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ABSTRACT
Mortality risk prediction for patients admitted into the intensive care unit (ICU) is a
crucial and challenging task, so that clinicians are able to respond with timely and
appropriate clinical intervention. This becomes more urgent under the background of
COVID-19 as a global pandemic. In recent years, electronic health records (EHR) have
been widely adopted, and have the potential to greatly improve clinical services and
diagnostics. However, the large proportion of missing data in EHR poses challenges
that may reduce the accuracy of prediction methods. We propose a cohort study that
builds a pipeline that extracts ICD-9 codes and laboratory tests from public available
electronic ICU databases, and improve the in-hospital mortality prediction accuracy
using a combination of neural network missing data imputation approach and
decision tree based outcome prediction algorithm. We show the proposed approach
achieves a higher area under the ROC curve, ranging from 0.88-0.98, compared with
other well-known machine learning methods applied to similar target population. It
also offers clinical interpretations through variable selection. Our analysis also shows
that mortality prediction for neonates was more challenging than for adults, and that
prediction accuracy decreases as patients stayed longer in the ICU.
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1 INTRODUCTION
The intensive care unit (ICU) admits patients with lifethreatening injuries and the most severe illnesses [1].
Patients in the ICU receive much more clinical care than
other patients, requiring consistent monitoring and are
at high risk of death. For example, under the background
of COVID-19 as a global pandemic, the mortality rates
of ICU admitted COVID-19 patients are between 30%–
50%. Among the various aspects of clinical research, ICU
mortality prediction plays an important role as it not only
helps researchers to identify the patients in danger, but
in principle can save ICU beds for patients most in need
[2, 3]. Therefore, building accurate mortality models
and identifying important risk factors are needed more
than ever to inform clinical decisions and answer urgent
research questions.
Existing literature developed score systems to preprocess data using baseline patient characteristics.
For example, the Acute Physiology And Chronic Health
Evaluation system (APACHE) [4] and the Simplified Acute
Physiology Score (SAPS) [5, 6] mostly reply on clinical
expertise for variable selection and importance weights.
However, none of these models are consistently suitable
for all patients in ICUs due to insufficient accuracy or lack
of generality [7]. In order to increase the accuracy of
mortality prediction, researchers have designed various
models and scoring systems with specific requirements.
For example, Moridani et al. [8] proposed a mortality
scoring system to predict heart disease. Although the
model resulted in acceptable results when risks are
predicted at an early stage, the sample size in this study
was too small to represent the target population (only
90 selected patients), and only one disease factor was
considered.
Electronic health records (EHR) contain valuable
information such as demographics, lab test, vital signs
and disease diagnosis code. In the United States, more
than 30 million hospital patient visits happen each year,
for which 83% generate electric health records. For
researchers, data mining using such a rich data source
could potentially provide deeper understanding and
achieve satisfactory prediction results. One common
challenge in utilizing electric health records is that data
are not always available in a clean and tidy format,
and much of the primary work is to prepare the data
into a standard form amenable to analysis. This issue
is imperative for ICU prediction because the clinical
decisions have to be made in a timely matter.
Analysis on EHR data could be significantly
challenging since there is considerable missing data. The
characteristics of the patient records vary greatly among
heterogeneous patients, which results in inconsistent
and incomplete data. Improper dealing with missing
data can lead to significant biased results, especially
for data with complex structure. This issue is growing
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as EHR data become more widespread and datasets
increase in scope and size. In EHR data, missing values
usually frequently outnumber non-missing values, with
missing rates ranging from 20% to 80% [9]. In most
EHR data, non-missing features may account for part
of the missingness patterns among different patients.
Therefore, in principle much of the missingness might
be “recoverable” in an approximately unbiased manner,
given a sufficiently sophisticated approach to imputation.
Numerous methods have been developed to impute
missing values. These include spectral analysis [10],
kernel methods [11], the EM algorithm [12] for certain
models, matrix completion [13] and matrix factorization
[14], to name a few. Multiple imputation [15, 16] can be
further applied with above missing imputation methods
to reduce the variance, by repeating the imputation
steps multiple times and taking the average of the
results, which also provides estimates of uncertainty.
However, existing generative imputation methods have
limitations. The EM methods require assumptions about
the distributions and are cumbersome to apply to mixed
features including both categorical and continuous
data, which are very common in EHR data (e.g. ICD-9
codes and laboratory test values). Recent developments
in deep learning have shown promising alternatives.
For example, the generative adversarial imputation
nets (GAIN) [17] train a generator and discriminator
aversarially to impute missing data according to the true
underlying distribution.
In this paper, we build an accurate ICU prediction
pipeline that extracts ICD-9 codes and laboratory tests
from the Multiparameter Intelligent Monitoring in
Intensive Care (MIMIC) III database. Our model handles
large numbers of patients with various diseases and
significant missing data. We show that the proposed
prediction model based on LightGBM outperforms other
ICU mortality prediction models reported in literature
under similar target population.

2 MATERIALS AND METHODS

2.1 MIMIC ELECTRONIC HEALTH RECORDS
DATA
The Multiparameter Intelligent Monitoring in Intensive
Care (MIMIC) [18] is a public critical care database which
includes all patients admitted to the ICUs of Beth Israel
Deaconess Medical Center in Boston, MA since 2001.
Three major versions of MIMIC database are available
for research analysis. The MIMIC-II includes 24,508 adult
patients (age > 15, as defined by the MIMIC database)
from 2001 to 2008, and MIMIC-III augments it with the
data collected between 2008–2012, resulting in a total
of 38,597 unique adult patients and 7870 neonates.
In addition, the data in MIMIC-III is more reliable and
complete to facilitate further research than in MIMIC-II
[19]. The MIMIC database provides information about
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patients’ demographics, diagnosis codes, laboratory
tests, and clinical events, for over 350 million values
across various sources of data. Among the collected
values, the laboratory test is one of the most important
data sources, constituting more than 90% of total events.
Table 1 summarizes the patient characteristic in different
versions of MIMIC database. Noted that the identifier has
been changed across versions. Although SUBJECT_ ID
(unique to a patient) has been kept consistent between
MIMIC-II and MIMIC-III, HADM_ ID (unique to a patient
hospital stay) and ICUSTAY_ ID (unique to a patient ICU
stay) have been regenerated and will not match between
the two databases. Also, some item-ID mapping and
Schema have changed, and many new tables have been
added into MIMIC-III.

We use MIMIC-III database to build a machine learning
pipeline for ICU patients’ in-hospital mortality prediction,
which includes 38,597 unique adults and 7,870 neonates.
Separate models are built for adults and neonates due to
their distinct event rates, ICD-9 diagnoses and covariate
distributions. To protect patients’ privacy, all patients’
data are de-identified, and the reported times of the
events are randomly drifted for each patient so that
only the relevant time intervals within clinical events are
known. There are 6,984 features among ICD-9 codes,
726 features among laboratory tests and tens of other
demographics features. After feature engineering, a total
of 601 features including demographics (age and gender),
diagnosis codes (ICD-9 Code) and laboratory tests are
selected in the machine learning models (Figure 1). ICD-9

ADULT PATIENT STATISTICS

MIMIC-II

MIMIC-III

Distinct adult patients

24,508

38,597

Hospital admissions

26,870

49,785

Distinct ICU stays

31,782

55,423

Age (yrs)

65.5 (51.9, 77.7)

65.8 (52.8, 77.8)

Gender (male)

17,857 (56.2%)

27,983 (55.9%)

ICU length of stay (days)

2.1 (1.1, 4.3)

2.1 (1.2, 4.6)

Hospital length of stay (days)

7 (4, 13)

6.9 (4.1, 11.9)

Hospital mortality

3,092 (11.5%)

5,748 (11.5%)

Table 1 Adult patient characteristics in different versions of MIMIC database.

Figure 1 Feature Engineering Pipeline of MIMIC-III database.
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Code documents diagnoses and procedures associated
with hospital utilization. For neonates’ ICD-9 records,
we removed the V codes because they are designed for
occasions when circumstances other than a disease or
injury result in an encounter or are recorded by providers
as problems or factors that influence care.
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Each patient’s ICD-9 codes are documented at the end
of ICU stay, including information during the whole
period, however, they are not supposed to contain the
information after discharge. We extract and calculate
the frequency of distinct ICD-9 codes appeared in the
database. The number of ICD-9 codes can be as high
as tens of thousands (14,567 by definition and 6,984
in our data), which could cause not only low predictive
performance but also memory issues. The observed
distribution of ICD-9 codes shows that some high
frequent codes dominant the whole diagnoses dataset.
As shown in Table 5, the top 10 common ICD-9 codes
cover 76.9% of the dataset and the top 50 cover 93.6%.
Thus we consider to use the adjusted ICD-9 categories to
reduce the feature dimension. The first 3 digits contain
the general condition of a patient so that have been
commonly used to represent disease categories [20].
Therefore, We follow this tradition and convert features
into 1070 dummy variables (one-hot encoding) as
indicators for each small group of disease codes. The last
two line of Table 5 show after grouping the ICD-9 codes
into categories, the top 10 and top 50 most common
categories cover 84.2% and 96.8% separately [21].
Although we already reduced the dimension of
diagnosis code by extracting the first 3 or 4 digits, some
features remain to be too sparse, which may cause
common problems such as increasing the space and time
complexity of models, causing algorithms to behave in
unknown ways due to overfitting. To further simplify the
feature space, we drop the adjusted ICD-9 codes which
were documented on fewer than 48 patients, following
our observation that the median of the 3-digit frequency
in the database was 48.5. In this manner we are able to
reduce the diagnosis code space to 535 unique values
(as in Figure 1).

stay (and sometimes includes outpatient stays). As a
result, the extracted laboratory test values allows the
possibility to predict the patient’s mortality rate before
admission to the ICU.
Among the 726 unique laboratory test features, we
select only the tests documented after the patient’s
first inpatient admission. We also aggregate the
laboratory test into each day. If there are more than
one same laboratory test for a patient within the same
day, we take their average values. If a laboratory test
does not exist for a patient in one day, we treat it as a
missing value. After the initial aggregation, our lab data
are organized into a 3-dimensional patient-lab array,
representing patient ID, date and lab test features,
separately.
For ICU patients, there are no universal standard
rules for prescription of laboratory tests, resulting in
a large and sparse lab feature space. Frassica [22] in
2005 compared 45,188 lab tests and profiles in three
ICUs: surgical ICU, pediatric ICU, and medical ICU,
and discovered that 80% of the tests and profiles in
the three ICUs are covered by <25 tests. Sharafoddini
[23] combined the previous information and modified
the lab tests items based on the Medical Information
Mart for Intensive Care III database, and then selected
36 lab items for predicting in-hospital mortality.
Inspired by the above analyses, we hypothesized that
using more laboratory test items might not improve
the prediction accuracy, as the three-dimension
patient-lab-day array is extremely sparse and have a
high missing data rate. Figure 5 presents the missing
proportion of 36 common laboratory tests. Many lab
features have missing rate greater than 50%, and the
missing rates can be as high as 80%, potentially posing
important downstream effects on accuracy for some
prediction methods.
To reduce the dimension of laboratory test features,
we first take the average of the patient’s test value prior to
the target (response) day as the patient’s corresponding
laboratory test value. In this manner, the sparse time
series of laboratory tests are transformed into scalar
values. As a result, the 3-dimensional patient-lab array
becomes a patient-lab matrix. While we mitigate the
sparsity problem of laboratory tests, the missing rates sill
remain problematic.
Second, we filter out the laboratory tests with
missing rate greater than 70% (as being effectively
uninformative). This reduces the dimension of laboratory
items to 64. The remaining missing data are imputed to
improve the prediction accuracy. Details about missing
data imputation are provided in Section 2.3.

2.2.3 Laboratory tests

2.2.4 Data Normalization

The Lab table in MIMIC-IV spans more than just the
patient’s ICU stay, and in fact covers their whole hospital

Some of the prediction methods are sensitive to the
scale of values, and data normalization provides a more

2.2 DATA PREPROCESSING AND FEATURE
ENGINEERING
2.2.1 ICU patients cohort
All patients in the MIMIC-III database are included,
resulting in 38,597 unique adult patients, and 7,870
unique neonates. For each patient, we include their first
admission to the ICU.

2.2.2 ICD-9 code
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uniform effective weight. We re-scale all the features
using the min-max normalization technique,
Xi =

X i ,raw − min ( X i ,raw )

max ( X i ,raw ) − min ( X i ,raw ) (1)

where Xi is the scaled value for ith feature, and Xi,raw is
the original value. Other approaches are possible, but
min-max scaling has the advantage of preserving
interpretability for binary variables, as [0,1] maps to [0,1]
after scaling.
The missing imputation step is for recovering training
data, so that the machine learning models would be
trained better to capture the structure of the features
if proper imputation methods are applied. In training
steps, we applied GAIN on training data to obtain the
complete dataset for model training. In prediction steps,
we combine the original training data and the prediction
data, and then apply GAIN on the whole dataset to obtain
the complete prediction features as input of the models.

2.3 MISSING DATA IMPUTATION VIA GAIN
The goal of imputation in the mortality prediction context
is not to provide unbiased estimates of parameters
governing the data structure, as is often the case in
formal missing data methods, but to use missing data
imputation as a device to increase prediction accuracy for
ICU outcome [37]. However, the general rationale behind
missing data imputation is valid for prediction even if the
predicted values are biased, as prediction does not use
the final outcome measure. Here we operate under the
standard assumption of missing-at-random as in the
missing data literature.
Generative Adversarial Imputation Nets (GAIN) [17] is
a missing data imputation algorithm based on the wellknown Generative Adversarial Nets (GAN) framework.
The generator and discriminator are trained adversarially
to learn the desired missing data distribution. GAIN
was defined for irregularly-sampled temporal data
and has been shown to substantially outperform
previous methods including Multiple Imputation by
Chained Equations, Matrix Completion and Expectation
Maximization on a variety of UCI datasets [17]. A review
paper for deep learning methods for medical time series
data by Sun et al. also suggested superiority of GAN
based missing data imputation methods for EHR data
[24].
Let X = (X1, …, XD)T be a vector of random variables
(either continuous for laboratory tests or binary for recoding of ICD-9 codes), whose distribution follows P(X).
In the presence of missing values, we use a mask vector
M = (M1, …, MD)T with Md ∈ {0, 1} for d = 1,…, D to inform the
generator which values are missing or are present.
The generator in GAIN, G, takes realized values of X,
M and a random noise vector Z as input, and outputs
a vector of imputed values X̂. The noise vector Z is

introduced to add randomness to imputed values so
they’re not the same every time, and thus avoid model
overfitting.
The discriminator of GAIN, D, is used as an adversary of
G to determine whether a value is observed or imputed.
In the discriminator, a hint vector H is further supplied
to ensure that the discriminator forces the generator to
generate the desired distribution.
The loss of GAIN is defined by

( )

(

( ))

T
V ( D, G ) =  Xˆ ,M ,H MTlogD Xˆ ,H + (1 − M ) log 1 − D Xˆ ,H  ,



where log is element-wise logarithm and V(D, G) depends
on G through the corresponding imputed clinical features
matrix X̂. The training objective of GAIN is a minimax
problem given by minG maxD V(D, G).
We apply GAIN on the whole dataset to obtain the
complete feature dataset as input of the subsequent
outcome prediction models. Figure 2 summarizes the
pipeline of our missing data imputation procedure.

2.4 OUTCOME PREDICTION MODELS UNDER
COMPARISON
We compare a number of binary outcome prediction
models for the ICU mortality prediction task, including
several popular machine learning methods. These
models are briefly reviewed as follows.

2.5 REGULARIZED LOGISTIC REGRESSION
We consider logistic regression as a baseline to predict the
mortality probability. To avoid over-fitting, regularization
is used to control the complexity of the model by
penalizing large regression coefficients. The loss function
of regularized logistic regression with LK penalty is
K

V (( hθ ( X ) , y ) =
− ylog ( hθ ( X ) ) − (1 − y ) log (1 − hθ ( X ) ) + ∑λk‖θ‖kk ,
k =1

where hθ(X) is the predicted probability of event y occurring
given X, θ is a vector of the regression coefficients, and
λk controls the amount of regularization applied to the
model. When K = 1, the loss function with L1 penalty
corresponds to Lasso logistic regression. When K = 2 and
λ1 = 0, the loss function with L2 penalty corresponds to
Ridge logistic regression. Finally, when K = 2 and λ1, λ2
≠ 0, the loss function with weighted L1 and L2 penalty
corresponds Elastic Net logistic regression. We compare
the performance of these three different regularized
logistic regression models for ICU mortality prediction.
There is one tuning parameter for each of the Lasso and
Ridge model (L1 and L2 penalty). For Elastic Net, we set the
same weight for L1 and L2 penalty term, so that it also has
one tuning parameter. In the presence of large number
of features, the L1 penalty might be a better choice since
it results in sparse coefficients and a simpler model with
less features. For each tuning parameter of the penalty
terms, a set of ten candidate values in a logarithm scale
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Figure 2 Pipeline of the missing data imputation procedure. The zeros in the Mask Matrix indicate the positions of missing data, while
ones indicate the observed data. Data Matrix is generated from Raw Data with missing values imputed by 0. Random Matrix includes
random noise at the missing positions and 0 otherwise.

between 1e–4 and 1e4 is selected by cross-validation
according to prediction accuracy.

2.5.1 LightGBM
Ke et al. [25] developed an efficient boosting decision
tree using gradient-based one-side sampling (GOSS)
and exclusive feature bundling (EFB), called LightGBM.
LightGBM significantly improves the training time based
on decision tree algorithms, while achieving the same
or even better accuracy. To introduce the algorithm of
LightGBM, we first review the Gradient Boosted Decision
Trees (GBDT) method.
GBDT is a popular machine learning algorithm that
iteratively constructs an ensemble of weak decision
tree learners through boosting [26]. Given a training set
{( X 1 , y1 ) , ( X 2 , y2 ) ,, ( X n , y n )} , where X are the feature
samples and y are the mortality labels, the classification
T
function F ( X ) = ∑ m =1 fm ( X ) is trained iteratively to
minimizing the loss function V(y, F(x)):
Fˆ = arg min EX , y V ( y , F ( X ) )  ,
F

where T is the number of iterations, the newly added
decision tree fm is chosen to minimize the aggregated
loss. However, if the data has a large sample size or high
dimension, GBDT is not able to provide accurate and
efficient results.
LightGBM combines exclusive features into one
feature and reduce the time complexity of training
LightGBM from O(n*D) to O(n*g) [27], where g is the group
number of exclusive features. In addition, GOSS ignores
the data with minor gradient so that we do not need to
go through all data during the update steps. As a result,
LightGBM has the ability to achieve the same accuracy
as GBDT, but with significantly reduced training time and
memory usage with large datasets.

2.5.2 Recurrent neural network
As computational power increases, deep learning
methods have become more powerful in recent years.
Recurrent Neural Network (RNN) [28] arranges an
input layer, several hidden layers, and an output layer
sequentially to “recall” historical outcomes. This has
been made possible through the structure design of
hidden layers, in which the output of a previous layer
is then used as a part of the input for the current layer.
Schmidhuber and Hochreiter [29] proposed a special
RNN model called Long short-term memory (LSTM) to
capture subtle effects over long term memory. LSTM
includes three gates besides the essential parts of RNN:
the input gate quantifies the importance of the input
information, the forget gate decides which information
needs to be carried over, and the output gate generates
the information of the next hidden layer. Together,
these internal gates help to avoid the vanishing and
exploding gradient problems that can occur with RNNs.
The LSTM has been shown to work well for modeling
sequential data. In this paper, we consider applying LSTM
models to handle the correlations between features
and longitudinal measurements from the laboratory
tests. The last sigmoid layer outputs the predicted ICU
mortality probability.

3 EXPERIMENTAL SETTINGS
The data preprocessing and feature engineering steps
described in Section 2.2 results in a total of 601 features
(536 binary and 65 continuous). We apply logistic
regression with L1 penalty, logistic regression with L2
penalty, logistic elastic net, LightGBM and LSTM separately
for ICU mortality predictions. The performance is
evaluated based on the area under the receiver-operator

7

Sun and Zhou International Journal of Digital Health DOI: 10.29337/ijdh.44

characteristic curve (AUROC), and the area under the
precision-recall curve for prediction accuracy (AUPRC). A
high value of AUROC and AUPRC indicates the prediction
model have adequate discrimination to distinguish
patients that died in the hospital and those that did not.
The AUPRC is more robust under highly skewed datasets
(as the neonate cohort in this study), and give a more
informative picture of an algorithm’s performance [30].
Various rules of thumb suggest that the AUC of a binary
classifier should be greater than 0.8 or 0.9. We obtain
estimated 95% confidence interval (CIs) of AUROC and
AUPRC via 100 bootstrap samples. In addition to the
adult and neonate cohort, we also want to examine
the performance of methods on four adult sub-cohorts:
patients total length of stay in ICU within 24 hours (adult
within 1 day), total length of stay in ICU within 48 hours
(adult within 2 day), total length of stay in ICU more than
24 hours (adult >1 day), and total length of stay in ICU
more than 48 hours (adult >2 day). These subgroups
are of clinical interest and have distinct underlying
distributions. The prediction evaluation on these subcohorts would allow a more accurate classification and
facilitate the understanding about potential differences
of patients in different stages.
Comparison of the above 5 algorithms relies on 8-fold
cross-validation on the patient level. For each patient,
only the first ICU admission is used. That is, we randomly
split the whole data set into 8 mutually exclusive blocks.
The models are first trained on 7 blocks (training data set,
including 87.5% of the cohort) and then used to predict
on the rest of the 12.5% of the cohort (validation data
set). This process is repeated 8 times to iterate through all
8 blocks. For each of the prediction algorithm, the hyperparameters are selected via cross-validation to minimize
the error, and performance measures are aggregated
over all 8 iterations.

(42.26%) than those admitted after 1 day (24.18%).
In contrast, the overall neonate cohort has a very low
mortality rate (0.8%). Due to the skewness of this data,
AUPRC is a more objective evaluation metric.
The performance of the 5 candidate algorithms
on the overall adult cohort, as evaluated by AUROC
and AUPRC, are presented in Figures 3 and 4. The
LightGBM achieves the highest prediction accuracy and
discrimination result, with an average AUROC 90% (95%
CIs: 0.902, 0.906) and AUPRC 87% (95% CIs: 0.8660,
0.8746). The RNN LSTM model performs slightly worse
than LightGBM, with AUROC 88% (95% CIs: 0.869,
0.891) and AUPRC 83% (95% CIs: 0.822, 0.849). The
logistic models have the lowest prediction accuracy,
with L1 and L2 penalty achieve similar performance, with
AUROC 87% (95% CIs: 0.870, 0.881) and AUPRC 82%
(95% CIs: 0.816, 0.833). The logistic elastic net is the
worst among all the methods, with AUROC 83% (95%
CIs: 0.821, 0.838) and AUPRC 75% (95% CIs: 0.740,
0.768). These results are expected as LightGBM and
RNN LSTM are non-parametric models involving more
hyper-parameters, and thus are more flexible to learn
complex relationship between features and mortality
status.
Among the models, LightGBM not only produces a
more accurate prediction, but also provides a relatively
interpretable model with feature selections. We examine
the top 30 features identified by LightGBM (as in
Figure 6). The most important features are all laboratory
tests including platelet count, red cell distribution width,
alanine aminotransferase and blood urea nitrogen. None
of the ICD-9 codes are selected by the model probably
due to their relatively sparsity in the database.

4.2 COMPARISON AMONG SUB-COHORTS
Table 2 presents the AUROC and AUPRC for additional
sub-cohorts using algorithm with the best performance
(LightGBM). The AUROCs of adult >1 day, adult >2 day
and adult within 2 day sub-cohorts are similar to the
adult overall cohort, achieving about 90% AUROC, but
slightly lower AUPRC. The prediction accuracy in adult
within 1 day sub-cohort is higher, with 97.0% AUROC and
96.5% AUPRC. The AUROC of neonates is 99.0%, much
higher than 90.4% for adults, but the AUPRC is only

4 RESULTS

4.1 COMPARISON ON THE ADULT COHORT
Table 2 summarizes the in-hospital mortality rates on
different cohorts under study. The mortality rate of the
overall adult cohort is 25.63%, with adults admitted to
ICU within 1 day having a much higher mortality rate
GROUPS

PATIENTS

Adult Total

38557

Adult >1 day

35474

Adult >2 day

ICU

ALIVE

DEAD

DEATH%

ACC

AUROC

AUPRC

28675

9882

25.63%

82.47%

90.42%

87.22%

> 24 hr

26895

8579

24.18%

81.62%

89.00%

74.52%

33029

>48 hr

24957

8072

24.44%

80.95%

88.62%

73.60%

Adult 1 day

3083

0–24 hr

1780

1303

42.26%

89.78%

97.03%

96.50%

Adult 2 day

2445

24–48 hr

1938

507

20.74%

81.75%

89.78%

76.80%

Neonate Total

7649

7588

61

0.80%

95.01%

98.92%

63.66%

Table 2 The mortality rate, accuracy (ACC), AUROC, and AUPRC returned from LightGBM in different patient cohorts.
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Figure 3 Cross-validation area under receiver operating characteristic curve (AUROC) for 5 candidate algorithms on the adult cohort.

Figure 4 Cross-validation area under precision-recall curve (AUPRC) for 5 candidate algorithms on the adult cohort.

63.7%. This is due to the extremely low mortality rate in
the neonates cohort.

4.3 COMPARISON WITH OTHER LITERATURE
Several previous publications have also proposed
mortality prediction models using the MIMIC database.

Each study adopted different version of the data and
unique inclusion criteria, resulting in sample sizes ranged
from hundreds to tens of thousands. In addition, different
evaluation metrics and specifically designed features
have been chosen to suit their own models. Therefore,
it is difficult to fairly compare the model performance
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across studies. To provide an approximate comparison
to our results, we exclude studies with too specific
cohort inclusion criteria, or without AUROC reported,
or with sample size less than 9,000. Table 3 shows the
literature reported prediction performance on in-hospital
mortality using MIMIC database. Among these studies,
Harutyunyan et al. [31] used the most similar data and
criteria as our study. Our pipeline achieves a 4 percentage
point increase compared with their results. Overall,
while some of the reported AUROCs are close to 90%,
our pipeline produces the highest AUROC for in-hospital
mortality prediction compared with similar studies.

4.4 VALIDATION OF THE PIPELINE USING EICU
DATABASE
The eICU Collaborative Research Database collects
data from a combination of many critical care units
throughout the continental United States. The data in
the collaborative database covers 139,367 patients who
were admitted to critical care units in 2014 and 2015.
To validate the method of constructing the proposed
pipeline and test the generalizability of the results, we
rebuild the mortality prediction pipeline using adult
patients (age > 15, as defined in MIMIC-III) with their first
admission records in the eICU database. Fig A.3 presents
the corresponding data preprocessing and feature
engineering pipeline. As a result, there are 117,456
unique patients and 436 features (389 ICD-9 categories,
45 laboratory tests and 2 demographic features), with
in-hospital mortality rate 9.7%. Fig A.4 shows that our
pipeline provides satisfactory prediction accuracy on this
database. LightGBM still outperforms other methods,
achieving the highest AUROC 0.92 (95% CI:0.91, 0.92).

5 DISCUSSION
We propose a pipeline that extracts ICD-9 codes and
laboratory tests from public available electronic ICU

databases, and improve the in-hospital mortality
prediction accuracy using a combination of neural
network missing data imputation and decision tree based
algorithms. Among the 5 candidate algorithms, LightGBM
results in the highest prediction accuracy. Our analysis
also show that although the proposed model achieves
a very high AUROC for neonates, the AUPRC is relatively
low, indicating mortality prediction is more challenging
for neonates than for adults due to the extreme low
event probability. The predicted accuracy decreases as
patients stay longer in the ICU. This is probably because
the patients stayed longer are more heterogeneous and
involve more complicated disease status. For our data,
LightGBM has a higher AUROC compared with other wellknown machine learning and deep learning methods,
and it also refined the interpretable model by identifying
the most important features.
Besides the improvement of AUROC, a precise
mortality prediction before the patient enters ICU
is much more meaningful when ICU resources are
in shortage, especially during crises, as exemplified
recently in the COVID-19 pandemic. Using our pipeline,
we are able to predict severe ill patients’ mortality
probability as long as the needed laboratory test
results are available, even if they are not admitted to
the ICU. Thus extensions of this work might therefore
be used for allocation of scarce ICU resources. We also
consider this manuscript to be useful for clinical support
and decision-making. The top 30 features selected by
LightGBM have been reported by clinical experts to be
important indexes associated with mortality rate [23],
which further validates the feature importance ranking
returned from our LightGBM model. We note that
resource allocation depends on a complex relationship
between the likelihood of survival, and benefits to
the patient or society at large, which will include
considerations of remaining years of life. Thus our
methods to improve prediction of neonatal mortality are
of especial interest, as patient age serves as (effectively)

REFERENCE

# PATIENTS

MODEL TYPE

MODEL

AUROC

MIMIC

[32]

14,739

Linear

LR

82%

II

84%

II

88%

III

Inclusion criteria: Have SAPS-I, LOS 24hr, first ICU stay only
[33]

19,308

Linear

SVM

Inclusion criteria: Age > 18, > 100 words across all notes
[34]

9,683

Non-Linear

AutoTriage

Inclusion criteria: Age > 18, In MICU, > 1 obs. for all features, 500hr ≥ LOS ≥ 17hr
[31]

42,276

Non-Linear

LSTM

86%

III

Inclusion criteria: Age >18, only one ICU stay during the hospital admission
[35]

24,508

Non-Linear

SuperLearner

88%

Inclusion criteria: Age >15

Table 3 Literature reported prediction performance on in-hospital mortality using MIMIC database.
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a meaningful predictor of mortality, an important
stratification variable, and an important indicator of
patient benefit due to the remaining years of life. These
aspects raise important ethical considerations that are
beyond our scope. However, we believe our approaches
serve as an essential input into these considerations.
Further extensions to our approaches may also involve
differing phenotype or predictors of outcomes, which
may be useful in hypothesizing the effect of different
treatments, as a step toward justifying experimental
clinical trials.
Although we propose a mortality rate prediction
pipeline that outperforms the literature reported
performance, there are some limitations of this work. First,
for MIMIC-III and eICU databases, the ICD-9 codes are
documented at the end of patients’ ICU stay. Therefore,
the ICD-9 features include the information during the ICU
stay, and there is no way to filter them based on time.
We follow the approach used by El-Rashid et al. [36]
and Huang et al. [21], which have used ICD-9 codes in
MIMCI-III in a similar way to provide information about
patients’ disease information. However, if timestamp
is accompanying the ICD-9 codes in other databases,
the disease diagnosis could be used in a more flexible
approach for dynamic prediction. Second, both MIMIC
and eICU data are collected from US hospitals, which
may cause generalization issues when trying to apply
the models in non-US hospitals. However, the three types
of features, demographics, diagnosis codes (ICD-9 Code:
International Classification of Diseases) and laboratory
tests, are used worldwide. As a result, for non-US hospital
settings, the integration of the proposed pipeline into
local, national, and international healthcare systems will
still be useful and save lives as long as the three types of
data are collected, and the models are properly trained.
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