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Abstract—The length-of-stay (LOS) is critical for patient care
and accommodation in the intensive care unit (ICU). In this work,
we developed a framework to predict the LOS using the Medical
Information Mart for Intensive Care (MIMIC-III) database. We
extracted six features from individual patients and submitted
them to the regressors model and examined how well these fea-
tures could predict LOS. We considered four prediction regimes;
extreme gradient boosting (XGBoost), support vector regressor,
random forest, and voting regressor. Our analysis reveals that
XGBoost yields the best result among other regressors with R>
0.86 and root mean square error (RMSE) 1.2. Remarkably, our
results show that ICD9 (9*" International classification of diseases
code), saline intake per hour, and drug rates are the top three
critical features for predicting the LOS.

Index Terms—Regression, extreme gradient boosting, voting
regressor, MIMIC, feature selection.

I. INTRODUCTION

Modern electronic healthcare records (EHRs) contain an
increasingly large amount of data to improve healthcare ser-
vices such as better treatment, hospital operation, and explore
scientific questions [1]. Additionally, some of the information
has a great influence for providing better care and identification
of morality rate. The application of machine learning (ML)
techniques provides a better understanding and interpreta-
tion of health care. Moreover, it improves the facilities of
EHR systems without any intervention from humans [2], [3].
Presently, ML techniques are used in EHR for diagnosis, and
to understand how the multiple factors are associated with
diseases [4].

ML is a subset of artificial intelligence that “learns a
model” from the past data to predict the future data [5]. Deep
learning (DL) and classical ML are widely used in healthcare
systems and many other applications [S]. DL needs a huge
amount of data and higher computation power, however, classi-
cal ML works well with a small set of data and less computing
power. Extreme gradient boosting (XGBoost), support vector
regressor (SVR), random forest (RF), and voting regressor
(VR) are widely used as robust frameworks for prediction
(regression and classification) in various fields, including the
medical sector and industry [6], [7], [8].
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Our present study demonstrates a new analysis on the
Medical Information Mart for Intensive Care (MIMIC-III)
database for the prediction of length-of-stay (LOS) using ma-
chine learning regressors with a small subset of feature spaces.
We hypothesized that some features have more influence on
the LOS, however, we do not know what features are more
important for predicting the LOS. Using ML techniques, we
explore what features have the most influence on the prediction
of LOS. To the best of our knowledge, this is the first classical
ML approach for the prediction of LOS and how the de-
mographics, microbiology, drug rate, ICD9 (9t" International
classification of diseases code) [9], and current service features
(e.g., medication or surgery) are associated with LOS on
MIMIC-IIT database. We demonstrate a comprehensive data-
driven approach for the prediction of LOS on the MIMIC-III
database.

The main contributions of our work are as follows:

« We conducted four regimes of regression analysis (e.g.,
SVR, RF, XGBoost, and VR) on MIMIC-III database to
predict the LOS.

o We found that XGBoost regression shows the best per-
formance among all other regressors.

« We demonstrated that ICD9 code, saline intake per hour,
and drug rate are strongly associated with LOS.

The rest of the paper is organized as follows. We discuss
the previous related research work on MIMIC-III database in
Section II and brief description of the data and methods in
Section III. Subsequently, we discuss the results in Section
IV. Finally, We highlight our key findings and limitations in
Section V.

II. RELATED WORK

There is a tremendous development in ML over the past
several decades in medical diagnostics and automatic detec-
tion of casual relationships [10]. Research works show that
multiple factors are associated with the prediction of LOS
and mortality rate in ICU. Gentimis et al. [2] demonstrated
the prediction of LOS in a specific time span using neural
networks. Researchers examined that risk factors of the first
admission day are strongly related for predicting the mortality
in ventilated patients [11]. Scherpt et al. predicted the sepsis



of MIMIC-III database using recurrent neural network [12].
The trajectory of patients’ interactions with health care was
demonstrated via deep learning model [13]. Some research
encoded the ICD9 code using deep learning [9], [14]. However,
there is no combined study for LOS prediction and feature
selection using classical ML.

III. MATERIALS AND METHODS

In this work, we used the MIMIC III database [15]. This
work reflects a new analysis of the MIMIC-III database using
the classical machine learning approach. We extracted six
general features. Presumably, these features link with LOS.
We used these features as input to XGBoost, SVR, RF,
and VR. We trained the regressors and examined the model
performance using unseen test data. The analysis flowchart of
this work is illustrated in Fig. 1.
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Fig. 1: Analysis fl owchart.

A. Participants and Data Description

In this work, we used a demo subset of the MIMIC-III
database that consists of 100 participants (male: 45, Female:
55) which is freely available. [15], [16]. This data was orig-
inally collected over a decade of intensive care unit (ICU)
patient stays at Beth Israel Deaconess Medical Center, Boston,
Massachusetts, USA. The participants are of different ethnicity
and currently taking various medical services. More detail
about this database is available in [15], [16].
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Fig. 2: Representation of features. SAL/HR: Saline intake per
hour, DRA: Drug rate, ICD9: International classification of
diseases [9] code, ETH: Ethnicity, MIC: Microbiology events
(e.g., Stool, sputum, and urine), CSE: Current services (e.g.,
Medication or surgery).

B. Data Preprocessing

We preprocessed the freely available demo 100 participants
of the MIMIC-III database. After preprocessing, we found that
only 48 patients have six features. We used these extracted six
features (i.e., demographics, microbiology, drug rate, ICD9,
saline intake per hour, and current service) as input of the
different regressor models to examine the prediction of LOS.
Drug rate, ICD9, and saline intake per hour of the features are
numerical values. Demographics, microbiology, and current
service are categorical. First, we transformed the categorical

variable into numerical values using the scikit-learn [17] func-
tion’s OrdinalEncoder. Then we used these numerical feature
values for further analysis using different regressors to predict
the LOS. The box plot representation of these six features is
represented in Fig. 2.

C. Extreme Gradient Boosting (XGBoost) Regressor

In healthcare, it is important to know how the different
factors are associated with the target (e.g., LOS). The classical
ML can find the relation and the pattern with the target
variables. ML models learn a discriminated function from the
previous data (e.g., training data) and predict the future (e.g.,
test data). XGBoost regressor is faster and widely used for
classification and regressor analysis in health care and industry.
It is a highly efficient and flexible algorithm. It could be
used as a classifier and regression. In this work, we used an
XGBoost regressor for predicting the LOS of the MIMIC-III
database. We spilt our data randomly into training and test
sets of 80%, and 20%, respectively [18]. The XGBoost model
performance significantly varies based on hyper-parameters
[19]. During the pilot training phase, we fine-tuned the XG-
Boost regressor’s hyper-parameters (e.g., C, 7, n_estimators,
max_depth, etc., ) with a grid search approach. Once the
model has been trained then we selected the best parameters
of the XGBoost regressor. In this study, the best parameter are:
objective =’reg: tweedie’, colsample_bytree = 0.3, subsample
= 0.8, learning_rate = 0.1, max_depth = 5, booster =’dart’,
alpha, n_estimators = 100). Then we predicted the LOS by
feeding the feature vectors only. After that, we computed the
model performance metrics (e.g., R% and root mean square
error (RMSE)) by using the predicted LOS with the actual
LOS. An excellent model has higher R? close to 1 and lower
RMSE,; this means that it is a good fit model with generalized.
On the other hand, a bad model has R2 near to 0 and higher
RMSE; it means that the model does not generalize. The model
predicted LOS and R? performance are presented in Fig. 3 and
Fig. 4, respectively. We also examined the importance of the
features from our best model (e.g., XGBoost regressor). The
feature importance is delineated in Fig. 5.

D. Voting Regressor (VR)

A Voting regressor is an ensemble regressor that consist
of several meta regressors. In our analysis, we considered
XGBoost, RF, and SVR as a base regressor of voting regressor.
The voting regressor prediction is the average prediction of all
base regressors. We separately conducted our analysis using
XGBoost, RF, SVR, and VR. Since we already know the best
parameters of the XGBoost regressor, we kept it the same
but fine-tuned the hyper parameters of the other two models
(e.g., RF, SVR). For SVR, we fine-tuned 10 different values
of (C, 7) in the following range for the C' = [27! to 2¢],
and v = [272 to 2], eta = [0.1,0.2,0.3] and kernel= rbf.
For RF, parameters was n_estimators= 100, max_depth = 5,
criterion= mse. Our analysis results for each regressor model
are reported in the results section and illustrate in Fig. 3 and
Fig. 4.

IV. RESULTS

The prediction of LOS using XGBoost, SVR, RF, and VR
are presented in Fig. 3. In this figure, it is clear that the
prediction of XGBoost is closer to the actual LOS. However,
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Fig. 3: Prediction of LOS using different regressors and
actual LOS. SVR: support vector regressor, RF: random forest;
XGBoost: extreme gradient boosting, voting: voting regressor
that combined of SVR, RF, and XGBoost.
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Fig. 5: Feature importance with ranked. Higher F score indi-
cates most important; lower score indicates less importance.

SVR and RF predicted LOS to have a larger difference than
the true LOS. So our analysis demonstrated that XGBoost
alone showed best predicted ability and VR showed a little less
performance as compared to XGBoost. However, SVR and RF
yielded less performance as compared to XGBoost and VR.
The R? of XGBoost, VR, SVR, and RF are 86%, 76%, 60%,
and 52%, respectively. Moreover, we also observed another
performance metric (e.g., RMSE) of these regressors are 1.2
%, 1.9%, 17.8%, and 28.8%, respectively.

The XGBoost regressor outperformed all of the other regres-
sors. Hence, we selected the XGBoost as the best framework
for identifying feature importance. Then we identified the
feature importance of the XGBoost from the training model.
This is illustrated in Fig. 4. Here the feature procedure
events (ICD9, F-score: 29.0) is the top-ranked. Input events
(SAL/HR, F-score: 26.0) is the top-second ranked feature to
predict LOS. The drug rate is the top-third ranked feature
(DRA, F-score: 24.0). The lowest two F-scores shown are
in microbiology (MIC, F-score: 10.0) and ethnicity (ETH, F-
score: 9.0). Ethnicity and microbiology have less importance
as compared to others.

V. CONCLUSION

We developed a robust computational efficient framework
for predicting LOS on the MIMIC-III database. Our analysis
demonstrates that a XGBoost regressor can predict the LOS
greater than 85% R? from six features. Notably, three features
exhibited a more substantial influence on the prediction of
LOS. Due to limitations of our work, we only considered six
features and a few patients. In future work, we will incorporate
more features and more data to explore the mortality rate in
ICUs.
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