medical Information Mart for Intensive Care (MIMIC)
database, Garcia Gallo et al. (1) established a model to predict
the mortality of patients with severe sepsis based on the
ML algorithm, which achieved better evaluation results than
traditional scoring systems such as Sequential (sepsis-related)
Organ Failure Assessment (SOFA) Score and Simplified Acute
Physiology Score II. Thorsen-Meyer et al. (2) applied the ML
algorithm and further employed intensive care unit (ICU) time
series data analysis to predict the 90-day mortality in real-time,
thus improving the prognosis of diseases in ICU patients.

Sepsis-related thrombocytopenia (SAT) is a common
complication in the ICU; in particular, the incidence of
thrombocytopenia in patients with septic shock can be as high
as 55% (3). SAT involves many mechanisms (4), which might
include inflammation-mediated platelet production changes,
endothelial dysfunction, abnormal blood coagulation function,
and hemodilution. Thrombocytopenia can significantly increase
the incidence of complications and mortality in patients
with sepsis (5). A study by Azkarate et al. (6) showed that
thrombocytopenia was associated with a 1.7-fold increased risk
of mortality in severe sepsis patients. Thrombocytopenia may
cause severe hemorrhage; a multicenter observational study (7)
in UK ICU found that a total of 169 patients (9% of the study
population) received platelet transfusion, and the prevalence
of severe thrombocytopenia (<50 x 10(9) /L) was 12.4, and
35.4% of the patients finally died in the ICU. In actual clinical
work, when a decrease in platelet count is observed for a patient,
especially a severe decrease, platelets should be infused in time
to reduce the risk of bleeding because platelets cannot be stored
for a long time. However, patients may have to wait for 2-3 days
from the beginning of platelet reservation to the actual infusion
of platelets. In this process, the patients are at a high risk of
bleeding and may even experience hemorrhagic shock, which is
life-threatening. Early detection of platelet decrease is crucial for
critically ill patients.

Presently, there are many related models for predicting
sepsis using artificial intelligence (8, 9), which can enhance
doctors’ medical decision-making ability for patients with
sepsis. However, research on predicting SAT and severe
thrombocytopenia in the ICU is lacking, and effective models
for predicting SAT using ML algorithms have not yet been
established. Therefore, we used a large amount of real-
time data from the ICU to establish prediction models
for thrombocytopenia in ICU sepsis patients for the early
identification of patients with a high risk of thrombocytopenia,
which would help reduce the occurrence of bleeding events and
improve the prognosis of diseases in patients.

MATERIALS AND METHODS
Study Design and Research Subjects

Our study was reported according to the guidelines of the
TRIPOD (10) statement (Checklist in Additional File 1). A
retrospective study was conducted with 1,455 sepsis patients who
were admitted to the ICU of Dongyang People’s Hospital between
January 1, 2015, and October 31, 2019. External validation was

performed using the MIMIC III dataset (11), a freely accessible
online critical care database. The inclusion criteria were age >18
years and admission to the ICU with sepsis. The exclusion criteria
were patients who had hematological malignancy, cirrhosis
patients who had underlying thrombocytopenia before ICU
admission, and patients who had undergone splenectomy.

This study was approved by the Ethics Committee of
Dongyang People’s Hospital (DRY-2021-YX-178). The need for
informed consent was waived because of the retrospective,
observational study design. The data were anonymously analyzed
after the removal of personal information from the data. One
author (XJ) obtained permission for accessing the MIMIC
database after the completion of “Protecting Human Research
Participants,” an online training course launched by the National
Institutes of Health (certification number: 7632299).

Data Collection and Grouping

Data Collection

Data were collected using the medical record information mining
software provided by Shanghai Le9 Healthcare Technology
Co., Ltd. The collected information included the following: (1)
basic clinicodemographic information [age, sex, disease severity
(Acute Physiology and Chronic Health Evaluation, APACHE II
score, SOFA score), smoking history, alcohol abuse history, and
complications]; (2) blood gas, blood routine, biochemistry, and
liver function indicators on the first day of ICU admission; and
(3) clinical outcomes (mortality, time on ventilator, length of ICU
stay, length of hospital stay, and hospitalization cost).

Diagnostic Criteria
Definition of SAT: Sepsis patients with thrombocytopenia.

Thrombocytopenia (12, 13):Platelet count <100 x 109/L or
a 30% relative decrease of the baseline platelet count during
ICU stay; the baseline platelet count was defined as the highest
value over the past seven days before ICU admission. We used
the initial platelet count in ICU admission as baseline platelet
count for patients without platelet count measurement before
ICU admission.

Severe thrombocytopenia (14, 15): Platelet count <50 x 109/L
during ICU stay.

Sepsis 3.0 (16): Organ dysfunction triggered by an infection
that endangers the patient’s life and rapid increase in the SOFA
score, with a total score of two points.

Sepsis shock (16): The patient with sepsis requiring
vasopressors to maintain mean blood pressure at 65 mmHg or
higher and having a serum lactate level higher than 2 mmol/L
(18 mg/dL) after fluid resuscitation.

Data Processing

Selection of Independent Variables

Sixty-five potentially related variables were preliminarily
screened. After excluding three variables with more than 15%
of missing values, the remaining 62 variables were subjected
to data preprocessing using CARET in R language. Thirteen
variables showing a strong correlation (correlation coefficient
>0.9) with other independent variables were eliminated.
The remaining 57 variables were then subjected to feature
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TABLE 1 | Comparison of the additional evaluation metrics of four machine learning models in external validation.

Models for predicting thrombocytopenia

RF Bayesian NNET GBM
Accuracy 0.61 0.55 0.68 0.67
Precision 0.61 0.59 0.71 0.67
Recall 0.72 0.40 0.65 0.74
Specificity 0.50 0.70 0.71 0.61

Models for predicting severe thrombocytopenia

RF Bayesian NNET GBM
Accuracy 0.71 0.68 0.72 0.72
Precision 0.47 0.45 0.48 0.48
Recall 0.55 0.84 0.59 0.49
Specificity 0.77 0.62 0.77 0.81

RF, random forest; NNET, neural network; GBM, gradient boosting machine.

Admission in ICU between
2015.01 and 2019.10

Age = 18 years
Diagnostic with sepsis
(n=2035)

Excluded (n = 580)

Thrombocytopenia before ICU
admission(n=233)
+ Haematological malignancy(n=20)

Patients included for analysis
(n=1455)

|

\ 4 Y

Y

o Cirrhosis after splenectomy (n=49)
« Missing values of variables >15%
(n=278)

Patients without
thrombocytopenia
(n=723)

Patients with
thrombocytopenia
(n=732)

Patients with severe
thrombocytopenia
(n=94)

Y

FIGURE 1 | Flow chart of the study. ICU, Intensive Care Unit.

selection using the backward selection method, random
forest (RF) sampling, and 10% cross-checking. Then, the
efficiency (precision, recall, accuracy, and specificity, the cutoff
point was 0.5) was calculated, and the variables were ranked
according to their importance. The 10 most important variables
were retained.

Handling of Missing Values

Variables with >15% missing values were deleted. If the incidence
of missing values was <2%, the mean value of the variable
was used to replace the missing values. The missing values of
variables with loss rates of >2 and <15% were replaced using
multiple imputations.
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TABLE 2 | Comparisons of baseline characteristics between with thrombocytopenia and without thrombocytopenia.

No-SAT (n = 723) SAT (n = 732) Total (n = 1,455) P
Age (years) 65.6 + 16.1 65.6 +17.1 65.6 + 16.6 0.97
Male [n (%)] 455 (62.9) 471 (64.3) 926 (63.6) 0.613
Alcohol drinking [n (%)] 277 (38.9) 262 (35.8) 539 (37) 0.347
Smoking [n (%)] 275 (38) 289 (39.5) 564 (38.8) 0.609
CKD [n (%)] 17 (2.4) 19 (2.6) 36 (2.5) 0.896
Cancer [n (%)] 84 (11.6) 82 (11.2) 166 (11.4) 0.867
Diabetes [n (%)] 122 (16.9) 108 (14.8) 230 (15.8) 0.3
Hypertension [n (%)) 366 (50.6) 311 (42.5) 677 (46.5) 0.002
APACHE-II 171+ 6.1 19717 184 +£6.7 < 0.001
SOFA 6+27 7.8+33 6.9+ 3.2 < 0.001
Sepsis_shock [n (%)] 44 (6.1) 145 (19.8) 189 (13) < 0.001
Antiplatelet drug used [n (%)) 185 (25.6) 101 (13.8) 286 (19.7) < 0.001
Biochemical indexes on ICU
admission
Red blood cell (x109/L) 3.8+0.7 3.7+08 38+0.7 0.038
Hematokrit (L/L) 0.3 +0.1 0.3 £0.1 0.3 +0.1 0.045
White blood cell (x10%/L) 11.3 (8.3, 14.77) 12.03 (8.04, 16.71) 11.54 (8.13, 15.39) 0.052
Neutrophil count (x10%/L) 9.82 (6.88, 13.19) 10.47 (6.92, 14.93) 10.06 (6.89, 13.93) 0.013
Lymphocyte count (x109/L) 0.83(0.5,1.22) 0.69 (0.43, 1.06) 0.75(0.47,1.14) < 0.001
Platelet count (x10%/L) 193 (153, 243.5) 211 (154, 274) 201 (153, 256) 0.002
Platelet distribution width (%) 16 (156.5, 16.4) 16.2 (15.8, 16.5) 16.1 (15.7, 16.5) < 0.001
Mean platelet volume (fl) 98+13 99+1.3 9.8+ 1.3 0.031
pH 7.42 (7.37,7.47) 7.38 (7.3, 7.43) 7.4 (7.34,7.45) < 0.001
Serum sodium (mmol/L) 140.2 (137.5, 142.8) 141.4 (138.6, 144.1) 140.9 (138, 143.5) < 0.001
Serum calcium (mmol/L) 214+02 2+0.2 2+0.2 < 0.001
Serum lactic acid (mmol/L) 1.7(1.2,2.6) 3.1(1.8,5.2) 2.2 (1.4,3.85) < 0.001
Serum bicarbonate (mmol/L) 96 +7.3 94.7 £ 8.7 954+ 8 0.002
Prothrombin time(s) 14.4 (13.6, 15.3) 15.4 (14.2,17.03) 14.8(13.9, 16.1) < 0.001
Activated partial thromboplastin 39.1(35.4, 44.35) 40.55 (36.07, 47.73) 39.8 (35.7, 46) < 0.001
time(s)
International normalized ratio 1.12 (1.05, 1.23) 1.23 (1.12,1.41) 1.17 (1.08, 1.3) < 0.001
D-dimer (ng/L) 2.61(1.28,5.43) 4.88 (2.21, 12.03) 3.5(1.58, 8.09) < 0.001
Alanine aminotransferase (U/L) 20 (13, 37) 24 (15, 55.25) 23 (13, 44) < 0.001
Aspartate aminotransferase (U/L) 29 (22, 54.5) 45 (26, 99) 36 (23, 70) < 0.001
Serum albumin (g/L) 322 +5.1 30.5+5.6 31.3+54 < 0.001
C-reactive protein (mg/L) 40 (9.95, 99.85) 62.1 (21.27, 144.92) 55.87 (14.61, 125.15) < 0.001
Serum urea (mmol/L) 6.92 (5.08, 9.49) 8.08 (5.74, 12.09) 7.53 (5.43, 10.76) < 0.001
Serum creatinine (mmol/L) 68 (53, 89) 82 (59, 123.25) 74 (56, 105.5) < 0.001
Procalcitonin (ug/L) 0.41(0.12,1.5) 1.04 (0.3, 5.74) 0.67 (0.17, 2.92) < 0.001

Continuous variables are described by means and quarterbacks. Categories variables are analyzed by x? test and continuous variables are analyzed by Wilcoxon rank sum test. SAT,
sepsis-associated thrombocytopenia; APACHE, acute physiology and chronic health evaluation; ICU, Intensive Care Unit; CKD, Chronic kidney disease; SOFA, Sepsis-related Organ

Failure Assessment.

Handling of Outliers

Outliers were detected using the interquartile range (IQR),
i.e., the difference between the upper and lower quartiles of
the boxplot. We used 1.5 times of IQR as the standard, and
points exceeding this criterion (the upper quartile + 1.5 times
of IQR, or the lower quartile - 1.5 times of IQR) were
defined as outliers. The excluded outliers were handled as
missing values.

Model Establishment
The following R packages for the ML method were used: caret,
ipred, ranger, arm, nnet, and gbm. Samples were randomly
divided into training set and test set in a 7:3 ratio. All ML models
were evaluated using 10x cross-validation.

The hyperparameters were adjusted by grid search as follows.
For the RF model, the number of trees and mtry parameters were
adjusted. For the neural network (NNET) model, size and decay
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TABLE 3 | Comparison of infection site and clinical outcomes between groups.

No-SAT (n = 723) SAT (n = 732) Total (n = 1,455) P

Ventilation duration (days) 0.96 (0.28, 5) 3.91 (0.8, 8.8) 2.12(0.47,7.38) <0.001
ICU length of stay (days) 3.88(1.88, 8.47) 6.97 (3.62, 12.02) 5.22 (2.6, 10.65) <0.001
Hosp. LOS (days) 19 (13, 29) 18 (11, 28) 19 (12, 28) 0.022
Hospital mortality [n (%)] 94 (13) 221 (30.2) 315 (21.6) <0.001
Cost (x10%, yuan) 51.2 (33.5, 79.0) 55.54 (36.3, 87.6) 53.6 (34.5, 82.7) 0.002
Infection site [n (%)]

Pulmonary 510 (70.5) 509 (69.5) 1019 (70) 0.718
Urinary 54 (7.5) 78 (10.7) 132 (9.1) 0.043
Blood stream 67 (9.3 150 (20.5) 217 (14.9) < 0.001

Continuous variables are described by means and quarterbacks. Categories variables are analyzed by x? test and continuous variables are analyzed by Wilcoxon rank sum test. SAT,
sepsis-associated thrombocytopenia; ICU, Intensive Care Unit; Hosp. LOS, length of hospital stay.

parameters were adjusted. For the gradient boosting machine
(GBM) model, n.trees, interaction.depth, and shrinkage were
adjusted. Finally, the importance of variables was sorted using the
function “varImpPlot” within the “caret” package in R.

Model Validation and Evaluation

The area under the receiver operating characteristic curve (AUC),
sensitivity, specificity, and 95% CI of each model were calculated.
The confusion matrix was evaluated using accuracy, precision,
and recall as parameters presented in Table 1. Local Interpretable
Model-Agnostic Explanations (LIME) provides another method
for model interpretation (17).

Statistical Analysis

Descriptive statistics were analyzed conventionally using the
CBCgrps package in R (18). Normally distributed measurement
data were expressed as x & s and compared between groups
using the two-independent-samples ¢-test. Meanwhile, non-
normally distributed data were expressed as M (P25, P75) and
compared using the Mann-Whitney U test. Enumeration data
were expressed in terms of the rate and percentage and compared
between the groups using the %2 test. All statistical analyses were
performed using R (software version 3.6.3). A P-value of 0.05 was
considered significant.

RESULTS

Comparison of Basic Information and

Clinical Outcomes
A total of 1,455 patients with sepsis were included in this study.
The flow chart of the study is shown in Figure 1, including
732 SAT patients (49.7%). Regarding the sources of infection,
pulmonary infection accounted for the highest proportion, with
1,019 cases (70%), followed by blood-borne infection, with 217
cases (14.9%), and urinary tract infection, with 132 cases (9.1%).
There were 189 patients with septic shock, and 76.7% of them
had SAT.

Table 2 shows a comparison of general clinical information
and clinical outcomes between the thrombocytopenia and non-
thrombocytopenia groups. There was no significant difference in

age and gender between the two groups, with an average age of
65.6 £ 16.6 years and 63.6% of subjects being male. The disease
conditions in the thrombocytopenia group were more serious,
and the APACHE and SOFA scores were significantly higher
than those in the non-thrombocytopenia group, with statistically
significant differences (P < 0.001). There were significant
differences in terms of mechanical ventilation time, length of
ICU stays, length of hospital stays, and mortality between
the two groups (P < 0.001), and the clinical outcome of the
thrombocytopenia group was worse. Table 3 shows a comparison
of infection site and clinical outcomes between the groups. We
compared the baseline characteristics and clinical outcomes of
the external validation set, shown in Supplementary Table S1.
The comparison of feature distribution between the training,
internal validation, and external validation is shown in in
Supplementary Table S2. The incidence rate of SAT in the three
groups of patients was similar, and there was no significant
difference in age, SOFA score, and initial platelet count in
ICU admission.

Evaluation of Machine Learning Algorithm

Models

Figure 2 shows the ROC comparison of four ML models for
thrombocytopenia prediction, with internal validation showing
AUCs between 0.74 and 0.79 and external validation showing
AUCs between 0.54 and 0.72. Table3 shows the pairwise
comparison in external validation. Results of external validation
show that NNET and GBM had the best prediction, with
no significant difference between the two models, while
the prediction accuracy of RF and Bayesian models was
slightly worse. Additional evaluation metrics for the four
machine learning models in external validation are presented
in Table4. We established the model for predicting severe
thrombocytopenia using the same method. Figure3 shows
the ROC comparison of ML models for the prediction of
severe thrombocytopenia, with internal validation showing
AUCs between 0.84 and 0.89 and external validation showing
AUCs between 0.70 and 0.77. The prediction was better
than for thrombocytopenia, with the Bayesian model showing
the best results. The calibration curve analysis of models is
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FIGURE 2 | ROC curves of the four machine learning models for predicting thrombocytopenia. (A), Internal validation; (B), external validation; RF, random forest;
NNET, neural network; GBM, gradient boosting machine; Baye, bayesian.

TABLE 4 | Comparison of the area under the roc curve of four machine learning models in external validation.

Models for predicting thrombocytopenia

RF Bayesian NNET GBM
RF / 0.001 0.001 0.001
Bayesian 0.001 / 0.001 0.001
NNET 0.001 / 0.94
GBM 0.001 0.001 0.94 /

Models for predicting severe thrombocytopenia

RF Bayesian NNET GBM
RF / 0.001 0.913 0.127
Bayesian 0.001 / 0.001 0.001
NNET 0.913 0.001 / 0.662
GBM 0.127 0.001 0.662 /

ROC, Receiver operating characteristic; RF, random forest; NNET, neural network; GBM, gradient boosting machine.

shown in Supplementary Figure S1. Figures 4, 5 showed the
top 10 variables of the four models ordered by importance.
LIME provides explanations for any individual patient, and the
contribution of a given variable may change depending on other
features of the patient in Supplementary Figures S2, S3 shows
contributions by the variables for two patients (#2, #3). The red
(blue) color indicates that the variable contradicts (supports) a
given class.

DISCUSSION

Our study found that SAT had high morbidity and mortality, as
well as poor clinical outcomes in ICU, and RE Bayesian, NNET,
and GBM prediction models achieved good predictions.
Thrombocytopenia is very common in ICU patients, with
sepsis being its main cause (12). Previous studies on SAT have
shown that the incidence rate in critically ill patients (3, 19)
was approximately 50%—similar to our findings. Platelets play
crucial roles in inflammatory response (20), such as promoting

immune response and blood coagulation activation. Presently,
many published articles have shown that thrombocytopenia is
significantly related to the poor prognosis of patients and is
closely related to the degree of thrombocytopenia (21).

Thrombocytopenia is a common reason of platelet transfusion
in the ICU. When the platelet count is <50 x 10°/ L, clinicians
often transfuse platelets (22, 23) to reduce bleeding events. A
British prospective multicenter observation study (7) showed
that, in ICU patients with severe thrombocytopenia, the mortality
rate was as high as 35.4%. Therefore, we also predicted severe
thrombocytopenia in patients with sepsis. The models had higher
accuracy and better prediction effect. For such patients, early
discontinuation of antiplatelet drugs, use of platelet-increasing
drugs, and early reservation of platelets might help prevent
bleeding events and improve the prognosis of patients.

In this study, among the four ML models, the top variables
in terms of importance scores were SOFA score, serum lactic
acid, serum sodium bicarbonate, and dimer, which suggested
that these factors had a significant correlation with SAT.

Frontiers in Medicine | www.frontiersin.org

January 2022 | Volume 9 | Article 837382


https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org
https://www.frontiersin.org/journals/medicine#articles

Jiang et al. Prediction Models for SAT

A B
g - g |
8 8
< =
= 3 > 8 /
3 pe AuC = oy AUC
2 g — RF : 0.86(0.78-0.93) g g — RF : 0.72(0.69-0.76)
g Baye : 0.89(0.81-0.95) $ Baye : 0.77(0.74-0.81)
NNET: 0.84(0.72-0.93) NNET: 0.70(0.67-0.74)
o | GBM : 0.88(0.79-0.94) o _| GBM : 0.71(0.68-0.74)
N N
o — o -
T T T T T T I | T T T 1
100 80 60 40 20 0 100 80 60 40 20 0
Specificity (%) Specificity (%)

FIGURE 3 | ROC curves of the four machine learning models for predicting severe thrombocytopenia. (A), Internal validation; (B), external validation; RF, random
forest; NNET, neural network; GBM, gradient boosting machine; Baye, bayesian.
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FIGURE 4 | Top 10 variables of the four machine learning models for predicting thrombocytopenia ordered by importance. SOFA, Sepsis-related Organ Failure
Assessment; INR, International normalized ratio.
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FIGURE 5 | Top 10 variables of the four machine learning models for predicting severe thrombocytopenia ordered by importance. SOFA, Sepsis-related Organ Failure
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A retrospective study including 267 patients with abdominal
infection showed that a high SOFA score was an important
risk factor for hospital-acquired thrombocytopenia. A systematic
evaluation (24) found that disease severity was an influencing
factor of thrombocytopenia, while serum lactic acid and serum
sodium bicarbonate were classic indicators reflecting the severity
of the patient’s disease. Plasma D-dimer is an important marker
of thrombosis activity. In sepsis patients, fibrinolysis activation
and D-dimer level have been independently correlated with
mortality (25). Therefore, monitoring the SOFA score, serum
lactic acid, serum sodium bicarbonate, and dimer levels is helpful
for the early detection of thrombocytopenia patients.

This study has some limitations. First, this was a single-
center, retrospective study, and some data were missing. We
supplemented the data through multiple imputation functions of
statistical software to reduce the bias of research results. Second,
there are many reasons for thrombocytopenia. For example,
some patients with sepsis were treated with hemodialysis, and
heparin-induced thrombocytopenia was reported after using
heparin. These patients were not excluded, which influenced
the results. Third, due to the algorithm characteristics of ML,

the models could not clarify the specific relationship between
variables and thrombocytopenia, and they were not suitable
for all people, which limited the performance of the models.
Therefore, based on the algorithms, we showed the measurement
of variable importance in the four models and LIME feature plot
explained the relationship between variables in the models and
thrombocytopenia to a certain extent. Finally, our ML models
to predict SAT between ICU stays, the models to predict SAT
each day of the ICU stays will be more clinically meaningful.
In the future, we will develop software and join the electronic
information system to predict SAT each day of the ICU stays.

CONCLUSION

We established four ML models to predict SAT and severe
thrombocytopenia. The models were validated in MIMIC IIT and
can be used to identify such high-risk patients at an early stage
and guide individualized clinical treatment. In the future, we will
conduct a prospective cohort study and apply these models to
clinical practice.
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