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ABSTRACT

Objective To compare the performance of five machine learning models and SAPS Il score in predicting the 30-
day mortality amongst patients with sepsis.

Methods The sepsis patient-related data were extracted from the MIMIC-1V database. Clinical features were
generated and selected by mutual information and grid search. Logistic regression, Random forest, Light GBM,
XGBoost, and other machine learning models were constructed to predict the mortality probability. Five
measurements including accuracy, precision, recall, F1 score, and area under curve (AUC) were acquired for
model evaluation. An external validation was implemented to avoid conclusion bias.

Results LightGBM outperformed other methods, achieving the highest AUC (0.900), accuracy (0.808), and
precision (0.559). All machine learning models performed better than SAPS II score (AUC=0.748). Light GBM
achieved 0.883 in AUC in the external data validation.

Conclusions The machine learning models are more effective in predicting the 30-day mortality of patients

with sepsis than the traditional SAPS II score.
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INTRODUCTION

Sepsis is a life-threatening organ dysfunction
caused by a dysregulated host response to infection,
as defined by the Third International Consensus'’. In
developed countries, 2% of inpatients had sepsis, and
sepsis may occur in 6%—30% of the patients who stay
in intensive-care units (ICUs)™. As a common cause of
death in ICUs, sepsis leads to over 5.3 million deaths
annually®®. In China, it has been reported that the
prevalence of sepsis was 20.6% and the 90-day mor-
tality rate was 35.3%".

Mortality risk prediction in sepsis has been widely
explored. Zhao L et al. have constructed a COX pro-
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portional hazards model, using platelets as a prog-
nostic marker of sepsis'™. Chen H et al. used multiple
regression to analyze the relationship between central
venous pressure and outcomes of septic patients!®!.
However, these traditional regression models assumed
a linear independent relationship between variables,
making it difficult to take a large number of valuable
variables into account. In addition, the Simplified Acute
Physiology Score (SAPS II) can be used to assess the
severity of sepsis and estimate the mortality risk but
with limited prediction accuracy.

Currently, machine learning methods have been
widely used in mortality risk prediction”*”, HOU N et
al. has used XGBoost to predict the 30-day mortality
of septic patients and found the reported model per-
formance was significantly better than that of the tra-
ditional regression model™!, Wang used random forest
algorithm to predict the onset of sepsis™?!. In our cur-
rent study, we constructed five machine learning mod-
els for mortality prediction in sepsis patients, including
Logistic regression (LR), Bayesian network (BN), Ran-
dom forest (RF), XGBoost, and LightGBM trained on
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the data from MIMIC- IV database. We used accuracy,
F1 score, area under the receiver operating character-
istic curve (AUC), and other metrics to evaluate the
performance of these models, with an attempt to fig-
ure out the best machine learning model for identifying
mortality risk in septic patients. We also compared
them with the traditional SAPS II. Finally, we adopted
the SHapley Additive exPlanations (SHAP) algorithm to
interpret the prediction results and visualize the contri-
butions of risk factors. The workflow of our research is
shown in Fig. 1.

MATERIALS AND METHODS

Data sources
We obtained the clinical data of sepsis patients from
the MIMIC- IV database!?, and all the co-authors
were approved to extract data for this study (Certif-
icate Number: 44835985). MIMIC- 1V is a large pub-
licly available and single-center database, comprising
de-identified health-related data in 2008-2019 from
patients who were admitted to the critical care units of
the Beth Israel Deaconess Medical Center, and the data
were collected from Metavision bedside monitors!"®,
MIMIC-IV database contains many clinical features,
such as age, gender, vital signs, fluid balance, vital
status, laboratory tests, and medications.

Using PostgreSQL (6.1) and Navicat Premium
(15.0.27), we extracted the clinical data based on the

MIMIC- IV
database
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Sepsis-3 (SOFA score>2) patient concept table. The
inclusion criteria were: a) patients who were older than
18 years and younger than 89 years; b) the length of
ICU stay was over 24 hours; and c) once the patients
had multiple admissions with sepsis, only the last ad-
mission was analyzed. Besides, we used other concept
tables to extract 47 related features, including: a) de-
mographic information such as age, and gender; and b)
indicators of laboratory tests such as blood routine and
urine output. The detailed process of patients selection
for data extraction is shown in Fig. 2.

Data pre-processing

We obtained the raw data of 19,903 patients who were
diagnosed with sepsis and calculated the proportion
of missing values for each feature. The features with
a missing ratio greater than 5% are listed in Table 1.
Features with a missing ratio higher than 10% were
deleted, and features with a missing ratio of less than
10% were filled with the mode. Finally, 12,664 patients
were included for the final analysis.

Feature selection
We used the grid search and the maximal information
coefficient (MIC) to select valuable features.

MIC=H(X;Y)=H(X)-H(X|Y) (1)

In the formula (1), H(X) is the information coeffi-
cient, and H(X;Y) is the mutual information of X and Y.
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Figure 1. Workflow of research to compare mortality predictive models of sepsis patients based on machine learning
AUC: area under curve; ROC: Receiver operacting characteristic; ICU: intensive care unt; LoS: length of stay
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Figure 2. The patient selection processes for data ex-
traction from the MIMIC- IV database.

Table 1. Features of raw data with missing ratio>5% ob-
tained from MIMIC-IV (n=19,903)

Feature Missing records (n) Missing ratio
C reactive protein _max 15,373 77.2%
Height_mean 7,128 35.8%
vent_status 1,803 9.1%
Inhalation_max 1,159 5.8%

It represents the reduction in uncertainty of Y when X
is known. Features were incorporated into grid search
in descending order of MIC values.

For the grid search-based feature selection, we
adopted three models (LR, BN, and RF) to search for
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the best number of features and bins. Then the AUC
scores of the above models with different numbers of
features were calculated, therefore the optimum num-
bers of included features could be determined once the
AUC reached the ceiling. The results of grid searches
are shown in Fig. 3A.

Fig. 3A shows that the model performance was
increased as the number of included features in-
creased, and the model achieved the optimum perfor-
mance when the number of model features increased
to 19 (shown in Fig. 3A with red dashed line). There-
fore, we selected the top 19 features with the largest
MIC value to construct machine learning models, and
the selected features are listed in Table 2. In addition,
as Bayesian networks only accept discrete-type fea-
tures, we adopted a percentile discretization to discret-
ize the continuous features. In this situation, we also
used grid searches to determine the best discretization
strategy, and the results of grid searches are shown in
Fig. 3B.

Fig. 3B indicates that the model performance in-
creased as the number of bins increased, and discret-
izing the continuous feature into 5 bins was a sub-op-
timal point. The more discretization bins are, the more
difficult to explain the model. Considering the perfor-
mance of bins and the average AUC of BN, we finally
discretized the continuous variables into 5 bins. The
feature selection results are listed in Table 2, where
the features are arranged in descending order of the
maximal information coefficient (MIC). The features
discretization strategies are shown in Table S1.

The feature we selected had 18 continuous vari-
ables and one category variable. The categorical vari-
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Figure 3. Performance of models at different number of features.

Three lines represent AUC scores in different models with top n features selected by MIC in (A), with different number
of bins for continuous features discretization in (B). The color shadow area represents the fluctuation of AUC in different
folds. The red dashed line represents the feature numbers we chose.

LR: Logistic Regression; RF: Random Forest; BN: Bayesian Network.
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Table 2. MIC values of the features in feature selection.

NO Feature MIC
1 urine_max 0.0441
2 los_hospital 0.0418
3 aniongap_max 0.0370
4 specimen_count 0.0347
5 antibiotic_num 0.0346
6 bun_max 0.0325
7 bun_min 0.0303
8 aniongap_min 0.0295
9 bicarbonate_min 0.0273
10 inr_max 0.0271
11 creatinine_max 0.0270
12 vent_status 0.0224
13 los_ICU 0.0223
14 charlson_score_max 0.0185
15 bicarbonate_max 0.0181
16 chloride_max 0.0180
17 heart_rate_max 0.0173
18 sodium_max 0.0160
19 Spo2_mean 0.0158

MIC: maximal information coefficient of the features and outcome.
In this study we chose death within 30 days as the predicted
outcome. aniongap: anion gap; vent_status: ventilation; los:
length of stay; inr: international normalized ratio; bun: blood urea
nitrogen; spo2: oxygen saturation; num: number of the events

occurred in ICU; ICU: intensive care unit.

able vent_status means ventilation status. It has five
values: low flow oxygen (n=4,105, 32%), high flow
oxygen (n=366, 3%), non-invasive mechanical (n=263,
2%), invasive mechanical (n=7,679, 61%), and tra-
cheotomy (n=251, 2%). In order to make the model
more effective, we calculated two features including
specimen_count and antibiotic_num, which represent
the positive specimen and the number of antibiotic use
in ICU.

Model construction
We constructed five machine learning models, includ-
ing Logistic Regression (LR), Bayesian Network (BN),
Random Forest (RF), XGBoost, and LightGBM. All ex-
periments were performed by Python. Scikit-learn,
Statsmodels, and other Python packages were used
to develop the proposed and comparative models, re-
spectively.

LR is a statistical method for classification and
regression. LR can model the probability of a discrete
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outcome given an input variable. As opposed to linear
regression, LR does not require a linear relationship be-
tween input and output variables. So it is widely used
to predict diseases and handle other classification ques-
tions'®. To optimize the algorithm, we use L-BFGS meth-
od to improve the effectiveness of iteration and adopted
L2 regularization to avoid model overfitting.

BN was developed from Bayesian methods. It can
explain causal relationships in complex structures by
dealing with missing data and uncertain knowledge™*.
The construction of BN includes two steps: structure
learning and parameter learning. For structure learn-
ing, a previous study had indicated that the score-
based method is more robust than the constraint-based
method!"®). Therefore, we used the hill-climbing search
algorithm as the adopted score-based structure learn-
ing algorithm. For parameter learning, the maximum
likelihood estimation method was adopted to learn the
parameters of the BN.

RF is a bagging-based ensemble method that
contains multiple decision trees. Each decision tree
consists of multiple nodes, and each node represents a
classification rule based on a single variable™®. In our
current study, we applied 100 estimators in the predic-
tion model. In addition, the quality of split-measured
criteria was “Gini”.

XGBoost, a boosting method developed from gra-
dient boosting decision tree (GBDT), can efficiently and
flexibly handle missing data and achieve higher perfor-
mance than GBDT "), We used gbtree as our booster
to construct this model. Besides, the number of itera-
tions was 100 and the learning rate was 0.5. LightGBM
is a gradient boosting method developed by Microsoft
and combines many advantages of XGBoost.

LightGBM can handle large and structured data
and has ultra-high training speed *® . We configured
the number of iterations as 100 and used all observa-
tions in the training data for each iteration to construct
LightGBM. To achieve better performance of our mod-
el, we set the learning rate as 0.05.

The new Simplified Acute Physiology Score (SAPS
IT) was used to assess the severity of sepsis and esti-
mate the mortality rate. The mortality rate calculated
by SAPS II can be formulated as'®:

X

e

SAPS 1l mortality = (2)

l1+e*

x ==7.7631+0.0737 x Score+0.9971x[ In(Score +1) |  (3)

where Score is the SAPS II score, which is the worst
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score in the past 24 hours measured on the SAPS Scale.
Previous study has demonstrated that the SAPS II score
is an acceptable predictor of mortality in sepsis 2%,

Model evaluation and comparison

Five metrics of these models were used, including ac-
curacy, precision, recall, F1 score, and AUC score. To
verify the stability of those models, we used 10-fold
cross-validation to estimate the above metrics. More-
over, we adopted the SAPS II as a baseline method
and calculated the mortality risks and the above met-
rics for performance comparisons. Furthermore, we
used t test to compare the performance of these five
machine learning models. External validation was im-
plemented to avoid the bias of the conclusion.

Model interpretability

Machine learning models have been proven to achieve
better performance than traditional methods in pre-
dicting the mortality of patients with sepsis. However,
these models are often described as “black-box models”,
and it is often difficult to interpret the model predictions
with relevant clinical knowledge. Therefore, in this study,
we used the SHAP, a method widely used in machine
learning interpretation 2%, to analyze the impacts of
different features on the model results and provide a
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reasonable interpretation of the model. Formula (4) was
adopted when explaining SHAP of the tree model:

g(x)=4, +i¢f (4)

where g is the interpretation function, ¢, is the mean
of the predicted values for all samples (called base
value), and ¢, is Shapley value of the j feature. The
Shapley value is the average marginal contribution of
the features in all possible feature combination ™!,
M is the number of features. Our code is available in
https://github.com/ziyang-W/MIMIC_IV_Sepsis.

RESULTS

Descriptive statistical analysis

A total of 12,664 ICU patients with sepsis were en-
rolled in this study, including 5,249 males (41.5%) and
7,415 females (58.5%). Up to 2,915 patients (23.0%)
died within 30 days, while 9,749 (77.0%) survived.
The average age of patients who died within 30 days
and those who survived were 68.32 years and 65.89
years, respectively. Among patients with sepsis, there
were more women than men, and the average age of
death was higher than the average age of survival.
Descriptive statistical analysis was performed for each
feature, and results of continuous and categorical fea-

Table 3. Comparisons of features between survived and dead patients (n=12,664)

Features All (n=12,664) Survival (n=9,749) Death (n=2,915) /% P value
aniongap_max (mmol/L, mean+SD) 16.99 £ 5.37 19.43 £ 6.36 16.26 £ 4.81 24.85 <0.001
aniongap_min (mmol/L, mean+SD) 133 233370 14.72 £ 4.47 121645+ 13799 2332 <0.001
antibiotic_num (mean+SD) 6.31 £ 5.72 8.38 £ 6.00 5.69 £ 5.48 21.67 <0.001
bicarbonate_max (mmol/L, mean+SD) 24.34 £ 4.71 23.39 £ 5.44 24.62 + 4.43 -11.14 <0.001
bicarbonate_min (mmol/L, mean+SD) 21.15 £ 5.21 19.46 + 6.04 21.65 £ 4.82 -17.93 <0.001
bun_max (mg/L, mean£SD) 32.40 £+ 25.09 42.77 + 29.93 29.30 + 22.54 22.46 <0.001
bun_min (mg/L, mean+SD) 26.98 + 21.93 35.84 + 26.48 24.33 + 19.61 21.75 <0.001
charlson_score_max (mean+SD) 6:59£13:03 7.63 £ 2.94 6.288E12198 21879 <0.001
creatinine_max (mmol/L, mean+SD) 1.64 £ 1.49 2.03 £ 1.56 1.53 £ 1.45 15.45 <0.001
chloride_max (mmol/L, mean+SD) 106221886273 106.4 £ 6.29 1055881798 14.26 <0.001
inr_max (mean£SD) 1.73 £ 1.27 2.11 £ 1.62 1.61 £1.11 15.47 <0.001
los_hospital (days, mean+SD) 13.03 + 13.76 11.73 + 15.19 13.42 + 13.28 -5.42 <0.001
los_ICU (days, mean+SD) 6.16 + 6.80 7.14 £ 5.79 5.87 £ 7.05 9.85 <0.001
heart_rate_max (bpm, mean£SD) 107.82 + 21.48 106.05 + 20.48 1B 731 128160 -14.54 <0.001
spo2_mean (%, mean£SD) 96.94 + 2.25 97.09 + 1.95 96.44 + 2.99 14.49 <0.001
sodium_max (mmol/L, mean+SD) 140.14 + 5.36 140.32 £ 6.65 140.08 + 4.91 1281 0.0696
specimen_count (mean£SD) 6.11 + 5.51 8.14 £ 5.81 5.51 £5.26 21.91 <0.001
urine_max (ml, mean£SD) 1,751.39 311, 258.798 1728430 = 17,234. 8018910581 17225.3788=2 332 <0.001
vent_status [n(%)]* 12,664 (100) 9,749 (77) 2,915 (23) 503.11 <0.001

*There was significant difference between survival and death groups within 30 days.
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tures statistical analysis between survived and death
patients are shown in Table 3 and 4, respectively.

Each feature selected by MIC was significantly dif-
ferent in groups except sodium_max. However, we had
adjusted the constraints of significance to incorporate
more potential features.

Model comparison

In this study, five machine learning models were con-
structed and their performances were validated under
10-fold cross-validation. To compare the performance
of the five machine learning models with SAPS II score
predictor clearly, we aggregated the ROC curves in 10-
fold cross-validation of each method and plotted them
in Fig. 4, where the solid lines indicate the average
ROC curves of different methods and the gray areas
indicate the fluctuation ranges of cross-validations.
The results demonstrated that LightGBM outperformed
other methods. Moreover, the performances of LR and
BN were lower than the other three machine learning
models but still higher than the SAPS II score.

We calculated the means and standard deviations
of accuracy, precision, recall, F1 score, and AUC scores
to evaluate the performance of these methods by 10-
fold cross-validation (Table 4). To illustrate the differ-
ences between LightGBM and other machine learning
models, we apply the t test to compare the metrics

ROC

True positive rate

/"— Logistic Regression (AUC=0.81)
o Random Forest (AUC=0.89)

0.2 .-~ — Bayesian Network (AUC=0.76)
— XGBoost Classification (AUC=0.87)
— LightGBM Classification (AUC=0.90)
. 4 . — SAPS I (AUC=0.75) .
0 0.2 0.4 0.6 0.8 1.0

False positive rate
Figure 4. The ROC of the five the machine learning mod-

els and SAPS II score prediction.
AUC: area under the curve; ROC: receiver operating char-
actoristic.
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among different models. All the machine learning mod-
els performed better than SAPS II score; LightGBM
achieved the best performance in accuracy, precision,
and AUC score. Compared to the traditional SAPS II
score, the relative improvement of accuracy, precision,
recall, F1 score and AUC was 11.4%, 30.0%, 38.1%,
33.1%, 20.3%, respectively. Among the machine
learning models, BN performed the worst.

LightGBM significantly outperformed BN and LR
in each metrics and significantly outperformed other 4
machine learning models in AUC. Therefore, LightGBM
was the best-performing predictive model in our study.

To further evaluate the preference of machine
learning model in predicting the 30-day mortality rate
in sepsis patients, LightGBM was used as an exam-
ple to validate our proposed machine learning-based
methods on external data. The data supplied by Nian-
zong Hou™" was chosen as the validation dataset to
avoid bias, which extracted from MIMIC-II. There
are 4,560 patients in the validation dataset, with 889
death and 3,671 survivals. There were some differ-
ences between our data and validation data. The three
missing features (antibiotic_num, specimen_count, and
charlson_score_max, with predicted accuracy 0.942,
0.938, and 0.895, respectively) were filled by the ran-
dom forest method through other identical features. In
addition, the target result was deleted during the filling
of the missing features. Finally, the LightGBM showed
good discriminatory power, with AUC being 0.883, and
accuracy being 0.852, precision being 0.612, recall be-
ing 0.709, and F1 score being 0.657.

Model explanation

In this study, we took LightGBM as the state-
of-the-art method and plotted the SHAP values (Fig.
5). The features are arranged in descending order
of importance (Fig. 5), which shows that length of
hospital stay, length of ICU stay, and maximum urine
output are more important for the prediction capability
of models. Longer length of stay was associated with
lower 30-day mortality rate. Maximum urine output
seemed to have similar impact. Higher Charlson score
was associated with higher 30-day mortality rate. Ex-
cessive antibiotic use was also reported to increase 30-
day mortality rate.

DISCUSSION

Sepsis is a life-threatening organ dysfunction
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Table 4. Performance comparison of five machine learning models and SAPS II score predictor

Model Accuracy Precision

Recall F1 Score AUC

SAPS II Score 0.725 0.430
0.751(0.02)*
0.654(0.03)*

Logistic Regression

Bayesian Network

Random Forest 0.806(0.02)* 0.558(0.04)
XGBoost 0.795(0.02) 0.541(0.04)
LightGBM 0.808(0.02) 0.559(0.04)

0.486(0.03)*
0.378(0.02)*

0.604 0.502 0.748
0.719(0.06)* 0.571(0.02)# 0.807(0.01)*
0.773(0.06)* 0.507(0.01)* 0.756(0.01)*

0.807(0.05) 0.657(0.01) 0.891(0.01)*
0.804(0.05) 0.645(0.02)* 0.875(0.01)*
0.834(0.04) 0.668(0.02) 0.900(0.01)

Compared to the performance of LightGBM, *P<0.05, #P<0.001 (by t-test).

with high mortality rates in various countries but lacks
specific treatment modality™*
agement relies mainly on the early identification!,
Predicting the mortality of patients with sepsis can
help improve the quality of patient management
and prognosis and reduce the mortality rate. In this

. Currently, sepsis man-

study, we constructed five machine learning models
based on the clinical data of sepsis patients from the
MIMIC-1V database. These models achieved desirable
performances in predicting the 30-day mortality rate
in sepsis patients in ICU, which can support clinical
decision-making and optimize the public health re-
source allocation. Among the five machine learning
models, the LightGBM model performed best with
an average AUC score up to 0.9. This also coincides

High
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Figure 5. Feature explanation of lightGBM model using
the SHapley Addictive exPlanations (SHAP) value

Each point in the figure is the SHAP value of a sample,
and the color of the point represents the value of the fea-
ture. Red represents high values while blue represents low
values. SHAP value greater than 0 indicates that the fea-
ture is a risk factor for death, while less than 0 indicates a
protective factor.

with the findings of HOU N et al. who predicted the
30-day mortality rate in sepsis patients in MIMIC-III
database!**. In addition, all the constructed machine
learning models performed better than the tradition-
al SAPS II.

Meanwhile, the SHAP values of LightGBM also
show that maximum urine output plays an important
role in predicting long-term outcomes in sepsis pa-
tients'??, suggesting large urine output and high blood
urea nitrogen (BUN) are risk factors for mortality in
sepsis patients because these patients may have vary-
ing degrees of renal insufficiency. Currently, evidence
has indicated that persistent oliguria is associated
with death in patients with sepsis **), which may be
explained that patients who have oliguria are more
likely to suffer from other severe diseases (e.g. severe
renal impairment), which increase the risk of death.
Moreover, prolonged hospital and ICU stay may also
increase the mortality, probably due to a positive cor-
relation between length of stay and disease severity.
We also find features of vent_status and antibotics_
num, which are often related to a severe condition
and a poor prognosis, were associated with the 30-
days death. Patients with a high Charlson score usually
have more complex and severe comorbidities, which
are also associated with higher risk of death. However,
the positive correlation cannot make the conclusion,
for the bias need to be excluded to reach a conclusion
with more confidence. However, the data extracted
from the MIMIC-IV database were retrospective, which
might cause selection bias. To address this issue, ex-
ternal validation was implemented to test the stability
of the machine learning model.

In our future studies, clinical guidelines will be
further utilized in feature selection to improve the in-
terpretability of the models. In addition, we will apply
this method in real-word studies for the early identifi-
cation of patients with sepsis.
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Supplementary material

Available at http://cmsj.cams.cn/EN/10.24920/004102.
Table S1. Results of feature selection by MIC and fea-
tures discretization code
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