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Abstract: Intensive Care Units (ICUs) patients often have life-threatening diseases and rapidly changing health 

conditions. Timely response towards patient deterioration was found to increase the survival chances of patients. 

However, conventional early warning score (EWS) systems rely on predefined thresholds which only indicate the current 

risk of patients instead of predicting the future trend or risk. Previous studies proved that predictive models based on 

machine learning outperformed EWS systems. This study developed models based on logistic regression (LogReg) and 

support vector machine (SVM) to predict short-term mortality of ICU patients based on the data extracted from MIMIC-

III database. Results obtained show that the trade-off analysis between observation window and prediction window as 

well as prediction performance of models were conducted. The models achieved optimum accuracy performance of 0.91 

for LogReg and 0.92 for SVM at 4-hours observation window and 1-hour prediction window. The developed models 
demonstrate high potential in providing early warnings on patient deterioration and hence giving the medical team a 
longer response time and improving the survival chance of ICU patients. 
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1. INTRODUCTION  
Intensive Care Units (ICUs) patients often have life-
threatening diseases and rapidly changing health 
conditions. According to the study by Antonio e Silva et 
al. [1], 537 out of 1,596 ICU patients died in the unit, 
indicating a mortality rate of 33.65%. Timely response 
towards patient deterioration was found to increase the 
survival chance of patients. The mortality rate of patients 
following cardiac arrest was 66% when the medical team 
responded in less than 3 minutes. Meanwhile, the 
mortality rate increased to 91% when the medical team 
responded in more than 3 minutes [2]. Previous studies 
also identified readmission as a key cause of ICU 
mortality [1], [3]. The study by Tejerina Álvarez [3] 
showed that readmitted patients generally had worse 
prognosis and higher mortality rate (i.e., 2 to 10 times 
higher) than others. Thus, it is important to identify 
patients at potential risk of deterioration to provide 
further medical support. 
 
1.1 Early Warning Score Systems 
A conventional approach in patient deterioration 
prediction is the early warning score (EWS) systems. The 
systems assigned scores to different clinical parameters 
based on predefined scoring range. However, EWS 
systems rely on predefined thresholds which only 
indicate the current risk of patients instead of predicting 
the future trend or risk. The systems are also unable to 
define complex patterns in clinical patient data. In this 
context, machine learning (ML) algorithms are 
applicable to identify and learn from the patterns in 
clinical data [4], [5]. Choi et al. [6] developed several 
predictive models using machine learning to predict in-

hospital mortality for ICU patients. The accuracy of the 
models ranged from 0.95 to 0.96. The study also included 
EWS systems as benchmarks and the accuracy of the 
systems ranged from 0.60 to 0.83 [6]. The study proved 
that ML-based predictive models outperform traditional 
EWS system in predicting patient deterioration.  
 
1.2 Machine Learning Predictive Models 
Based on the literature review and study by Jahandideh 
et al. [4], logistic regression (LogReg) and support vector 
machine (SVM) are among the most commonly used 
machine learning algorithms, especially in patient 
deterioration prediction. LogReg is a machine learning 
algorithm used for binary classification. It can be used to 
predict the probability between two different classes. It 
utilized a similar concept as linear regression (LogReg) 
but eventually maps the predicted values to a range 
between 0 and 1 using logistic function (i.e., sigmoid 
function) [7], [8]. The strengths of regression model were 
highlighted on low computation costs and easy 
interpretation of results [4]. Besides, SVM is a machine 
learning algorithm that utilizes hyperplanes to separate 
different classes. Support vectors are the closest point to 
the hyperplane for each class [8], [9]. Generally, SVM is 
widely used in classification and regression tasks. SVM 
possesses several strengths including low generalization 
error, low computation costs as well as less chance of 
overfitting [4]. 
There were previous studies that focused on predicting 
in-hospital mortality or cardiac arrest without a specific 
time frame [6], [10]. This resulted in the predicted 
deterioration events may onset any time within the 
hospitalization. Such consequences may be troublesome 
for the medical teams to decide a suitable intervention 
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manner. Choi et al. [6] extracted first 24 hours patient 
data to predict in-hospital mortality. J. H. Kim et al. in 
their study [10] developed ML models in predicting in-
hospital cardiac arrest for emergency department patients. 
They identified that features such as oxygen saturation, 
vital signs, mental status and hospital factors were 
correlated with in-hospital cardiac arrest.  
Other than that, other previous studies developed their 
prediction models with pre-defined prediction window 
[11], [12], [13], [14]. In this context, the onset of 
deterioration is within or exactly after the end of 
prediction window based on the definition in the studies. 
Alshwaheen et al. [11], [12] developed an LSTM-RNN 
model to predict short-term mortality of ICU patients and 
sudden transfer of normal ward patients to ICU. The 
authors explored the combination of observation window 
and prediction window of predictive models. The 
optimum model was found to have 578 minutes 
observation window and 286 minutes prediction window. 
Provided with a high accuracy of 0.921 and AUROC of 
0.933, the model utilized a long observation window 
whereas 578 minute-by-minute data were needed for 
each feature. Moreover, the authors also developed 
LogReg and SVM as baseline models. The baseline 
models possessed comparable results with shorter 
observation window required (i.e., 240 minutes) [11], 
[12]. 
Another study by Ruiz et al. [13] utilized XGBoost, 
random forest and LogReg models to predict clinical 
deterioration for pediatric patients aged 6 months or 
younger. Clinical deterioration was defined as emergent 
endotracheal intubation, CPR, ECMO and ECPR in the 
study. The same study highlighted the exploration of 
prediction windows ranging from 1 hour to 8 hours 

before deterioration. Among the developed models, 
LogReg model performed comparable with other models. 
The model possessed AUROC of 0.920 with a prediction 
window of 4 hours. The best model was XGBoost with 
AUROC of 0.923. However, the models utilized a large 
number of 1,028 features in order to achieve competitive 
performance [13]. 
Moghadam et al. [14] explored the predictive power of 
different ML models in hypotensive events. The study 
employed 7 ML algorithms, including regression model 
and SVM model. Based on the results, LogReg and SVM 
had the highest accuracy among the models (i.e., 0.95 and 
0.94 respectively). The models only utilized a 5-minute 
prior patient data to predict hypotensive event’s onset 
within the next 30 minutes. In contrast to their excellent 
accuracy performance, the models possessed lower 
sensitivities of 0.85 and 0.83 respectively. Besides, the 
onset of deterioration fell within the 30-minutes time 
frame in this study which was different from some 
previous studies [11], [12], [13]. 
 
2. METHODOLOGY 
Fig. 1 outlines the overall study scope, comprising the 
database and tools employed. This study utilized data 
from Medical Information Mart for Intensive Care 
(MIMIC-III). The database is housed at PhysioNet which 
is a repository of medical research data managed by 
Massachusetts Institute of Technology (MIT) [15], [16]. 
The database is comprised of 53,423 distinct hospital 
admissions of adult patients and includes comprehensive 
data such as demographics, vital signs, laboratory and 
microbiology tests, medications, notes and reports [17].  
 

 

 
Fig. 1 Overall scope of study 

 
Performance metrics used to evaluate the models 
developed include accuracy, sensitivity, specificity and 
AUROC. Accuracy, sensitivity (i.e., recall) and 
specificity are defined in Equation (1), Equation (2) and 
Equation (3). TP, TN, FP and FN are defined as True 

Positive, True Negative, False Positive and False 
Negative respectively. Meanwhile, AUROC is the area 
under a receiver operating characteristics (ROC) curve 
[8], [18], [19]. 
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (1) 

  

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (2) 

  

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 (3) 

 
Previous studies set their prediction goals in different 
aspects including in-hospital mortality, in-hospital 
cardiac arrest, septic shock, neurological deterioration, 
hypotensive events, CPR and ECMO [6], [10], [13], [14], 
[20], [21]. This study defined patient deterioration as 
short-term mortality whereas the models developed 
would predict binary classification of survival or 
mortality among ICU patients. This prediction goal was 
more general and could be applied to a wider range of 
patients to predict their survival status. The models 
would make predictions at the index time after collecting 
enough data in observation window. The predicted 
outcomes were based on the prediction window whereas 
the survival status of patients were based on the onset 
time. In other words, the models would predict mortality 
in advance of prediction window duration [5], [11], [12]. 
The overall timeframe is illustrated in Fig. 2 while Fig. 3 
shows the overall workflow of this study from data 
preparation to model training and evaluation. 
   

 
Fig. 2. Definition of windows in predictive models 

 

 
Fig. 3. Modelling flowchart 

 
2.1 Data Acquisition 
The first step of data acquisition was cohort selection. 
This study employed 3 inclusion criteria and 1 exclusion 
criteria in selecting patient cohort from MIMIC-III 
database. The inclusion criteria were (a) only first ICU 
admission of each patient was considered, (b) subjects of 
aged 15 years and above and (c) the ICU stay had to be 

at least 8 hours and above. The exclusion criterion was 
the removal of any subjects died in non-ICU ward. 
In this study, relevant clinical data were systematically 
extracted from the patient database. This included 
demographic information (age and gender), admission 
type, vital signs, laboratory test results, and level of 
consciousness. The vital signs comprised of heart rate, 
respiratory rate, body temperature, systolic blood 
pressure, diastolic blood pressure, mean blood pressure 
and blood oxygen saturation (SPO2). The laboratory tests 
included glucose, sodium, potassium, blood urea 
nitrogen (BUN) and creatinine. The level of 
consciousness extracted was the Glasgow Coma Scale 
(GCS). All raw data was extracted in a 7-hours 
observation window and 1-hour prediction window 
setting to accommodate the window explorations of the 
study. The raw dataset would consist of 7 hours minute-
by-minute data with 1 hour prior to the onset time. The 
onset time referred to mortal time for case group (i.e., 
label 1) or discharge time for control group (i.e., label 0). 
 
2.2 Data Preprocessing 
The missing rate of features (i.e., vital signs, laboratory 
tests and GCS) existed in each subject were calculated. 
In this context, subjects with missing rate higher than 20% 
were excluded from the dataset [6]. Furthermore, the 
major group identified was the control group (i.e., 
survive until discharge) while the minor group was the 
case group (i.e., die within the ICU admission). To 
address the class imbalance problem, the major group 
was down sampled to produce a dataset with equal 
number of classes (i.e., 825 each). In terms of outlier 
removal, SPO2 and GCS values were checked for their 
valid range which are 0% to 100% and scale of 3 to 15 
respectively. Meanwhile, the outlier removal of other 
vital signs and laboratory tests were based on the 
Equation (4) and Equation (5) [13]. Q1, Q3 and IQR were 
defined as first quartile, third quartile and interquartile 
range. Values beyond the lower bound or upper bound 
were eliminated. 
 

𝐿𝑜𝑤𝑒𝑟 𝐵𝑜𝑢𝑛𝑑 = 𝑄1 − 1.5 ∗ 𝐼𝑄𝑅 (4) 
  

𝑈𝑝𝑝𝑒𝑟 𝐵𝑜𝑢𝑛𝑑 = 𝑄3 + 1.5 ∗ 𝐼𝑄𝑅 (5) 
 
Categorical features such as gender and admission type 
were encoded with numerical values. MIMIC-III 
database groups patients aged 89 years and above into 
categories of 300 years old and above for deidentification 
purposes [17]. In this study, the age of this group of 
subjects was shifted to 90 years old to keep the feature’s 

ordinal order. Next, the 7-hours dataset was segmented 
into 11 datasets to accommodate the exploration of 
observation window and prediction window durations. 
The explored observation window and prediction 
window durations ranged from 1 hour to 5 hours and 1 
hour to 4 hours respectively. The distinct combinations 
of window durations were presented along with their 
prediction performance in result and discussion section. 
After segmentation, the missing values within the dataset 
were filled using linear interpolation and followed by 
nearest fill. Median value of each feature was imputed 
only if the feature value was missing for the entire 
observation window. 
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2.3 Feature Engineering 
For each laboratory test, body temperature and GCS, 2 
statistical features (i.e., maximum and standard deviation 
value) were extracted. Meanwhile, 5 statistical features 
(i.e., minimum, maximum, standard deviation, last value 
and rate of change) were extracted from the other rapid-
changing vital signs. After the feature extraction, these 
47 engineered features were standardized and evaluated 
using Pearson correlation coefficient (i.e., Equation (6)). 
𝐶  and 𝜇 are the correlation coefficient and mean value 
respectively  [22]. In this context, only the top 70% (i.e., 
33) engineered features with the highest correlation with 
target (i.e., survival status) were selected. 
 

𝐶 =
∑ [(𝑥𝑖 − 𝜇𝑥)(𝑦𝑖 − 𝜇𝑦)]𝑁

𝑖=1

√∑ (𝑥𝑖 − 𝜇𝑥)2𝑁
𝑖=1 ∑ (𝑦𝑖 − 𝜇𝑦)

2𝑁
𝑖=1

 (6) 

 
2.4 Modelling Pipeline 
The dataset was split into a training set and testing set 
with a ratio of 80:20. Afterwards, the dataset was ready 
to be trained into predictive models using LogReg and 
SVM [9], [23]. The hyperparameters were tuned using 
Grid Search with 5-fold cross validation [8], [13], [19]. 
A trade-off analysis between window durations and 
prediction performance was presented in the next section. 

 
3. RESULTS AND DISCUSSION 
The prediction performance of each model was presented 
in Table 1 (i.e., LogReg models) and Table 2 (i.e., SVM 
models). The accuracy performance of each model was 
illustrated in Fig. 4. Based on the results, LogReg and 
SVM models shared comparable performance under 
similar window durations. However, SVM generally 
showed a slightly better performance than LogReg. Both 
models generally possessed higher specificity than 
sensitivity which was in line with previous studies [14]. 
This indicated a better performance in predicting patients’ 

survival than death.  
Moreover, the extension of observation window from 1 
hour to 4 hours gradually improved the prediction 
performance. Longer observation window provided more 
meaningful data to be interpreted by the models. Besides, 
shortening of prediction window from 4 hours to 1 hour 
generally improved the prediction performance. Datasets 
with shorter prediction windows might contain more 
early signs of patient deterioration. This condition was 
found by previous studies [11], [12] as well. In this 
context, LogReg and SVM models showed optimum 
performance at a 4-hours observation window and 1-hour 
prediction window (i.e., 0.91 and 0.92 accuracy 
respectively). 

 
Table 1. Prediction performance based on LogReg model 

Observation Window (Hour) Prediction Window (Hour) Accuracy Sensitivity Specificity AUROC 

1 1 0.76 0.69 0.84 0.89 
2 1 0.85 0.83 0.86 0.93 
2 2 0.85 0.84 0.87 0.92 
3 1 0.89 0.88 0.91 0.95 
3 2 0.88 0.85 0.90 0.93 
3 3 0.86 0.82 0.90 0.93 
4 1 0.91 0.89 0.93 0.96 
4 2 0.88 0.86 0.89 0.95 
4 3 0.87 0.84 0.90 0.94 
4 4 0.89 0.88 0.90 0.94 
5 1 0.91 0.87 0.95 0.97 

 
Table 2. Prediction performance based on SVM model 

Observation Window (Hour) Prediction Window (Hour) Accuracy Sensitivity Specificity AUROC 

1 1 0.76 0.65 0.87 0.89 
2 1 0.87 0.85 0.89 0.95 
2 2 0.85 0.84 0.87 0.91 
3 1 0.91 0.92 0.90 0.97 
3 2 0.88 0.87 0.90 0.93 
3 3 0.88 0.88 0.89 0.93 
4 1 0.92 0.92 0.93 0.97 
4 2 0.91 0.92 0.90 0.95 
4 3 0.85 0.83 0.87 0.93 
4 4 0.90 0.90 0.90 0.93 
5 1 0.92 0.92 0.93 0.97 
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Fig. 4. Prediction performance analysis based on window durations 

In addition to the optimum 4-hours observation window 
and 1-hour prediction window combination, other 
window combinations were found valuable as well. The 
predictive model with a 3-hours observation window and 
1-hour prediction window showed a competitive 
accuracy of 0.91. This model was valuable in terms of its 
shorter observation window. Models with shorter 
observation windows were applicable to patients who 
need urgent justification for health conditions. The 4-
hours observation window and 4-hours prediction 
window model also showed a comparable accuracy of 
0.90. Although the model’s accuracy was slightly lower 
than the optimum model (i.e., 0.92), its advantage was 
that it provided a longer prediction time frame. This 
allowed earlier interventions by the medical teams to 
save the patients. In this context, septic shock and cardiac 
arrest are among the critical causes of mortality which 
require continuous monitoring and timely intervention. 
Rapid and early predictions of mortality provide higher 
survival rates by enabling timely interventions, 
especially for ICU patients suffering from severe 
illnesses such as sepsis [2], [24]. 
 
4. CONCLUSION AND RECOMMENDATIONS 
This study demonstrated the trade-off analysis between 
observation window and prediction window durations as 
well as prediction performance. Performances of the 
developed models were found optimum at 4-hours 
observation window and 1-hour prediction window. 
SVM model showed higher accuracy and sensitivity of 
0.92, specificity of 0.93 and AUROC of 0.97. The 
developed models demonstrate high potential in 
providing early warnings on patient deterioration and 
hence giving the medical team a longer response time and 
improving the survival chance of ICU patients. 
Recommendations on future research include 
benchmarking with EWS systems as well as employing 
multi-source datasets and advanced data processing steps. 
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