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Abstract
Purpose To establish mortality prediction models in 14 days of Carbapenem-Resistant Klebsiella
Pneumoniae bacteremia using Machine learning.

Materials and Methods It is a single-center retrospective study. We collect the relevant clinical information
of all patients with Carbapenem-Resistant Klebsiella Pneumoniae (CRKP) bacteremia in the past 5 years
using the local database. Data analysis and veri�cation are carried out by multiple logical regression,
decision tree, random forest, support vector machine (SVM), and XGBoost.

Result This study includes 187 patients with 40 related variables. In multiple logical regression, acute
renal injury (P=0.003), Apache II score (P=0.036), immunode�ciency (P=0.025), severe thrombocytopenia
(P=0.025) and septic shock (P=0.044) are the high-risk factors for 14 days mortality of CRKP
bloodstream infections. According to the importance of those parameters, risk scoring is established to
predict the survival rate of CRKP bacteremia. The analysis of the �ve models, with 70% training set and
30% test set, show the comprehensive performance of random forest (AUROC=0.953, precision=91.85%)
is slightly better than that of XGBoost (AUROC=0.912, precision=86.41%) and SVM (AUROC=0.936,
precision=79.89%) in predicting 14-day mortality of CRKP bacteremia. The multiple logical regression
model (AUROC=0.825, precision=81.52%) is the second, and the decision tree model (AUROC=0.712,
precision=79.89%) is not very ideal.

Conclusion Machine learning has good performances in predicting 14-day mortality of CRKP bacteremia
than multiple logical regression. Acute renal injury, severe thrombocytopenia, and septic shock are the
high-risk factors of CRKP bacteremia mortality.

Background
Carbapenem-Resistant Klebsiella pneumoniae (CRKP) infections have become the focus of global
researchers and are one of the most serious hospital-acquired infections, especially in the intensive care
unit (ICU)1,2. Among the different sites of CRKP infection, the mortality rate of bloodstream infection is
the highest. The largest study in China shows that the mortality rate of CRKP bacteremia is 32.9%3 with
the reported worldwide ranging from 17% to 50% 4-6.

Risk factors for death of CRKP bloodstream infections include long-term hospitalization, medication
history of carbapenem and glucocorticoids, invasive operations, septic shock, and inappropriate empirical
treatment, etc4,7,8. High-risk factors can predict the prognosis, understand the disease severity and direct
to take medication earlier. For patients with high-risk factors for death, we may prefer to use higher levels
antibiotics, especially in the context of the increasing number of new antibiotics9. However, the results of
risk factor analysis have great heterogeneity because of its regional epidemiological characteristics in
each of retrospective studies. There are differences in human species, medication methods and treatment
concepts of CRKP bloodstream infection, especially in the west countries and Asia countries5,6,10,11. It is
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di�cult for us to apply foreign high-risk factors to Chinese patients and to popularize CRKP-related
scores dominated by western countries. The establishment of own scores of CRKP bacteremia mortality
may be of better signi�cance, which is one of the purposes of this study.

The risk predictive model contains the weight of different risk factors and is more intuitive and more
practical. There are few kinds of researches on the high-risk prediction model of CRKP infection with
previous researches using the multiple logistic regression methods6,12-14. However,  some studies have
proved the effect of the machine learning is better than the multiple logical regression in the prediction of
gram-negative bacteria and CRE colonization13-15. Therefore, this study plans to use machine learning to
build a risk predictive model of the mortality of CRKP bloodstream infection.

Materials And Methods
 1.Study Design: It is a single-center retrospective study using the comprehensive ICU database of the
second a�liated hospital of Zhejiang university school of medicine, an academic teaching hospital with
3500 beds. General ICU has 40 independent units and has established a complete intensive care unit
database. Our database has been included more than 7000 samples and the structures are similar to the
famous MIMIC database. We included all the patients with CRKP positive in blood culture from 2012.05
to 2019.05, but the contamination was excluded if there were no obvious signs of bacteremia. We
collected the patients demography, Apache II score, Charlson score, medication before bloodstream
infection, disease status, various indicators and medication at the time of bloodstream infection. The
predicted outcome was mortality in 14 days after the onset of bloodstream infection.

2. De�nition: The 14 days mortality was mainly considered the higher mortality rate of bloodstream
infection in the short term and the higher sensitivity of prediction. The history of antibiotics and
glucocorticoids refers to the use of cephalosporins, carbapenems, tigecycline and glucocorticoids for
more than 3 days in the past month of the occurrence of bloodstream infection. Pseudomonas
aeruginosa carriage history means the positive culture of Pseudomonas aeruginosa in all samples in
the past month. Multiple sites infection mainly refers to CRKP bacteremia complicated with
pulmonary infection, abdominal infection, urinary tract infection, intracranial infection, biliary tract
infection and so on. The standard of acute kidney injury conformed to the standard of KDIGO
guideline, which was determined by the baseline and difference value of creatinine. Septic shock is
de�ned by sepsis3.0. Acute liver injury was mainly caused by the analysis of the results of glutamic-
pyruvic transaminase, glutamic-oxaloacetic transaminase, and total bilirubin. Severe
thrombocytopenia refers to thrombocytopenia less than 30×109/L within 3 days after the occurrence
of bacteremia. Gastrointestinal bleeding is de�ned as positive fecal and gastric drainage occult
blood test within 3 days after the occurrence of bloodstream infection. The above data are all derived
from the automatic collection of the database after the manual establishment of links and preset
conditions.
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3. Microbiological tests: The strains with mediated sensitive of tigecycline were determined by the broth
dilution method. The drug susceptibility test was carried out by a laboratory physician with analysis
instruments (VITEK2 AST-GN16 France). Minimum inhibitory concentration (MIC) determination and
interpretation complied with standards of the Clinical and Laboratory Standards Institute (CLSI).
Carbapenem resistance means MIC of imipenem or meropenem ≥2 mg/L by CLSI. The tigecycline
MIC de�nition follows by the criteria of the European Committee on Antimicrobial Susceptibility
Testing (EUCAST), MIC>2 mg/L.

4. Statistical methods: all statistics are done in R and Rstudio. Data packets include "VIM", "psych",
"regplot", "mass", "vcd", "rpart", "rpart.plot", "randomforest", "e1071", "xgboost" and "rattle". For the test
indicators that may be collinear in clinical evaluation, principal component analysis are quanti�ed to
form dichotomous variables. the missing values are processed by multiple interpolations and we
delete independent variables with the missing more than 60%. In univariate analysis, numerical
variables are tested by independent sample T-test, dichotomous variables are completed by chi-
square test, and P less than 0.05 was considered to be statistically signi�cant. Odds ratio (OR) and
95% con�dence interval (CI) were calculated to evaluate the strength of association. All samples are
grouped, 70% into the training set and 30% into the test set. The evaluation parameters include
sensitivity, speci�city, negative likelihood ratio, positive likelihood ratio, and area under operating
characteristic curve (AUROC). The independent variable screening method is the gradually
decreasing method in the multiply logical regression. The decision tree is constructed and pruned
according to the complexity parameters, and the pruned results are presented by the visual package.
500 trees are constructed in the Random forest, and the importance of measurable variables is
presented by the corresponding visual package. The cost parameter of the support vector machine
(SVM) is set as 0.01, which is adjusted by the performance of the model. The speci�c and task
parameters of the XGBoost linear rise are adjusted according to the performance of the model.

Result
1. Basic information: There are 195 patients with positive CRKP blood culture from 2014/06/ to 2019/06.
Finally, we include 187 patients in the analysis because 8 patients meet the exclusion criteria. According
to the 14-day mortality after CRKP bloodstream infection, the patients are divided into the survival and
death group, of which 147 people in the survival group and 40 patients died. The 14-day mortality rate is
21.39%. The �ow chart can be seen in Figure 1. The baseline characteristics and the treatments of the
two groups are summarized in Table1. Comparison survival group, the death group is older (67 vs. 60;
P=0.007; OR: 2.445; 95% CI: 1.801-6.423) and have higher percentage of prior tigecycline history (27.50%
vs. 14.29%; P=0.049, OR: 1.925; 95% CI: 1.015-3.652), the history of glucocorticoid use (42.50% vs.
23.81%; P=0.019; OR=1.785; 95%CI:1.124-2.834), immunode�ciency (50.00% vs. 31.29%; P=0.028;
OR=1.598; 95%CI:1.080-2.364) and severe thrombocytopenia (65.00% vs. 31.97%; P=0.001; OR=2.033;
95%CI:1.465-2.821). More of the dead patients were admitted into ICU by severe infectious disease
(55.00% vs. 31.29%; P=0.006; OR=1.758; 95%CI:1.216-2.541), with more acute kidney injury (50.00% vs.
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24.49%; P=0.002; OR=2.042; 95%CI:1.341-3.108) and septic shock (85.00% vs. 54.42%; P=0.001;
OR=1.562; 95%CI:1.283-1.902).

In multivariate analysis, acute kidney injury (P=0.003), immunode�ciency (P=0.025), severe
thrombocytopenia (P=0.025) and septic shock (P=0.044) are the high-risk factors for 14-day mortality in
CRKP patients without obvious collinearity. Then we incorporate these variables into the multiple logistic
regression model and establishe a preliminary score to predict the survival rate of CRKP bloodstream
infection according to the contribution of the parameters. As see in Table 2, patients with scores higher
than 20 are more likely to survive in our scoring system.

2.Model comparison: we take 130 patients as the training set and the remaining 57 patients as the test
set. The decision tree model has two branches, including severe thrombocytopenia and acute kidney
injury. The speci�c classi�cation method can be found in the poor accuracy of Figure 2. The effect of the
random forest model is satisfactory and mainly includes severe thrombocytopenia, invasive operation,
septic shock, acute kidney injury, multiple site infection, early use of carbapenem drugs in Figure 3. After
the �ve models are established and veri�ed by the test set, we �nd that the comprehensive performance
established by random forest (AUROC=0.953, Precision=91.85%) is slightly better than that of XGBoost
(AUROC=0.912, Precision=86.41%) and SVM (AUROC=0.936, Precision=79.89%), followed by multiple
logical regression model (AUROC=0.825, Precision=81.52%), and decision tree model
(AUROC=0.712,Precision=79.89%) in Figure 4. In the performance evaluation of different dimensions,
random forest and XGBoost are the best in terms of accuracy. SVM has high speci�city but low
sensitivity, see Table 3; Overall, random forest, XGBoost, and SVM are better in predicting 14-day mortality
of CRKP bloodstream infection.

Discussion
In this study, some machine learning methods are used to construct the prediction mortality model of 14-
day of CRKP bloodstream infection. The effect of random forest is better than that of XGBoost and SVM
with limited sample sizes, and is generally better than multiple logical regression models. The purpose of
establishing a 14-day mortality prediction model is that CRKP bloodstream infection deteriorates rapidly
into severe multiple organ dysfunction syndromes, resulting in death. The establishment of a relatively
short-term risk prediction model can help clinicians identify high-risk groups when bloodstream infection
occurs, and guide the use of more active monitoring measures and anti-infection programs16.

  Recently, arti�cial intelligence has been used to predict the incidence of hospitalization and colonization
of CRO17. Although there is no research on machine learning to predict the mortality rate of CRKP
bloodstream infection, this study partially proves the superiority of the machine learning algorithm18,19.
The machine learning algorithms we chose are currently recognized, mature and common, including
random forest, SVM and XGBoost. With small samples, the random forest can spread the branches of the
decision tree through its algorithm, determine the important variables according to the Gini score, and
present an effective model. SVM and XGBoost, as introduced algorithms recently, can get more accurate
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prediction through more complex operation mechanism, and can fully demonstrate their superior
performance with a large amount of data. There are similar conclusions in the comparative study of other
clinical medical models20-22. The modeling results are almost the same accuracy. XGBoost is similar to
the random forest in performance and SVM has higher speci�city. The prediction ability of the
multivariate logical regression is not as good as three machine learning algorithms, but it is more intuitive
and easy to understand. In this study, the risk score based on multivariate logical regression can predict
the 14-day survival rate of 82.5% of patients using �ve highly independent and important factors. The
unexpected result is the decision tree model, because the inclusion of too few branch points, the
prediction result is not ideal.

 In this study, the 14-day mortality rate of CRKP bloodstream infection was 21.4%, which was lower than
the previously published epidemiological results of 31.1% in China3. This may be related to the regulation
of antibiotics use in carbapenems and tigecycline recently, and to the approves of polymyxin B and
ceftazidime-avibactam in the domestic market. More clinical experience of clinicians in CRKP
bloodstream infection and earlier use of appropriate antibiotics may be associated with lower mortality23.
The multiple logistic regression model included �ve major risk factors including age, septic shock, acute
kidney injury, severe thrombocytopenia, and immunode�ciency. Septic shock and acute kidney injury are
often mentioned in previous retrospective studies3,6,7,11,24. At present, the most famous research is the
INCREMENT study, which divides the numerical variables into groups through the classi�cation decision
tree and predicts the model through the hierarchical logical regression model, and �nds that �ve
indicators can predict CRKP mortality, namely, severe infection/septic shock, Pitt score more than 6,
Charles scores more than 2, nobiliary tract orginal bloodstream infection, inappropriate treatment, etc6.
There are few reports of severe thrombocytopenia but it is consistent with the clinical manifestations of
CRKP bloodstream infection, including earlier digestive tract bleeding, and faster thrombocytopenia rather
than a decrease of myelosuppression. We found that septic shock, acute renal insu�ciency, severe
thrombocytopenia, these three independent variables are present in different models, and occupy an
important position in the model.

  In this study, there are advantages and disadvantages to the use of the local database. Different
databases include different amounts of dimensions. In the critical area, a large number of articles have
been published on the public database MIMIC, but the data may not apply to the Chinese population25,26.
CRKP bloodstream infection is gradually increasing in recent years, but the epidemic trend is quite
different from that of foreign countries. The CRKP samples in the database of MIMIC are very small, so it
is impossible to carry out. Our department database has been established for two years, integrates the
data stored in various data centers of the hospital in the past 5 years, and carries on the data mining of
sepsis and acute kidney injury. The use of the local database to obtain samples of high accuracy, a wide
selection of independent variables and �exible and complete extraction of independent variables.
However, the local database may have some shortcomings, such as data bias, limited extrapolation,
small sample size, unstable model. The models developed in recent years have no clear visualization
tools, which makes it di�cult to understand and explain the logic of the model. We have considered this
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issue in the data modeling phase and are actively working with other centers for external validation of the
model, which will be the next phase of our team's research.

Conclusion
Machine learning is superior to the traditional multiple logistic regression model in predicting the 14-day
mortality of CRKP bloodstream infection. The risk factors of CRKP bacteremia mortality includes septic
shock, acute kidney injury and severe thrombocytopenia which can be explained clinically.
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  Mortality;  N=40 Survival; N=147 P OR and 95%CI
Demographics
Genger Male% 31 (77.50%) 106 (72.11%) 0.551  
Age (y) 67 60 0.007 2.445 (1.801-6.423)
Apache II score 20 18 0.126  
Charlson score 2.5 2.7 0.556  
High-risk time (day) 21 22 0.88  
Length of ICU stay (day) 22 26 0.41  
Length of stay (day) 27 54 0.001 3.453 (2.147-7.456
Primary disease
Trauma 9 (22.50%) 51 (34.69%) 0.143  
Infection 22 (55.00%) 46 (31.29%) 0.006 1.758 (1.216-2.541)
Surgical diseases 9 (22.50%) 28 (19.05%) 0.627  
Cerebrovascular accident 8 (20.00%) 43 (29.25%) 0.244  
Hypertension 23 (57.50%) 65 (44.22%) 0.136  
Cardiac insufficiency 9 (22.50%) 26 (17.69%) 0.489  
Diabetes insufficiency 12 (30.00%) 35 (23.81%) 0.424  
Respiratory insufficiency 14 (35.00%) 39 (26.53%) 0.292  
Malignant tumor 6 (15.00%) 22 (14.97%) 0.996  
Autoimmune diseases 1 (2.50%) 4 (2.72%) 1  
Chronic renal insufficiency 9 (22.50%) 21 (14.29%) 0.209  
Recent surgical history 20 (50.00%) 96 (65.31%) 0.068  
Perior medication history
Perior tigecycline history 11 (27.50%) 21 (14.29%) 0.049 1.925 (1.015-3.652)
Perior carbapenems history 26 (65.00%) 75 (51.02%) 0.116  
Perior cephalosporins history 30 (75.00%) 99 (67.35%) 0.354  
Perior glucocorticoid history 17 (42.50%) 35 (23.81%) 0.019 1.785 (1.124-2.834)
Condition of bloodstream infection
Immunodeficiency 20 (50.00%) 46 (31.29%) 0.028 1.598 (1.08-2.364)
Tracheotomy 15 (37.50%) 63 (42.86%) 0.521  
Invasive operation 28 (70.00%) 74 (50.34%) 0.027 1.391 (1.074-1.801)
Acute hepatic injury 12 (30.00%) 40 (27.21%) 0.727  
Acute kidney injury 20 (50.00%) 36 (24.49%) 0.002 2.042 (1.341-3.108)
Pseudomonas aeruginosa carriage 10 (25.00%) 39 (26.53%) 0.845  
Multiple sites infection 25 (62.50%) 98 (66.67%) 0.622  
Complicated pulmonary infections 22 (55.00%) 74 (50.34%) 0.601  
Tigecycline resistance 17 (42.50%) 55 ()37.41% 0.558  
Severe thrombocytopenia 26 (65.00%) 47 (31.97%) 0.001 2.033 (1.465-2.821)
Gastrointestinal hemorrhage 12 (30.00%) 51 (34.69%) 0.578  
Septic shock 34 (85.00%) 80 (54.42%) 0.001 1.562 (1.283-1.902)
Treatment protocols
Combinations with Carbapenems 30 (75.00%) 110 (74.83%) 0.982  
Combinations with Tigecycline 20 (50.00%) 83 (56.46%) 0.466  
Combinations with Polymyxin B 13 (32.50%) 35 (23.80%) 0.265  
Combinations with Amikacin 12 (30.00%) 46 (31.29%) 0.875  
Combinations with Fosfomycin 0 12 (8.16%) 0.073  

Table 1: Baseline characteristics of patients with CRKP bloodstream infection

 

 



Page 11/12

  Yes No Multivariate analysis
Septic shock 2 5 0.044

Acute kidney injury 0 5 0.003
Severe thrombocytopenia 1 5 0.025

Immunodeficiency 5 9 0.025
age 12-0.12X 0.03

Total scores Death<20 Survival≥20  

Table 2: The results of multiple logistic regression model and the scores based on the weights of different independent

variables; when the patient score was more than 20, the survival probability of patients with CRKP bloodstream

infection was more than 50%.

 

 

Model AUROC Precision Sensitivity Specificity Positive likelihood ratio Negative likelihood ratio
Multivariate Logit Regression 0.825 81.52% 67.5% 85.42% 4.63 0.38
Decision tree 0.712 79.89% 30% 93.75% 4.80 0.74
RandomForest 0.953 91.85% 67.5% 98.61% 48.6 0.32
SVM 0.936 79.89% 7.50% 100% 0 0.93
XGBoost 0.912 86.41% 70% 90.97% 7.75 0.33

Table 3: Prediction effect analysis of five prediction models, including AUROC, accuracy, sensitivity, specificity,

positive likelihood ratio and negative likelihood ratio.

Figures

Figure 1

The �ow chart of the study.

Figure 2

The decision tree model with two branches of severe thrombocytopenia and acute kidney injury.

Figure 3

Visualization Analysis of different variables weight of Random Forest in the Model.

Figure 4
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AUROC curves of �ve models. Different colors represent different models.


