
Citation: Hempel, L.; Sadeghi, S.;

Kirsten, T. Prediction of Intensive

Care Unit Length of Stay in the

MIMIC-IV Dataset. Appl. Sci. 2023,

13, 6930. https://doi.org/10.3390/

app13126930

Academic Editor: Giacomo Fiumara

Received: 18 May 2023

Revised: 3 June 2023

Accepted: 6 June 2023

Published: 8 June 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

applied  
sciences

Article

Prediction of Intensive Care Unit Length of Stay in the
MIMIC-IV Dataset
Lars Hempel 1,2,3,†, Sina Sadeghi 1,2,† and Toralf Kirsten 1,2,3,∗

1 Deptarment for Medical Data Science, Leipzig University Medical Center, 04107 Leipzig, Germany
2 Institute for Medical Informatics, Statistics and Epidemiology, Leipzig University, 04107 Leipzig, Germany
3 Faculty Applied Computer and Bio Sciences, Mittweida University of Applied Sciences,

09648 Mittweida, Germany
* Correspondence: tkirsten@uni-leipzig.de
† These authors contributed equally to this work.

Abstract: Accurately estimating the length of stay (LOS) of patients admitted to the intensive care unit
(ICU) in relation to their health status helps healthcare management allocate appropriate resources
and better plan for the future. This paper presents predictive models for the LOS of ICU patients
from the MIMIC-IV database based on typical demographic and administrative data, as well as
early vital signs and laboratory measurements collected on the first day of ICU stay. The goal of
this study was to demonstrate a practical, stepwise approach to predicting patient’s LOS in the
ICU using machine learning and early available typical clinical data. The results show that this
approach significantly improves the performance of models for predicting actual LOS in a pragmatic
framework that includes only data with short stays predetermined by a prior classification.

Keywords: intensive care unit; length of stay; predictive modeling; machine learning

1. Introduction

The intensive care unit (ICU) provides comprehensive, life-saving care for critically
ill patients. It has become an essential part of hospital-based care, providing specialized
technical and professional expertise to help prevent the progression of severe illness in
cases of acute life-threatening organ dysfunction or injury [1,2]. However, the increasing
demand for critical care for patients with serious health conditions limits the capacity of
the ICU. This can result, for example, in a limited number of beds available for patients or
excessive workloads for medical and hospital staff, leading to delays in ICU admissions and
ultimately increased morbidity and mortality. The COVID-19 pandemic in early 2020 and
the months that followed highlighted this problem, as it created an urgent need for hospital
space, supplies, and medical personnel, and placed a significant strain on healthcare
systems worldwide [3,4]. Such an imbalance between supply and demand has implications
not only for patient care, but also for public health, with the associated socioeconomic
consequences. It is therefore of great importance to understand, plan, and coordinate
ICU resources in order to provide optimal care for patients with critical illnesses in the
future [5,6].

The patient’s length of stay (LOS) in the ICU is a process measure of ICU efficiency
and effectiveness that is widely used as an indicator of ICU performance and possibly
quality of care [7–9], albeit controversially [10–12]. LOS typically refers to the length of
time that a patient spends in the ICU from admission to discharge. A prolonged stay in
the ICU is associated with higher care costs and resource utilization, while early discharge
from the ICU can lead to medical complications and an increased risk of readmission to the
ICU or even higher mortality [13,14]. Therefore, an accurate estimate of the patient’s LOS
in the ICU, based on the patient’s initial health data, helps healthcare management in the
appropriate resource allocation and better planning for the future. Healthcare research has
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long relied on physicians’ subjective estimates [5,15,16], which have been shown to be less
than accurate [17,18]. However, advances in machine learning (ML) algorithms, coupled
with the increasing availability of larger amounts of critical care data, have paved the way
for the development of more accurate predictive models of critical care outcomes [19–23].

The development of ML models for predicting LOS in the ICU has been the subject
of numerous studies. ML research in healthcare, however, is not without challenges and
limitations [23–25]. Practical progress in clinical ML has only been incremental and difficult
to measure due to the vast diversity of clinical datasets and objectives, as well as the lack of
common standard benchmarks for evaluating models [24,25]. Many ICU prediction models,
for example, have been developed using data collected by local healthcare providers in
a strictly private settings with limited external access, and are therefore not generaliz-
able [20,26]. Moreover, most health data features (attributes) are highly variable across
institutions, reflecting different underlying populations, clinical conditions, or even global
health issues [24]. Similarly, many models have been developed for patients with specific
diseases, such as cardiac disease [27,28], diabetes [29,30], or sepsis [31], and are therefore
not easily comparable.

The predictive models of any hospital LOS are typically divided into two main groups:
models developed to predict LOS with continuous outcomes, such as the actual number
of days (hours) a patient stays in the ICU, are referred to as regression, while others
that partition patient LOS into (coarse) discrete groups, such as short vs. long stays, are
referred to as classification [26,32,33]. While studies have often adopted standard laboratory
measurements to predict LOS in the ICU, some have relied on physiological scores, such as
the Acute Physiology and Chronic Health Evaluation (APACHE) or the Simplified Acute
Physiology Score (SAPS), and achieved higher accuracy [34,35]. Recent work has also
leveraged deep learning methods, such as recurrent neural networks (RNNs) with long
short-term memory (LSTM), to incorporate the time-series embedded in electronic health
records (EHRs) and provide a more accurate estimate of ICU outcomes [36,37].

The aim of the present study was to develop predictive models for the LOS of patients
admitted to the ICU based on their initial health status. We use the publicly available
Medical Information Mart for Intensive Care (MIMIC) database and only consider typical
health data routinely collected on the first day of ICU admission, including demographic
and administrative data as well as vital signs and laboratory measurements. We perform a
binary classification to identify patients at risk for a long LOS and estimate the probability
that the patient will have a short or long ICU stay. The dichotomization of LOS into short
and long is based on the third quartile of the entire dataset. The unexpectedly long LOS
places a significant burden on ICU performance and is associated with poor outcomes,
especially in patients with chronic diseases such as diabetes [32]. We also perform regression
modeling to estimate the actual LOS in the ICU in a more practical framework. In this
approach, only patient data whose LOS were predicted to be short in the initial classification
are considered. Structural indicators such as the adequacy of equipment and qualifications
of medical personnel are beyond the scope of this study.

The remainder of this paper is organized as follows: First, in the methods section, we
introduce the dataset used in this study and then describe the data preparation, models,
and evaluation metrics. Next, we present the classification and regression results and
discuss the key points and challenges in the models. Finally, we summarize the main
findings of the study and outline avenues for future work.

2. Methods

Here, we describe the dataset, algorithms, and experimental setup designed to predict
LOS in the ICU using classification and regression models. The publicly available MIMIC
dataset is utilized for the experiments by defining a cohort with specific features for
modeling. Data from the first 24 h of ICU admission are included, with features of interest
grouped into four categories: demographics, administrative data, vital signs, and laboratory
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measurements. Data cleaning and preparation are performed prior to modeling, and the
model performance is finally evaluated.

2.1. MIMIC-IV Database

In this study, we use the MIMIC-IV version 2.1 database, which includes patients
admitted to the BETH Israel Deaconess Medical Center during the period 2008–2019 [38,39].
The data contain multiple dimensions, from administrative data to laboratory results and
diagnoses. Each patient in MIMIC-IV is assigned a unique identifier upon admission to the
hospital. After (hospital) admission, the patient may be transferred to different departments,
such as the emergency department or the ambulatory surgery unit. The patient may
eventually be transferred to the ICU, with an ICU identifier, until being transferred to
another department or discharged from the ICU completely. In MIMIC-IV, only 17% of
the patients who visited the hospital stayed in the ICU, comprising 73,141 ICU stays for
50,934 patients.

2.2. Feature Selection

The experiments involve the selection of features from the MIMIC-IV dataset that are
typically available in each ICU admission. Table 1 summarizes all the features considered in
the experiments, categorized into demographics, administrative, vital signs, and laboratory
parameters. Demographic data include age and gender, neither of which are likely to change
during hospitalization. Administrative data provide the LOS necessary for prediction as a
ground truth label for each ICU stay. These data also comprise diagnoses, first care unit,
admission type, and admission location, which can be viewed as structural representations
of patient status specific to each hospital admission. Vital signs and laboratory parameters
were measured several times during each ICU stay. We collected measurements within
the first 24 h of ICU admission with the goal of developing a practical approach to classify
(predict) ICU stays early after admission, while retaining data necessary for prediction.
In addition, we only considered vital signs (laboratory parameters) with a completeness
greater than 99% (95%) of all ICU stays, which means that, for instance, blood pressure is
no longer included due to its high missing rate in the MIMIC-IV data. This ensures that
fewer data are excluded due to missing values, as shown in Figure 1 for vital signs (A)
and laboratory parameters (B). However, despite a high rate of missing values, the body
temperature is still included here as an important vital sign [40].

Figure 1. The amount of missing data (percent) for (A) vital signs and (B) laboratory measurements
collected during the first 24 h after ICU admission in the MIMIC-IV dataset. The vital signs (laboratory
measurements) with less than 1% (5%) of all data missing are shown herein. Heart rhythm is not
included in the final dataset as it is in free-text format.
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Table 1. The typical features (attributes) from the MIMIC-IV dataset are used in this study for
predictive modeling. These data were collected in the first 24 h after admission to the ICU. They are
divided into four categories: demographic, administrative, vital signs, and laboratory parameters.

Data Categories Features

Demographic Age, Gender

Administrative Diagnoses, First care unit, Admission type, Admission location, LOS

Vital signs Heart rate, O2 saturation, Respiratory rate, Body temperature,
Glasgow Coma Scale (eye, verbal, motor)

Lab parameters Anion gap, Bicarbonate, Chloride, Creatinine, Glucose, Sodium, Magne-
sium, Potassium, Phosphate, Urea nitrogen, Hematocrit, Hemoglobin, MCH,
MCHC, MCV, RDW, Red blood cells, White blood cells, Platelet count

As a result, the vital signs include heart rate, O2 saturation pulse oxymetry, respiratory
rate, body temperature, Glasgow Coma Scale (GCS) ocular response (eye), oral response
(verbal), and motor response (motor). The selected laboratory parameters also include the
anion gap, bicarbonate, chloride, creatinine, glucose, sodium, magnesium, potassium, phos-
phate, urea nitrogen, hematocrit, hemoglobin, mean corpuscular hemoglobin (MCH), mean
corpuscular hemoglobin concentration (MCHC), mean corpuscular volume (MCV), red cell
distribution width (RDW), red blood cells, white blood cells, and platelet count. All patients
with at least one ICU visit are included in the cohort. Among ICU patients, we only select
adults older than 18 years. In addition, we exclude patients with an LOS greater than 21 days
to avoid extremely long stays, and less than one day since we consider data collected in
the first 24 h for modeling. We also exclude patients who died during their stay in the ICU
or who returned to the ICU within 48 h after being discharged from the ICU. To ensure
the completeness of the selected data, we only consider ICU stays that have all the features
required for the analysis, i.e., complete data. We finally specify a feasible range for each feature
and exclude the extreme outliers outside this range to avoid, for instance, invalid negative
values for heart rate. The flowchart in Figure 2 summarizes the sequential steps for selecting
data that meet these conditions, with the size of the dataset indicated at each step.

Figure 2. The sequential steps for selecting data from the MIMIC-IV dataset that meet the conditions
specified in this study. The size of the dataset at each step is denoted by N, with the final cohort
containing 41,473 ICU stays.
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2.3. Feature Engineering

First, we consider the diagnoses in the MIMIC-IV dataset that are coded according
to the International Statistical Classification of Diseases and Related Health Problems
(ICD) [41]. Approximately 55% of diagnoses are coded in ICD-9 and approximately 45%
are coded in ICD-10. In order to capture diagnoses as a feature, we need to convert the
ICD codes into a single version. For this purpose, we used the R package ‘touch’ (tools
of utilization and cost in healthcare), which maps all ICD-9 codes to version 10 in four
different cases: conversion of an ICD-9 code to (1) an ICD-10 code; (2) multiple ICD-10
codes; (3) a combination of ICD-10 codes; and (4) a non-ICD-10 code [42]. The first and last
cases give unambiguous results, covering 73.89% and 2.00% of all hospital admissions with
diagnoses coded in ICD-9, respectively, while the second and third cases (with 23.26% and
only 0.67% coverage) require further processing. For example, in case two, ICD-9 = 5715 is
converted into ICD-10 K740, K7460, and K7469, while case three maps the ICD-9 = 8603
to S271XXA+S21309A. In the latter case, we split the resulting combination of ICD-10
codes into multiple ones, similarly to in the second case. We then reduced the number of
characters in the ICD-10 codes to maintain the same character length and searched for the
least common factor by keeping the last letters. Finally, we verify that all ICD-10 codes are
identical and replace the ICD-9 code with the truncated ICD code. If there is no match to
the ICD-10 code, the ICD code is set to non-existent. The technical details of the conversion
of the ICD codes are presented in the (Supplementary Materials). Once the ICD-9 to ICD-10
mapping is complete, we group the diagnoses into 22 chapters according to the categories
specified by the WHO (https://icd.who.int/browse10/2019/en, accessed on 3 June 2023),
and represent each ICD code by its corresponding group.

Vital signs and laboratory parameters were measured several times during each ICU
stay. We represent these temporal parameters by their mean value over all measurements
within the first 24 h of the ICU stay. In cases where no measurements were taken during
this period, the parameters are declared as not available (NA). This single representation
(mean) serves to reduce the complexity of the model, although it can also affect the model
performance due to the lack of detailed information. Furthermore, we dichotomized ICU
stays into short and long, defining a threshold of 4 days for the classification problem. Here,
we classified LOS at the third quartile into short and long, as 75.2% of the data comprised
LOSs of less than 4 days. For the regression, we left the LOS as a floating point number,
rounding it to one decimal place.

2.4. Data Cleaning and Missing Data Handling

Data cleaning involves a more detailed examination of the data, with categorical and
numerical variables treated separately. Missing and invalid values of categorical variables
were determined and then set to non-existent. For numerical variables, we set specific
ranges for each measurement, which are listed in Table 2 for vital signs. The ranges for
the features were obtained from the literature or from a data-driven approach, taking into
account the ranges present in the data.

Table 2. Specified ranges for vital signs to avoid extreme outliers that are physiologically irrelevant.

Measurement Range Unit

Heart rate [25–225] bpm
Respiratory rate [7–40] brpm
Oxygen saturation [50–120] %
Body temperature [86–113] °F

For example, the maximum heart rate of 220 bpm (beats per minute) was taken as
a reference [43], and 5 bpm added to be on the safe side. Regarding the minimum heart
rate, we did not observe any patients with a heart rate lower than 25 bpm, so we took
this as the lower limit. For the respiratory rate, we set the lower (upper) limit inspired

https://icd.who.int/browse10/2019/en
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by literature estimates as 8 (20) breaths per minute (brpm) for a lower (upper) respiratory
rate bound [44]. We then reduced the lower limit by one unit and doubled the upper one.
A patient can have an oxygen saturation of around 55% under certain conditions [45];
therefore, the lower limit for oxygen saturation has been set to 50%, reduced by 5% to leave
more room for data. There are also few values in the saturation data above 100%, most
likely due to specific treatments [46], so the upper limit was set based on the data with an
(arbitrary) increase to 20%. We set the lower and upper temperature limits to 30 °C (86 °F)
and 45 °C (113 °F). This is based on the observed body temperature being in the range of
33–39 °C, extended by the difference from the mean of 36.5 °C [47]. We did not observe
any extreme outliers in the laboratory measurements and did not exclude any values in
this respect.

2.5. Model

Four different classification and regression models for predicting LOS in the ICU are
utilized and their performances are compared. The first is the common logistic/linear
regression model (for classification/regression problems), which incorporates a linear
combination of all features in modeling. Support vector machine (SVM) is the second,
which determines the optimal hyperplane that separates different classes of data in an
N-dimensional space, where N is the number of features used. The model computes the
optimal hyperplane using a crucial kernel function, here the radial basis function, which
performs well in classification problems even in the presence of nonlinear dependencies
between features [29,48]. The next is random forest, an extension of decision trees where
an ensemble of many possible trees is generated and selected using an optimization pro-
cedure. Random forest is commonly used for LOS prediction and typically shows quite a
good performance [14]. The last one is the XGBoost, which is a tree-based method with
an integrated end-to-end gradient boosting optimization that enables trees to optimize
themselves [49]. These models are also widely used in LOS prediction with highly accurate
results [50,51].

2.6. Evaluation

To evaluate the models, we randomly split the selected dataset into training and
test datasets at a ratio of 80 to 20 percent. Different models are trained on the training
dataset, and then their performance on the test dataset is evaluated using statistical metrics.
Classifier performance is evaluated using common metrics such as accuracy, balanced
accuracy, F1-score, and receiver operating characteristic—area under the curve (ROC
AUC)—which are widely used to evaluate any binary classification. They are calculated
from the confusion matrix with actual and predicted dimensions. The matrix elements
denote true positives (TPs) and true negatives (TNs) as correctly predicted long and short
LOS for each ICU stay. Incorrectly predicted long and short LOS are indicated by false
positives (FP) and false negatives (FN), respectively. The accuracy is therefore directly
calculated from the confusion matrix as (TP+TN)/(TP+TN+FP+FN), and the F1-score
as 2TP/(2TP+FP+FN). The balanced accuracy is the (arithmetic) mean of the true positive
rate (TPR) and the true negative rate (TNR) equal to (TPR+TNR)/2, where TPR and TNR,
also called sensitivity and specificity, are expressed as TP/(TP+FN) and TN/(TN+FP),
respectively. Similarly, the false positive rate (FPR) and the false negative rate (FNR) can be
defined as FP/(FP+TN) and FN/(FN+TP), as well as the predictive positive value (PPV)
and predictive negative value (PNV) by TP/(TP+FP) and TN/(TN+FN). AUC provides
a single value metric as the area under the ROC, which displays the TPR versus the FPR
for varying the threshold in the classification. As a more meaningful single measure of the
confusion matrix, we also compute the Matthew correlation coefficient (MCC):

MCC =
TP× TN − FP× FN√

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
, (1)
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which has the major advantage of being independent of the favorable class (i.e., positive or
negative) [52].

Regarding the regression problem, we computed several metrics for each experiment,
namely the root mean square error (RMSE), the mean absolute error (MAE), the mean
absolute percentage error (MAPE), and the R2. The RMSE, which is commonly measured
for regression, is defined by:

RMSE =

√
1
n ∑

(
LOSpredicted − LOSactual

)2
, (2)

where n is the size of the (test) dataset, and LOSpredicted and LOSactual are the predicted
and actual LOS of the model [53]. The MAE measures the absolute error of the regression
prediction as

MAE =
1
n ∑

∣∣∣LOSpredicted − LOSactual

∣∣∣, (3)

with more applicability to normally distributed errors [54]. The MAPE is the next metric
commonly used in the evaluation of regression models, with a more intuitive interpretation
in terms of the relative error given by [55]:

MAPE =
1
n ∑

∣∣∣∣LOSpredicted − LOSactual

LOSactual

∣∣∣∣× 100%, (4)

and the last is R2, also called the coefficient of determination, a common statistical measure
of the linear correlation between variables, which is calculated by [56]:

R2 = 1−
∑ (LOSpredicted − LOSactual)

2

∑ (LOSpredicted − LOSpredicted)2
, (5)

where LOSpredicted is the average over all predicted LOS of the model [57].

2.7. Setup

All machines employed in this study were running the Ubuntu operating system.
The MIMIC-IV dataset is hosted in a PostgreSQL database, and data retrieval was per-
formed using SQL queries. Data preparation and processing, model training, evaluation,
and visualization were conducted using R. For visualization, the ggplot2 package was
used [58], and tidyR and dplyR were the data-processing/handling packages [59,60].

3. Results

We first perform a feature analysis and measure the correlation between features and
LOS to determine how a single feature affects LOS and is related to other features. Then,
we present the classification and regression results of LOS prediction, and finally propose a
practical stepwise framework with regression results based on a prior classification model
and compare the performance of the models. To this end, we trained the classification
and regression models on the training set and evaluated their performance on the test set
to assess how well the models can generalize to data which have not yet been seen. We
repeated each experiment 10 times, performing a random train/test split on the reshuffled
data to reduce partitioning bias, and reported the mean of the scores. The standard devia-
tions/standard errors are not presented for reader convenience as they are not significant
(typically less than 1% for each setup). The hyperparameters were mainly set to their
default values for the classification and regression models, since the primary objective
of this study was to investigate how the performance of the stepwise approach can be
improved compared to a baseline model. The technical details of the model training and
evaluation are provided in the Supplementary Materials.
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3.1. Feature Analysis

To facilitate data preparation, we have predefined specific ranges for temporal features
with extreme outliers (see Table 2). These ranges were derived from the literature as well as
from data-driven observations. However, it is not trivial to determine them because each
feature may have several types of outliers. For example, feature values that fall outside a
certain normal physiological range due to the patient’s condition, such as a significantly
high heart rate in severe cardiovascular disease [61], versus those that are physiologically
irrelevant, such as a body temperature above 70 °C (158 °F). Figure 3 illustrates the statistics
of the vital signs as well as some laboratory parameters. For illustrative purposes, the
extreme outliers of some features (e.g., body temperature) are not shown in the figure.

Figure 3. Distribution (box plot) of several selected features, namely body temperature, chloride,
creatinine, heart rate, MCV, O2 saturation, and respiratory rate before data cleaning. The box
plots show the wide range of variation for few features, with some extreme outliers not shown for
visualization purposes (e.g., for body temperature).

The respiratory rate (the number of breaths per minute) is an important vital sign that
provides a good indication of a patient’s health condition. The mean respiratory rate in the
MIMIC-IV dataset is 20.46 brpm with a range of 0–2,355,560. The lower and upper limits
of this range are extremely abnormal, i.e., physiologically infeasible for a living human.
The range we established in Table 2 is only based on the feature values observed in the
dataset and may still be ambiguous; however, it does capture the reported (normal) range
of 14–36 brpm for adults [62].

The extreme values of heart rate, commonly measured in any hospitalization, can
indicate serious illness in a patient [63]. By examining the minimum and maximum heart
rates of all patients in the MIMIC-IV dataset, we identified three heart rates below zero.
The predefined upper limit of 225 bpm for the heart rate is also extremely deviated by
106 measurements. This results in a total of only 109 invalid outliers out of 6,463,819 mea-
surements, i.e., the majority (>99.95%) of the heart rate data in the MIMIC-IV dataset
remained within the range given in Table 2, which also contains the heart rates of fit
people [64] and healthy people [65].

Oxygen saturation, another important vital sign, is well captured in the MIMIC-
IV dataset according to the range specified in Table 2 (>99.96% of all data). There are
2346 (114) data points below (above) the lower (upper) limit of the specified range that
remain physiologically impossible. The range of fluctuating oxygen saturation has been set
much broader than normal because it is quite difficult to determine practical limits when
considering various factors such as diseases or other medical conditions [45].
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Body temperature has been shown to be an important vital sign, with an elevated
body temperature independently associated with prolonged LOS [66]. The normal adult
body temperature is reported to be approximately 36.5 °C (97.7 °F), regardless of the
measurement method or location. However, in the MIMIC-IV dataset, the average patient
body temperature is 37.1 °C (98.8 °F) because MIMIC contains data from patients in severe
conditions. The increased body temperature may be due to a specific disease, or conversely,
an elevated body temperature may cause a certain medical condition [66]. In the MIMIC-IV
dataset, we identified invalid measurements for body temperature, e.g., a minimum of
−99.9 °F (−73.3 °C), which is obviously an erroneous record.

To explore the influence of features on LOS, we compute the correlation matrix of
all features and LOS shown in Figure 4. The GCS has the highest correlation with LOS at
−0.32. The negative correlation means that the longer the LOS, the lower the GCS (3–15),
because a higher score means that the patient is less comatose. However, the matrix shows
that LOS is not strongly correlated with any single feature. Other features that are slightly
correlated with LOS are temperature with 0.14 or respiratory rate with 0.13. Among the
features, strong correlations are observed between sodium and chloride (0.70), creatinine
and urea nitrogen (0.64), hematocrit and hemoglobin (0.96), hematocrit and red blood cells
(0.81), and MCH and MCV (0.83). Such correlations reflect the underlying measurement
parameters or the context of the biological system. For example, the calculation of MCH
requires the amount of hemoglobin and the amount of red blood cells.

Figure 4. Visualization of the correlation matrix between the features and LOS. For illustration
purposes, those with at least a correlation of 0.3 are shown and the three different GCSs are combined
into one.
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3.2. Classification

Table 3 summarizes the binary classification results, which show that the random
forest algorithm achieves superior accuracy, F1 score, MCC, and AUC compared to the
other algorithms. However, the performance of the models is not significantly different,
as there are only small variations in the individual results of the different algorithms. We
note that the data in this problem are imbalanced as a result of our definition of short/long
stays at the third quartile (imbalance ratio 3:1), which noticeably affects the performance of
the models. The balanced accuracy and MCC scores represent more appropriate measures
of algorithm performance on imbalanced data [52,67].

Table 3. The binary classification results of the different models evaluated in terms of accuracy,
F1-score, balanced accuracy, MCC, and AUC. The results of each evaluation score are averaged over
10 different experiments using repeated random train/test split. Random forest outperforms other
models overall.

Method Accuracy F1 Balanced Accuracy MCC AUC

Logistic regression 0.785 0.435 0.609 0.307 0.735
SVM 0.792 0.438 0.610 0.326 0.740
Random forest 0.810 0.442 0.655 0.410 0.800
XGBoost 0.802 0.438 0.671 0.401 0.777

In XGBoost, a feature importance matrix can be exported to give further insight into
the influence of different features on the prediction performance. The visualization of
the top 10 (important) features is shown in Figure 5. The GCS verbal has the highest
importance for performance, consistent with its strong correlation with LOS (Figure 4).
Vital signs ranked next, which were less than half as important as the GCS verbal, with no
notable correlation with LOS. Laboratory measurements are placed in the last position,
with glucose, platelets, and white blood cells at the top, while the remaining measurements
are of decreasing importance to the model.

Figure 5. Percentage of the feature importance from the XGBoost model used for classification.
The GCS verbal shows the highest performance importance, consistent with its strong correlation
with LOS.

3.3. Regression

The results of the regression are presented in Table 4. Overall, SVM performs the best,
with superior performance in terms of MAE and MAPE, although RF has a slightly better
RMSE and R². We note that, in the regression prediction, here, the full range of LOS is
considered, i.e., 1–21 days. This leads to a challenge in predicting longer stays, because the
mean prediction error (difference between predicted and actual LOS) grows exponentially
with LOS. For example, with an LOS of 5 days, the mean error is approximately 1.5, while,
with an LOS of 10, it increases to 6.5, i.e., more than 4 times worse.
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This means that, given the hyperparameters and settings of the regression models, it
is indeed rather unlikely to accurately predict a prolonged LOS based on data collected in
the first 24 h of ICU admission. To test the performance of the regression models on a less
variable dataset, we consider actual short ICU stays with LOSs up to 4 days. The results
presented in parentheses in Table 4 show a huge improvement in all metrics, indicating
relatively good predictions.

However, since the actual LOS is not known on the first day of admission, the latter
approach is impractical for accurately predicting ICU LOS. In practice, we propose a
stepwise approach to LOS prediction, where we first classify data based on ICU stays into
short and long by a classifier, and then perform the regression on data with predicted
short LOS. As such, the target dataset used for regression will contain some FN (data with
actually long LOS predicted as short stay), making the modeling more complex while
reflecting a real situation. We employed random forest and XGBoost models to classify
ICU stays in the first step. These classifiers were selected by maximizing the geometric
mean (G-mean) of the sensitivity and specificity of the classification equal to

√
TPR× TNR.

For the reference, the corresponding confusion matrices for random forest and XGBoost
classifiers used prior to regression are displayed in Table 5.

XGBoost, for example, correctly classifies 29,976 out of 31,849 short stays with a TNR
of 0.94. This means that 1873 short stays are missing because they are incorrectly classified
as long stays. Similarly, only 617 stays are misclassified as short stays with an NPV of
0.98, while they are actually long stays. In the next step, the regression is performed based
on the predicted short stays from the classifiers. There is a minor difference between the
classification results of random forest and XGBoost, resulting in small discrepancies in the
regression metrics. The results are summarized in Table 6, with random forest actually
outperforming XGBoost. Although the regression results are still worse than those for
the actual short stays reported in parentheses in Table 4, they are significantly improved.
To more accurately predict the actual LOS for longer stays, we should move the data
collection period forward and consider data from, e.g., the first four days or at least the
fourth day.

Table 4. Evaluation of the regression models in terms of RMSE, MAE, MAPE, and R². The results of
each evaluation score are averaged over 10 different experiments using repeated random train/test
split. The main values represent the evaluation of the models trained on the entire dataset with the
full range of LOS (1–21 days), while the values in parentheses represent the metrics for the models
considering data with only actual short stays, i.e., LOSs between 1 and 4 days.

Method RMSE MAE MAPE R²

Linear regression 2.89 (0.77) 1.92 (0.64) 70.65 (35.17) 0.19 (0.28)
SVM 2.91 (0.78) 1.68 (0.61) 48.37 (31.27) 0.23 (0.32)
Random forest 2.81 (0.75) 1.87 (0.62) 69.56 (34.54) 0.24 (0.35)
XGBoost 3.00 (0.83) 1.99 (0.66) 72.07 (36.35) 0.19 (0.24)

Table 5. Confusion matrices for random forest (the main values) and XGBoost (the values in paren-
theses) classifiers used prior to regression. Note that these classifiers, given by the maximum G-mean,
partition the entire dataset into short/long stays. The predicted short stays are then used for step-
wise regression.

Predicted Long Stays Predicted Short Stays

Actual Long Stays 9108 (9007) 516 (617)
Actual Short Stays 2469 (1873) 29,380 (29,976)
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Table 6. Evaluation of the stepwise regression in terms of RMSE, MAE, MAPE, and R². The results
of each evaluation score are averaged over 10 different experiments using the repeated random
train/test split. The regression models were trained on data with LOS initially predicted to be short
(1–4 days) by a classification model. The regression results here are obtained using random forest
(the main values) and XGBoost (the values in parentheses) as the prior classifiers.

Method RMSE MAE MAPE R²

Linear regression 1.07 (1.14) 0.74 (0.76) 38.87 (39.53) 0.20 (0.22)
SVM 1.10 (1.16) 0.71 (0.73) 33.11 (33.49) 0.23 (0.24)
Random forest 1.07 (1.13) 0.74 (0.76) 39.29 (39.94) 0.23 (0.25)
XGBoost 1.17 (1.23) 0.81 (0.83) 41.68 (42.32) 0.16 (0.18)

4. Discussion
4.1. Data Preparation and Data Analysis

Data preparation involves the preprocessing and cleaning of the data and is there-
fore an important step prior to data analysis and modeling. We defined a reasonable
range for each selected feature to avoid infeasible values that are physiologically irrel-
evant. We found that the majority of the data remained within the ranges we defined
for the selected features, namely the vital signs. However, these defined ranges are
conservative and may still have some room for error. These errors can be due to the data
captured by the (primary) data sources, such as the measurement of body temperature
in different parts of the body, or the dependence of heart rate on different factors such
as age, gender, or patient fitness. Narrowing the ranges reduces the number of records
in the dataset, thereby eliminating some potentially interesting data from patients with
uncharacteristic patterns. Defining these ranges for the features is a challenging task
because different medical conditions, diseases, comorbidities, or even demographics
strongly influence the features. The primary means of gaining insight into patient details
in MIMIC-IV is through the data stored in the database using a data-driven approach.
We emphasize that a more systematic approach is needed to ensure high-quality data
across a medically relevant range of values. This would involve dealing with missing
data, which is not addressed in this study.

4.2. Temporal Feature and Diagnoses

Vital signs and laboratory parameters are usually measured several times during the
first 24 h of a patient’s ICU admission. To represent such temporal data in the modeling,
we used the mean of all measurements during this period (the first day of ICU admission).
This single representation of temporal features simplifies the underlying complexity of
the data and thus leads to information reduction. It is therefore important to select an
appropriate measure for each feature in order to improve the performance in predicting
LOS. To this end, we also explored several other measures, such as mean, median,
standard deviation, minimum, and maximum, or a combination thereof, to represent
the temporal features and evaluate their impact on improving the prediction result of
LOS. Figure 6 depicts the performances of all classifiers in terms of balanced accuracy
and MCC, provided that the temporal features are represented by single values or a
combination. We found that models that only considered the mean performed quite
well overall, with logistic regression and SVM achieving slightly better results when
using both the mean and the maximum. The performance of the model, however, can
be significantly improved by using a deep learning model that takes into account the
detailed information contained in the temporal features.
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Figure 6. Evaluation of different classifiers (logistic regression, SVM, random forest, XGBoost) in
terms of (A) balanced accuracy and (B) MCC, where temporal features are represented by different
measures including mean, maximum, mean and maximum, and mean and the standard deviation.
The points and error bars indicate the mean and standard deviation of the results from 10 different
experiments using repeated random train/test split.

Each patient admitted to the ICU is typically diagnosed with multiple conditions iden-
tified by ICD codes. We selected the top two diagnoses based on the ranking available in the
dataset, which may not include the principal diagnoses (MIMIC documentation (https://
mimic.mit.edu/docs/iv/modules/hosp/diagnoses_icd/, accessed on 3 June 2023)). This
assumption comes from the hospital billing system, where the principal diagnosis may
appear among the first five diagnoses listed on the bill because of the need to convert the
patient’s complex conditions into a single coding system (e.g., ICD-10). The discrepancy
between the principal diagnosis and the first diagnosis listed in the EHR actually depends
on several factors, such as physician workload, expert experience, and the billing system it-
self [68]. We ultimately classified each ICD-10 code into 22 specific (coarse-grained) groups
as described in Section 2. The diagnoses, included as input features in the modeling in
this study, appear to have little impact on the classification performance. This is due to
the fact that two selected diagnoses identified by ranking in the dataset are not necessarily
the most important ones, or to the reduction in information by coarsening the diagnosis
into chapters. We also note that the impact of ICD-9–10 conversion on the performance
is minor, as only 2% of all hospital admissions with ICD-9 coded diagnoses did not have
a unique converted ICD-10 code when the final code grouping was considered. Further
research on diagnoses and their inclusion is warranted in future work to determine how
the information contained in diagnosis coding can improve classification performance.

4.3. Model Evaluation

Many studies have focused on a specific disease, resulting in more specialized cohorts
and features [27–31], and thus poorly comparable to the present study. However, another
recent study has used the same setting (predicting ICU LOS using data collected within
the first 24 h of admission) and achieved high accuracy, but with different features and
cohort conditions which makes the comparison difficult [69]. In fact, they use additional
procedure information, more demographic features such as marital status, the number
of previous surgeries or smoking history, and free text diagnosis. We note that they also
considered a wider range of LOSs and performed a multiclass classification (with three
classes). However, their results show an AUC (macro AUC) of 0.77, which is still lower
than the best AUC of the present work (0.80). This could be due to the fact that it is
generally more difficult for the model to predict longer LOSs (>25) with a very limited
amount of data, as well as the higher complexity due to the multiclass classification. Thus,
model evaluation remains a key challenge for ML in healthcare due to the lack of common
standard benchmarks.

https://mimic.mit.edu/docs/iv/modules/hosp/diagnoses_icd/
https://mimic.mit.edu/docs/iv/modules/hosp/diagnoses_icd/
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5. Conclusions

Predicting hospital length of stay (LOS) is important for clinical resources and cost
management; however, it is a challenging problem because of the multiple factors involved.
In this study, we performed the predictive modeling of LOS for patients admitted to the
ICU of the MIMIC-IV dataset. We prepared and processed the data with typical features,
including demographic and administrative data as well as vital signs and laboratory
measurements collected on the first day of the ICU stay. We also considered data with LOSs
of up to three weeks to avoid extremely long stays and divided them into short and long
stays in the upper quartile. We then performed binary classification using different models:
logistic regression, SVM, random forest, and XGBoost. The models were evaluated on
several metrics, averaged over 10 different experiments using a repeated random train/test
split for each model. The results demonstrate that the random forest is superior to the other
algorithms, while the accuracy is moderate, as many actual long LOSs are predicted to
be short.

We also performed regression models to predict the actual LOS in the ICU. The results
show the poor performance of the models when the entire dataset is considered with a
maximum LOS of 21 days. This is mainly due to the fact that the models only incorporated
data collected on the first day of ICU admission and are therefore unlikely to correctly
predict a long LOS. To conclude the study, we proposed a practical approach for a realistic
situation where the actual LOS on the first day of admission is not yet known. For this
purpose, we first classified LOS as short or long stay, and then predicted the actual LOS
only for data with a short predicted LOS. As a result, this approach significantly improved
the performance of the models, with SVM and random forest outperforming other models.
To predict an LOS longer than four days, we should shift the modeling window forward
and consider, for example, data from the first four days or at least the fourth day.

Future work will focus on improving the classification performance by exploiting the
embedded information in diagnosis data. Profiling the diagnosis codes and the consid-
eration of interrelated diseases will have an impact on performance. Moreover, a deep
learning model that incorporates detailed information contained in temporal features can
greatly improve the performance of the model and requires further investigation.
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Abbreviations
The following abbreviations are used in this manuscript:

AUC Area under the curve
bpm Beats per minute
brpm Breaths per minute
EHR Electronic health record
FP False positive
FPR False positive rate
FN False negative
FNR False negative rate
GCS Glasgow Coma Scale
ICD International Statistical Classification of Diseases and Related Health Problems
ICU Intensive care unit
LOS Length of stay
LR Logistic regression
LSTM Long short-term memory
MAE Mean absolute error
MAPE Mean absolute percentage error
MCC Matthew correlation coefficient
MCH Mean corpuscular hemoglobin
MCHC Mean corpuscular hemoglobin concentration
MCV Mean corpuscular volume
MIMIC Medical Information Mart for Intensive Care
ML Machine learning
NPV Negative predictive value
PPV Positive predictive value
RDW Red cell distribution width
RF Random forest
RMSE Root mean squared error
RNN Recurrent neural network
ROC Receiver operating characteristic
SQL Structured query language
SVM Support vector machine
TN True negative
TNR True negative rate
TP True positive
TPR True positive rate
WHO World Health Organization
XGB XGBoost (Extreme gradient boosting)
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