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Abstract—We present a feature engineering study aiming at
exploring features that may enhance the mortality-risk
prediction of ICU patients. We identify pulse pressure as a
potential physiological variable for ICU mortality prediction
based on the classification performance of a linear hard margin
support vector machines classifier. Features from the pulse
pressure (PP), systolic and systolic blood pressure are used as
input and the label of survival/mortality is used as an output.
Complementary patients are addressed with PP which hints at
using different features for different patients profiles.

. INTRODUCTION

Intensive monitoring of vital signs in intensive care unit
(ICU) can capture clinical deterioration at an early phase and
thus improve patient outcome. In the past, multiple scoring
systems have been developed (e.g., APACHE, SAPS) to
provide insights and even predictions regarding ICU patient
mortality.  However, these scoring systems are
population-based and often use summarized nongranular data.
This study, which is a part of a large research action, aims at
exploring the use of feature engineered blood pressure
variables for mortality-risk prediction of ICU patients.

Il. METHODS

The data is provided by intensive care unit and coronary
care unit of Ziekenhuis Oost-Limburg (Genk, Belgium). The
total study population consists of 447 patients with 450
admissions, of which 170 are labelled with mortality, and 280
with survival. The observations are collected with a sampling
rate of 0.5-1 observation per hour. The considered number of
observations per patient is defined as the last 84 observations
before discharge (on average the last five days of the stay).
The first 60 observations out of 84 are considered for feature
extraction to predict mortality/survival 24 observations ahead
at discharge (i.e., after observation 84). The used machine
learning classifier is a linear hard-margin support vector
machines (SVM’s). This classifier is chosen because of its
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properties: maximizing the margin between the two classes
without tolerance to error and using a linear combination
between the features to predict the outcome [1].

I1l.  RESULTS AND DISCUSSION

Based on an in-depth investigation of the deceased
patients and their vital signs, two behaviors reoccurred. The
first behavior is that the systolic blood pressure (SBP) is
descending and approaching the level of the diastolic blood
pressure (DBP). The other behavior is the large difference
between the SBP and DBP. For the survival patients, these
behaviors are infrequent or missing. Hence, the difference
between SBP and DBP, also named pulse pressure (PP) [2],
can be considered as a discriminating variable. The features of
minimum, maximum, mean, median, standard deviation,
variance, and energy are extracted from SBP, DBP, PP and
their first derivative. Also, crossing the mean rate and
outlier-detection features are extracted from SBP, DBP and
PP. Features are extracted with window size of 15
observations. By considering only the features extracted from
SBP and DBP, the classification output is found: 72 true
positives (TP), 199 true negatives (TN), 98 false negatives
(FN) and 81 false positives (FP). With accuracy of 60.22%,
sensitivity of 42.35%, specificity of 47.05% and F1-score of
0.446. On the other hand, considering only the extracted
features from PP, the classification output is found: 45 TP,
222 TN, 125 FN and 58 FP. With accuracy of 59.33%,
sensitivity of 26.5%, specificity of 43.7% and F1-score of
0.334. It is important to notice that PP features recognized 14
new true positives subject and 58 new true negatives that SBP
and DBP features did not recognize. Therefore, we may
conclude that different patient profiles require a different set
of features and variables. Moreover, the PP variable and its
extracted features can be considered in a more extensive study
on feature engineering for mortality-risk prediction as the
results are in line with previous medical work [2].
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