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Computerization in healthcare in general, and in the operating
room (OR) and intensive care unit (ICU) in particular, is on the rise.
This leads to large patient databases, with specific properties.
Machine learning techniques are able to examine and to extract
knowledge from large databases in an automatic way. Although
the number of potential applications for these techniques in
medicine is large, few medical doctors are familiar with their
methodology, advantages and pitfalls. A general overview of
machine learning techniques, with a more detailed discussion of
some of these algorithms, is presented in this review.
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Where is the Life we have lost in living?
Where is the wisdom we have lost in knowledge?
Where is the knowledge we have lost in information?

– T.S. Eliot’s The Rock (1934)1
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Introduction

Intensive care units (ICUs) and operating rooms (ORs) are very data-rich environments. Monitors as
well as therapeutic devices (such as mechanical ventilators, syringe- and infusion pumps for drug and
fluid administration, or renal replacement therapy machines), generate large amounts of data on
a continuous basis. Blood samples for laboratory analysis are drawn several times a day, and micro-
biology sampling occurs several times a week. Doctors and nurses write progress notes several times
a day. Drug prescription and delivery is changed and charted more than once daily. In the nineties it has
been determined that, on average, more than 236 variable categories were measured on each day for
a standard ICU patient.2 Until now, most of these data were available only on paper and thus difficult, if
not impossible, to analyse. A Patient Data Management System (PDMS) is software that integrates
these data from multiple sources. The number of ORs and ICUs implementing a PDMS is increasing
worldwide.3 A number of clinical studies demonstrate the potential benefits of these systems: a better
quality of medical charting4, higher ICU risk prediction scores5, less administrative workload and more
time available for patient care6, and positive impact on health care practitioner satisfaction and nursing
retention.7 Nowadays most PDMS are equipped with a computerized physician order entry (CPOE)
system, offering extra advantages regarding patient safety8–10, decision support and protocolized
care.11,12 Apart from supporting care, a PDMS is also a digital archive. Such an archive is called
a ‘relational’ database, when it integrates and stores all patient related data, is well organized, and
readily accessible. The worldwide rise of relational databases creates a huge potential source of data
from ICU and OR that could be used to investigate clinical, scientific or health care policy related
problems. Particularly outcome research is a potential application where PDMS data could serve as
a source.13 The work of Ramon et al14 highlights the challenges this specific application domain poses
for data mining, and proposes some initial solutions.

Machine learning algorithms have been used in a variety of applications. They have been shown to
be of special use in data mining scenarios involving large databases and where the domain is poorly
understood and therefore difficult to model by humans.15 These techniques are able to handle large
amounts of data, to integrate data from different sources, and to incorporate background knowledge in
the analysis.16 Therefore they are probably the most valuable candidates for this type of research. In this
era of fast, powerful and relatively cheap computers, (lack of) computer power should no longer be an
obstacle.

Biomedical data from OR or ICU: characteristics and accuracy

There are four important barriers to the effective use of clinical or hospital databases for research
purposes.17,18

First, there is the problem of confidentiality. Clearly, patient data should be protected against
viewing from third parties, and the identity of the patient should be blinded. Regulations might be
different in every country. For example, in the US, removing the patient identifiers from the database
allows querying the data without it being a Health Insurance Portability and Accountability Act
(HIPAA)19 violation and without needing to have an audit trail of who accessed the information.13

Second, the amount of data is huge. The resolution with which these parameters are registered is
high, usually in the order of minutes. At the university hospitals Leuven, the average amount of data
stored per patient and per day in our PDMS is 5 Megabyte. Since all our 56 ICU beds are almost always
occupied, we gather more than 100 Gigabyte of patient data every year! Moreover, the data have
unusual characteristics: a relatively low number of patients are described by a large number of
variables.

Third, proper organization of the data is an absolute prerequisite to research. When configuring
a clinical database, attention should be paid to the structure. In a good relational database, every piece
of data is ‘tagged’ as it is stored, like a library card catalogue. By way of those tags, the program can
relate pieces of data to other types of data without searching the entire database.

The fourth barrier is related to the quality of the data. Data quality is not only difficult to obtain, but
often hard to assess in retrospect. Apart from legibility, there are two aspects about the quality or
accuracy of data: completeness and correctness.20 Completeness refers to the proportion of
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observations that are actually recorded in the system; correctness refers to the proportion of obser-
vation in the system that are correct – as compared to the true situation of the patient or to a gold
standard. On a higher level, Ward defines accuracy as ‘‘the ability of a set of data points, collected
individually, to properly describe the clinical continuum during that time’’.13 The data in a clinical
information system, gathered in an automatic way from medical devices and monitors in the ICU, are
obviously more complete and perfectly legible, when compared to handwritten medical charts.
Nevertheless, automatic data captation sometimes fails: temporary disconnections of the patients from
their monitors or devices, as happens when they go on transport, or technical problems with devices,
interfaces, or servers will result in temporary loss of data. Dealing with missing data in a time series
could be the subject of a review in itself. In brief, several extrapolation methods such as deletion, mean
substitution, mean of adjacent observations, and maximum likelihood estimation can be used. Auto-
matically entered data have the advantage that they eliminate transcription errors. Nevertheless, they
will always be ‘dumb’ data, since they have not undergone filtering on erroneous entries. It is well
known that the monitors or devices generating the monitoring or therapeutic signals have little or no
capacity to detect wrong data or artefacts. As has been demonstrated by several authors, most of the
out of range data generated by monitors are wrong, either because of manipulation of the patient, or
because they are truly false.21 Validation of a clinical parameter by a human, before or after it is stored
in the PDMS database, will add an appreciation to a value. This is a standard option of most PDMS.
Some systems will only store these validated data in the database, discarding all unvalidated values.
Discarding unvalidated values can lead to the loss of valuable information, as is shown in the example
in Fig. 1, where episodes of paroxysmal atrial fibrillation occur between the validations. Looking at the
validated values only, we would conclude that this patient had a normal heart rate all the time. The
complete time series reveals episodes of tachycardia. Retrospective artefact removal from time series of
clinical data is not the subject of this review. In the literature, many methods for filtering can be found,
each with their applications and limitations. A recent study showed an unacceptably high inter-rater
disagreement for retrospective artefact detection from a time series of clinical parameters. Therefore,
automated artefact detection protocols should probably be based upon joint reference standards from
multiple experts.22 The higher sampling rate of automatic data captation could affect the conclusions
a clinician draws from these data, and, as a consequence, alter the clinical picture of a patient. Many
items in ICU prognostic scoring systems are based upon the extreme values of physiological parame-
ters. Bosman et al5 could demonstrate that these scores and the derived mortality predictions were
significantly higher when they were based upon computerized data, versus a hand-written chart. Some
data, such as the patient history, diagnosis, or the assessment of consciousness, have to be human or
hand entered. The quality of human entered data varies, and probably depends on the time and
devotion that ICU clinicians or nurses can spend to enter these data.

Machine learning: introduction and terminology

A PDMS database provides us with a large amount of data. Unstructured data will not allow us to
generate new insights. A hierarchical division between the concepts data, information, knowledge and
wisdom (DIKW) has been proposed to represent increasing levels of data organization and

Fig. 1. This is a true screenshot taken from one of our patients after cardiac surgery. The green line represents the time series of
the heart rate. The circles are the validated values. Because they occur between two validations, the episodes of tachycardia will be
missed when only looking at validated data.
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understanding.23,24 In the DIKW hierarchy, data is the most basic level of unprocessed information, and
comes in the form of raw observations and measurements. Information adds context to data, and is
created by analysing relationships and connections between the data. Knowledge is created by using
the information for action, as in a local practice or relationship that works. Knowledge is built by the
learner through experience. Information is static, but knowledge is dynamic. Wisdom is the ultimate
level of understanding. Wisdom is created through use of knowledge, through the communication of
knowledge users, and through reflection. Data and information deal with the past. Knowledge deals
with the present. Wisdom takes care of the future, as it takes implications and lagged effects into
account. As most metaphors, this approach has limitations. The distinctions between data, information,
knowledge, and wisdom are not very discrete, and their interrelations seem to be not always
congruent.25

Knowledge Discovery from Databases (KDD)26 is concerned with the automated extraction of valid,
novel and potentially useful patterns from data. The KDD process is composed of several steps
including: data preparation or preprocessing, search for patterns or data mining and knowledge
evaluation or results analysis. A detailed description of the KDD process can be found in the work of
Chapman et al.27

The search for these patterns of interest, also known as models, requires the use of data mining
algorithms. Many of these stem from the fields of machine learning and statistics. Machine learning
is an inherently multidisciplinary field, involving artificial intelligence, statistics, probability,
computational complexity theory, control theory, information theory, philosophy, psychology,
neurobiology and other fields. Machine learning is the subfield of artificial intelligence concerned
with the development of algorithms that allows computer programs to learn from experience.28 A
computer program is said to learn from experience if its performance at certain tasks improves with
experience. In other words, within the mathematical or computational boundaries of the selected
method, the computer will search all possible hypotheses to determine the ones that best fit the
observed data and any prior knowledge held by the learner. Statistics is of special importance
within machine learning since statistical tests are used to evaluate the performance of individual
models29–31, to compare performance among different models32, and in some cases as an integral
part of the learning algorithm itself. Apart from that, performance of machine learning methods is
often compared with more traditional statistical approaches in the medical domain, namely, logistic
regression. Experience refers to the amount of data that is used for learning. Data is comprised of
a set of examples. An algorithm that is allowed to learn on more examples, will thus gain more
experience. An example can be described by different types of characteristics. In the PDMS setting,
the patients are examples. They can be described by nominal or numerical characteristics called
attributes (e.g. sex, birth date, diagnostic group,), and/or by time series of data (e.g. blood pressure,
laboratory values .).

The output of the learning process, referred to as model, is automatically discovered knowledge that
provides a description of the data. Models can be predictive if they predict the value of an attribute
(referred to as the target attribute or target), by making use of the remaining attributes (referred to as
predictive attributes). This is also called supervised learning. The target attribute is the focus of this
process, and the data usually includes examples where the values of the target attribute have been
observed. The goal is to build a model that can predict the value of the target attribute for new unseen
examples. If the target value is nominal then the prediction task is known as classification and each
possible value for the target variable is referred to as its class-label or class. For real-valued target
attributes, the prediction task is known as regression. For instance, a classification task is the prediction
of whether a patient survives his ICU stay or not. The class label in this case is ‘ICU survival’. The
prediction of the length of stay of an ICU patient is a regression task.

Unsupervised learning refers to modeling with an unknown target variable. In that case, models are
solely descriptive. The goal of the process is to build a model that describes interesting regularities in
the data. Clustering33 is an example of a descriptive data mining algorithm that is concerned with
partitioning the examples in similar subgroups. For instance, we could analyze ICU data and find
a subgroup of patients which are similar because they all received certain combinations of treatments
and all experienced an increase in blood pressure. This knowledge is automatically discovered even
though the model was not specifically built to predict blood pressure.
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Current applications for data mining in medicine34 include scientific purposes such as unraveling
molecular mechanisms at the cellular level and support of clinical management, for example in cancer
classification.35 In intensive care, machine learning techniques have been used for surveillance of
microbiological data36, to detect changes in infection and antimicrobial resistance patterns37, or for
assessing morbidity after cardiac surgery.38 Integrating machine learning methods with local logistic
regression models performed better in predicting ICU-attributed mortality than traditional logistic
regression models alone.39 Depending on the type of knowledge of interest, Decision Trees (DT) and
Random Forests (RF), Artificial Neural Networks (ANN), Bayesian Networks, and kernel methods such
as Support Vector Machines (SVM) and Gaussian Processes (GP) are amongst the most frequently used
algorithms. We will discuss them in more detail in the following section. Other approaches can be
found in the work of Mitchell15, Hastie40, Witten41 and Bishop.42

A glance at a few machine learning techniques

Decision trees and forests

In DT learning, the algorithm looks for the descriptive attribute that is most related to the target
variable, divides the data set into subsets according to this attribute, and repeats the procedure on the
subsets, until a termination criterion is fulfilled. The result is a tree-shaped model that identifies a small
set of variables that together have high predictive power for the target variable.43 To ease its readability
the tree can be represented as a collection of if-then rules. Each rule is obtained by following the
branches from the root node to a terminating node. The terminating node is called a leaf. An example is
presented in Fig. 2.

Because of their ease of interpretability as well as their good performance, DT are among the most
popular learning algorithms and have been successfully applied in a wide range of tasks and domains.
In intensive care they have been used to classify pressure-volume curves in artificially ventilated
patients suffering from Adult Respiratory Distress Syndrome (ARDS).44 They have been compared to
logistic regression in the task of classifying ICU patients with head injuries according to their outcome:
good vs. poor Glasgow Coma Scores (GOS) and dead vs. alive.45 Special emphasis was made on how the
DT representation can lead to knowledge discovery and a better medical understanding of the variables
that are more predictive for each subpopulation. DT has also been used to classify streams of physi-
ological signals in neonatal ICU data in order to detect artifacts and thereby reduce the high number of
false alarms.46

Apart from being easy to understand, DT has other advantages, such as being robust to labeling
errors and noise. DT will still perform well, even if some examples are incorrectly labeled (assigned to
the wrong class), or if the values of predictive attributes contain some noise or errors. On top of that,
costs can be assigned to the attributes. For example in a (fictituous) prediction task for pneumonia,
attributes might be: temperature, heart rate, respiratory rate, white blood cell count, CRP, results from
sputum cultures, results from broncho-alveolar lavage cultures, chest X-ray, results from CAT-scan,
lung biopsy results. A desired tree could assign different costs to these attributes (in terms of inva-
siveness of the test, time required for the test, possible side effects, financial costs, etc.). When building
the DT, low-cost attributes are preferred for the test-nodes in the tree, and high-cost attributes are only
used when the accuracy of the low-cost attributes is insufficient.

A RF is a model composed of an ensemble of DT. The procedure to build a DT is repeated a number of
times on a slightly perturbed version of the original data set. To build a perturbed dataset, the algo-
rithm randomly picks n times one case out of a dataset of n examples. The result is a dataset with some
duplicates and some examples left out. The RF model contains the set of trees learned for each per-
turbed dataset and averages out their predictions to get a final prediction (Fig. 3). RF is a way of
removing the influence that small random variations in the data set can have on a learned tree.47

RF consistently obtained better performances than DT in the ICU prediction tasks considered by
Ramon et al14 (Table 1). In this study, each RF consisted of a set of 33 DT and was built following the
algorithm described by Vens et al.48

The boost in performance of forests over trees comes at the cost of less interpretability in the
models, because a set of many trees is more difficult to comprehend than a single tree. Recent work49
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172 examples 
9.9% positive 

15 examples
66.7% positive  

164 examples
20.7% positive  
WBC count > 18.3*10**9/L? 

no

179 examples
24.5% positive  
APACHE II <24? 

1548 examples
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APACHE II > 16? 

no

noyes
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52.6% positive  

145 examples
16.6% positive  

yes

1369 examples
3.9% positive  
Total serum bilirubin > 4.59 mg/dl?

no

23 examples
30.4% positive  

yes

1346 examples
3.5% positive  
Serum creatinine < 1.46 mg/dl? 

no

yes

1174 examples
2.6% positive  

Serum urea >54
mg/dl or dialysis? 

no

87 examples
11.5% positive  

yes

1087 examples
1.8% positive  
Hematocrit > 0.26? 

no

62 examples
9.7% positive  

yes

1025 examples
1.4% positive  

Age > 77.2 years? 

no

66 examples
7.6% positive  

yes

959 examples
0.9% positive  
Δ t° min-max > 1°C? 

no

142 examples
 4.2% positive 

yes

817 examples 
0.4% positive 

Patient gets steroids? 

no

43 examples
4.7% positive  

yes

774 examples
1.3% positive  
Serum protein < 62 g/L? 

no

22 examples
4.5% positive  

752 examples
0.0% positive  

yes

Fig. 2. Decision Tree to predict ICU mortality. We retrospectively analysed our database of 1548 patients from a previous clinical
study on intensive insulin therapy in the surgical ICU76, to examine the risk factors for mortality. The predictive attributes were
taken only from the first day in the ICU. In this set of 1548 examples, 6.3% died while in the ICU. In other words, these patients were
positively labelled, because the target variable ‘Death while in the ICU’ was present. The algorithm determined that the first attribute
to test for was whether the APACHE II score of this patient was larger than 16. This divided the dataset into two subsets, with 179
examples where the APACHE II score was >16 and 1369 examples where the APACHE II score was �16. Of these 179 examples where
the APACHE II score was >16, 44 examples (24.5%) were positively labelled. As we can see we have gained information, because now
we know that if the APACHE II score is >16 then the probability of dying in the ICU increases from 6.3% to 24.5%. The algorithm then
proceeds to find the most informative attribute for the subset of 179 examples where the APACHE II score was >16. The algorithm
selected testing whether the APACHE II score is below 24. 20.7% of the 164 examples with an APACHE II< 24 and >16 were positively
labelled, versus 66.7% of the 15 examples where APACHE II was �24 (and >16). Once again information has been gained since having
an APACHE II score� 24 increases the probability of dying in the ICU from 24.5% to 66.7%. The algorithm will continue until at
a certain point a ‘branch’ (graphically represented by a square) becomes a ‘leaf’ (graphically represented by an oval). There are two
reasons for the algorithm to stop. First, when no other statistically significant test can be found in these examples such that there
will be information gain. For example, in the last leaf of this three, below the ‘Serum protein< 62 g/L’ test, none of the 752 examples
are positive for the target variable. The second termination condition is when the number of examples in a subset is below a pre-
defined minimum. For example, in the 66.7% leaf below the ‘APACHE II< 24’ test there are only 15 examples left.
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however, promises to recover the understandability of the tree representation while still retaining the
performance of the forest.

Artificial neural networks

Inspired by biological neural networks, artificial neural networks (ANNs) are a collection of simple
processing units or nodes, interconnected to increase the computational power over any single unit.
The weights of these interconnections are tuned during learning so that the output of the network is as
close as possible to the desired training targets for a set of training input examples.

In a neural network, the input nodes are the observations or observed quantities that will be used
for prediction. The network has one or several output nodes or predictions. Other nodes are calculated
from the values of the input, and are then used to calculate the values for the output. These inter-
mediate nodes are neither input nor output, but are calculated from the other nodes in the network.
Because they only function within the network, they are called ‘hidden’ nodes. Although a network can
be structured with more than two hidden layers, in practice this is rarely done.

The typical structure of a single node or neuron is depicted in Fig. 4.
Each input x is fed forward to each successive layer to determine the output y, forming a feed-

forward network. During learning or training, the weights of the neurons are modified such that the
output y is as close as possible to the target value t. The error, the difference between the obtained
value y and the desired target value t, is used to adjust the weights of each neuron in the output layer.
These errors are propagated backwards to previous layers, so that their weights can be adjusted. This is
known as back propagation. It traverses the network in the opposite direction, and propagates the
errors as weighted sums. The weights are updated iteratively according to a gradient descent method.
Mathematical details can be found in the legend of Fig. 5.

Combined
Prediction

Fig. 3. Graphical representation of Random Forests. A forest consists of a set of Decision Trees, build on a perturbed version of the
original dataset. The final prediction is obtained by averaging out the predictions of the set of trees.

Table 1
Performance of different machine learning algorithms when predicting ICU mortality using input data from the first 24 hours.

ICU mortality aROCa/p-valueb

NbEx Pos DT RF NB TAN

1548 6.3% 0.789/0.685 0.821/0.693 0.883/0.807 0.860/0.090

NbEx, Number of examples (¼ number of patients) from which the clinical information was used as input. Pos, Percentage of
examples positive for the target variable, ICU mortality; DT, Decision tree learning; RF, Random forests; NB, Naı̈ve Bayes; TAN,
Tree-augmented naı̈ve Bayes.

a Discrimination of the model is tested by the area under the receiver-operator characteristic curve (aROC).
b Calibration is tested by Hosmer-Lemeshow H test. The model is well calibrated according to this test if the p value> 0.050.
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ANNs are known to be robust to errors in the training data and therefore they are well suited for
learning from noisy examples, such as inputs from sensors like microphones and cameras. Because of
their ability to represent highly nonlinear functions, ANNs often outperform other simpler methods.
This malleability however often results in over-fitting. This can be solved by determining an adequate
stopping iteration for the gradient descent in the back propagation algorithm.

∑

…

x1

x2

x3

xN

w1

w2

w3

wN

σ (⋅)

y

Fig. 4. A single hidden node or neuron in a network, which is a function of nodes (x) in a previous layer to predict the value of a node
in the next layer. A weighted sum of the inputs is passed through a function s(.) forcing the output of the neuron to be within a given
interval. The output of a single unit is a thresholded linear combination of the inputs: y ¼ sðx,wÞ ¼ sð

PN
n¼1 wnxnÞ. If s is chosen to

be a step-function such that the neuron’s output can only take on the values þ1 or �1, then the neuron is known as a perceptron.
This type of neuron is typically used for scenarios with Boolean inputs. Another neuron of choice is the sigmoid unit, where s is the
sigmoid or logistic function. In this case, the output of the neuron can be any continuous value in the interval [0,1]. The weights can
be seen as the components of a weight vector with the same dimensionality as the input space. This weight vector defines a decision
surface in the input space. More complex and expressive (i.e. nonlinear) decision surfaces can be obtained when using a collection of
units organized in a network configuration.

…

x1

x2

x3

xN

…

…

y1

y2

yM

u11

u1K

u12

u13

u21

u22

u2M

Feed Forward

Back Propagation

Fig. 5. Graphical representation of a neural network with N input units (x), K units (u) in a hidden layer, M units (u) in the output layer,
corresponding to M outputs (y). For each training example x and target t: the input x is propagated forward through the network. The
errors are propagated backward through the network. For each output unit u2m the error term dm is calculated:
dm ¼ ymð1� ymÞðtm � ymÞ. For each hidden unit u1k (with output yk), the error term dk is calculated: dk ¼ ykð1� ykÞ

PM
m¼ 1 wkmdm .

Next, all weights w are adjusted according to: w ¼ wþ Dw. Where Dw ¼ hdxi. d depends on whether the unit belongs to the output or
to a hidden layer, xi is the input value to the unit with weight w, h is the learning coefficient, a constant that regulates the magnitude of
Dw, or how much the weights are allowed to change per iteration. This back propagation algorithm is used for training networks of
sigmoid neurons, which have a continuous differentiable s function, a requirement for the computation of the gradient of the error.
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Some drawbacks in the use of ANNs include long training times when compared to other learning
algorithms such as DT. Also, the number of neurons per layer that are necessary to effectively learn
a desired function are not known in advance. In practice, several configurations have to be tried. But the
major problem with ANN is that it lacks interpretability, because a set of weights is not as under-
standable as a collection of rules or a DT. This way, ANNs are true ‘black box’ models.

Regardless of these drawbacks, ANNs have been successfully applied in solving many learning tasks.
A survey of applications can be found in.50,51 Sargent52 reviews a total of 28 studies on medical data sets
in which ANNs are compared to standard statistical techniques such as logistic regression. ANNs were
found to outperform regression in 10 cases, were outperformed in 4 and had a similar performance in
the remaining 14 data sets. In intensive care, ANNs have been applied in a number of tasks. They have
been used for survival prediction where their performance has been compared to that of logistic
regression.53 They were found to provide a higher percentage of ICU patients correctly classified as well
as a smaller prediction error than logistic regression. Additionally ANNs, as opposed to logistic
regression, do not require any assumptions regarding the underlying parameter distributions, nor
about the interactions among the independent variables. Similar findings are reported in54, where both
logistic regression and neural network models had a similar performance in predicting death of
patients with suspended sepsis in the emergency room. Nevertheless, there was a statistically
significant difference in discrimination in favor of neural networks. Clermont et al55 however report
similar performances of both logistic regression and ANN for the task of hospital mortality prediction
from data obtained from seven ICUs. Tong et al56 developed an ANN to successfully classify a neonatal
ICU population according to ventilation duration, a study that extends their previous success with the
same technique and classification task in an adult ICU setting.

Bayesian networks

A Bayesian network is a probabilistic graphical model that specifies a joint probability distribution
on a set of random variables. Bayesian networks have two essential components: a directed acyclic
graph explicitly showing dependencies and independencies between variables, and a set of probability
distribution tables. This is illustrated in Fig. 6.

There are two specific classes of Bayesian networks that are popular in the context of supervised
learning: Naı̈ve Bayesian networks (NB) and Tree-Augmented Naı̈ve Bayesian networks (TAN). In NB
there is a link from the target variable to each of the non-target variables. This means that a non-target
variable is supposed to be independent of any other non-target variable, given the target variable
(Fig. 7a). Because the independence assumptions for NB are often too strong, TAN allows taking into
account certain extra dependencies between non-target variables by having links between them as is
shown in Fig. 7b. It is very important to note that the presumed dependencies or independencies

U X

Y

Z

P(Z=yes|Y=yes)=0.1 P(Z=no|Y=yes)=0.9

P(Z=yes|Y=no)=0.4 P(Z=no|Y=no)=0.6

Fig. 6. Probabilistic graphical model. The nodes in this graph represent the random variables and the arrows represent direct
influences. This way, the graph contains information about dependencies and independencies between variables. Each variable in
a Bayesian network has an associated conditional probability table (CPT) specifying exactly how that variable depends on its parents.
The CPT depicted here specifies the probability of the presence of Z if we know that Y is present (upper left), the probability of the
presence of Z in the absence of Y (lower left), the probability of the absence of Z in the presence of Y (upper right) and the probability
of the absence of Z and Y (lower right).
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learned by a Bayesian network do not necessarily have to make sense from an empirical, or in this case
medical, point of view.

To automatically construct a NB or TAN several steps are typically followed. In a first step irrelevant
variables or attributes are removed from the dataset. To determine which variables are relevant,
a statistical test to determine the association between the variable and the target-variable is per-
formed. In a next step the arrows of the graph are determined. For NB the arrows are fixed by defi-
nition, independent of the actual data. TAN basically makes use of the same arrows as NB, plus extra
arrows that capture the most important dependencies between the non-target variables. Several
algorithms can be used to derive these dependencies; the algorithm of Friedman57 is just one example.
In the final step, the conditional probability tables (CPT) for all variables in the graph are constructed
using maximum likelihood estimation. In the CPT, the probability P(Bj A) can be calculated as the
number of examples in the database with attribute B that are positive for class label A divided by the
total number of patients that are positive for class label A. This fraction (p/t) is the maximum likelihood
estimate, and it is calculated in each entry of each CPT. Bayes’ rule is applied to predict the outcome,
which results from a product of different entries from the different CPT’s. A survey of Bayesian
Networks applied in health care can be found in the article of Lucas et al.58

Ramon et al14 repeated the same experiment from Fig. 2, this time using NB and TAN. Part of the
obtained Naı̈ve Bayesian network is shown in Fig. 8. Table 1 shows the performances of the different
machine learning algorithms in this outcome prediction task. In this paper, performances were
assessed with 10-fold cross validation: the data were divided into 10 subsets of (approximately) equal
size. Models were trained on the data 10 times, each time leaving out one of the subsets from training,
using only the omitted subset to evaluate the performance. All methods performed well in this
prediction task (aROC of more than 0.8, except DT) and none showed overfitting (Hosmer-Lemeshow
statistic p-value >0.050).

Support Vector Machines (SVMs)

Support Vector Machines are machine learning techniques that have their origin in statistical
learning theory. An excellent basic (non-mathematical) explanation on SVM is the paper by Noble.59

A more mathematical presentation of SVM can be found in the work of Cristianini et al.60

An essential component of SVMs is the separating hyperplane. In a binary classification task (such
as predicting ICU mortality or survival), the hyperplane is the geometrical division or separation
between the two outputs. In a one-dimensional space, this is a single point, in a two-dimensional
space a line, in a three-dimensional space a plane. We can extrapolate this procedure mathematically

A

B C D

A

B C D

a

b

Fig. 7. (a) Naı̈ve Bayesian Network. In NB, the non-target variables (B, C, D) are independent from each other given the target
variable (A). (b) Tree-Augmented Naı̈ve Bayesian Network. In TAN, arrows between non-target variables (B, C, D) indicate their
dependencies.
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to higher dimensions; the general term for a separator in such a high dimensional space is a hyper-
plane. The SVM algorithm will try to find the optimal hyperplane, called maximum margin
hyperplane that offers the best classification. To increase the robustness of the classifier and allow for
misclassification, soft margins can be set around the hyperplane. They determine the number of
examples that are allowed to cross the hyperplane at a certain distance. A SVM is a kernel method
that makes use of a kernel function. A kernel function will add a dimension to data, in order to obtain
the most optimal classification. Any given dataset with consistent labels can be brought into
a dimension where it can be linearly separated by a hyperplane. However, a too high dimensional
space could lead to overfitting of the data. The optimal SVM is typically chosen trough trial and error,
selecting the optimal kernel function by using cross validation. SVM can only handle binary classi-
fication problems. Multiclass classification can be obtained through the combination of multiple
binary classifiers, but more sophisticated solutions for this problem also exist. Figure 9 is an
illustration of the SVM procedure.

SVMs have been applied for classification in medical domains. When using SVM to predict the depth
of infiltration in endometrial carcinoma based on transvaginal sonography61, SVMs showed a better
generalization behavior and a higher performance than logistic regression. Bazzani et al62 used an SVM
classifier to distinguish false signals from microcalcifications in digital mammograms. The SVM clas-
sifier performed slightly better than one implemented with an ANN, and had the advantage of being
easier to train. Van Gestel et al63 compared least squares SVMs with DT, NB and logistic regression for
classification on 20 benchmark datasets. They report a significantly better performance of SVMs over
the other methods for most of the datasets and no significantly worse performance on the remaining
datasets.

In intensive care, SVMs have been investigated and tested to predict tacrolimus blood concentration
in liver transplant patients.64 They outperformed multivariate linear regression and they required
significantly less inputs to achieve the same predictive performance. They have also been used to study
drug dosage the ICU.65 Hiissa et al66 automatically classified nursing narratives. Giraldo et al67 used
Support Vector Machines to classify respiratory patterns of patients on weaning trials into those that
will succeed or fail to sustain spontaneous breathing.

Renal replacement therapy 

Urine output

Apache II

Age

Admission diagnosis

Serum lactate level

Morning blood glucose level

ICU mortality

ICU † no ICU † yes
RRT no 0.998 0.002
RRT yes 0.97 0.03

Fig. 8. Part of a Naı̈ve Bayesian Network learned to predict a patient’s probability of dying in the ICU.14 Inputs were taken from the data
collected on the first day in the ICU, in a dataset of 1548 patients with a mortality of 6.3%. 37 variables were found to correlate with
mortality (of which only 7 are shown here). Also shown is the conditional probability table between one variable (did the patient
undergo renal replacement therapy (RRT) on the first day in the ICU) and the target variable (ICU mortality). The table indicates for
example, that a patient has a 99.8% probability of not dying in the ICU if he did not undergo RRT on the first day in the ICU.
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Gaussian processes

When making predictions, speaking loosely, we apply a certain function to the inputs to obtain an
estimate of a certain output. In contrast to considering a single or a few optimal functions, Gaussian
processes (GPs) give a prior probability to every possible function, with higher probabilities for the
functions that are more likely. In other words, a GP is a distribution over functions and is a natural
generalization of a Gaussian Probability Distribution. In analogy with a Gaussian Distribution which
has a mean (a vector) and a covariance (a matrix), the GP over a function is specified by a mean function
and a covariance function. A detailed description of GP can be found in Rasmussen & Williams.68 GP can

Δ

Hyperplane

a b

c

Fig. 9. (a–c). In Figure 9a, a two dimensional dataset with the attributes x1 and x2 is depicted. A SVM will be used to find the optimal
hyperplane for classifying the data according to this attribute. Each example of the original dataset is a vector in a two-dimensional
input space, and the mapping function v(x) projects the two-dimensional data into a three-dimensional feature-space. The reason
for doing so is that in the higher dimensional feature-space the data will possibly be easier to classify. The mapping in this case
shows how the two classes in the dataset (denoted by the different shades of gray) can be easily separated with a linear model in
feature-space (Figure 9b). Figure 9c shows the hyperplane found by the SVM algorithm that separates the 2 classes in feature-space.
Note that the hyperplane in feature-space corresponds to a complex non-linear separation boundary in input-space. For example, to
separate the two classes in the original space of Figure 9a an elliptical boundary would be necessary. This maximum margin
hyperplane is unique and is the one that maximizes the distance (D/2) between the hyper-plane and the closest examples of each
class in the dataset. These closest examples (highlighted in the figure) are the only ones required to fully define the hyperplane, and
they are called Support Vectors. The distance to the Support Vectors (and therefore to the hyperplane) is used to classify new
previously unseen examples. During training of the model when the hyperplane is defined, and during testing when a new example
is classified, only the distance in feature-space between examples is relevant. The actual value taken in feature-space fðxÞ is not. The
distance in feature-space can be written as a dot product between the mapped examples as fðxÞTfðzÞ and can be defined as
a function directly in the input-space kðx; zÞ ¼ fðxÞTfðzÞ. This function is called the kernel function and it computes the distance
between examples in input-space by first projecting them into the feature space. The fact that the mapping v(x) does not need to be
explicitly computed (it is implicitly defined by the kernel function) in order to determine the distance in feature-space, is known as
the kernel trick. In Figure 9b the kernel function kðx; zÞ ¼ ðxTzÞ2 implicitly defines the mapping fðxÞ ¼ ðx1;

ffiffiffi
2
p

x1x2; x2
2Þ. The

formulation is later extended such that the SVM model allows for misclassifications by means of the soft margin, and the kernel trick
is reused for the regression scenario.
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be used for regression (where the output is continuous) or classification tasks (where the output is
discrete). Like SVMs, GPs are kernel methods. They allow for multi-dimensional inputs, have a small
number of tunable parameters and result in full predictive distributions as opposed to the point
predictions typical of other methods.

The way GP for regression works is explained in detail in Fig. 10.
In GP binary classification, a GP over a function f ðxÞ is defined just as in the regression case, but it is

then transformed through a logistic function sð,Þ so that its outputs lie in the [0,1] interval. This way
they can be interpreted as probabilities:sðf ðxÞÞ. The main advantage of using a GP Classifier over other
kernel method classifiers is that it produces an output with a clear probabilistic interpretation.

Fig. 11 is an illustration of how this transformation process by the logistic function takes place.
GPs have been successfully used to model and forecast real dynamic systems because of their

flexible modeling abilities and their high predictive performances. In his work, Rasmussen shows how

Fig. 10. (a) Gaussian Process to predict the blood temperature of a patient, learned from one-dimensional training data. The crosses
correspond to the measured blood temperature values of a patient during his first hours of ICU stay. The bold line corresponds to the
mean function of the GP (most likely given the data), and the shaded area corresponds to the 95% confidence region learned for
the function distribution. It can be seen that the uncertainty of the prediction grows in regions where there are few training points.
(b) Cut-section of the predicted distribution for hour 3 of ICU stay, which has a mean predicted value of 35.86 �C. Also shown
(dashed line) is the predicted distribution before training, which has a mean predicted value of 37.5 �C (the mean value of the
training data) and is very broad to reflect the uncertainty associated with this prediction. Once learning has occurred, the predictions
become more certain because data has been seen in the vicinity of the test point, and the predictions must be consequent with these
observations.
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GPs consistently outperform more conventional methods such as ANNs in different regression tasks.69

More in-depth analysis of the relationship between GPs and ANNs can be found in the work of Lilley70

and MacKay.71

The application of GPs for regression has recently begun in the intensive care domain. In72, the
evolution of a patient’s state during his stay in intensive care was predicted by means of specific patient
characteristics. In73 the patients’ core temperature values were predicted several hours in advance.

GPs have been applied to the problem of neonatal seizure detection from electroencephalograph
(EEG) signals, where they outperform other modeling methods currently in clinical use for EEG
analysis.74 In the context of intensive care, GPs have also been used to classify patients according to the
time-frame in which they can be weaned from mechanical ventilation.75 In agreement with previous
studies, the ability to learn complex non-linear decision boundaries resulted in better performance
than more traditional methods such as logistic regression.

Conclusion

A PDMS provides a unique view of the patient, integrating clinical observations, monitoring signals,
laboratory values, and therapeutic information on mechanical ventilation, renal replacement therapy
and drug administration. Moreover, this information is time-lagged, allowing assessment of the
response to therapy. In the future, more and more intensive care units will have access to such large
databases. They might contain hidden information for health care policy or benchmarking, and they
could serve as sources for the discovery of new medical knowledge. Although many problems, chal-
lenges and pitfalls remain unresolved as of yet, there is a need to develop methods to analyse these
data. The huge size of the database, and the varying data quality, remains a challenge.

In the field known as data mining, machine learning algorithms are being used routinely to discover
valuable knowledge from large databases, such as financial transactions, but also medical records. They
have been used in a variety of applications and have been shown to be of special use in data mining
scenarios involving large databases with valuable implicit regularities that can be discovered auto-
matically; when the domain is poorly understood and therefore difficult to model by humans; and in
domains where dynamic models are needed to adapt to changing conditions.15 Until now, no single
machine learning technique proved to be superior to the others for different tasks. It might therefore be
wise to try to run multiple algorithms whenever possible.

Because details of the different machine learning algorithms are not well known in the medical
community, the purpose of this review was to give a basic overview of these techniques. Because they
can handle large size data samples, and because they can integrate background knowledge into the
analysis, they could enable ICU professionals to use their PDMS data for scientific, clinical, or health
care policy purpose. This highly specialist branch requires collaboration between clinicians, database
specialists, statisticians and computer scientists, who should engage in multidisciplinary teams to set
out research projects in this promising domain.

Fig. 11. When using GP for classification, the exemplary function f ðxÞ in the left figure is transformed through a logistic function to
sðf ðxÞÞ (right figure), in order to obtain outputs that lie in the [0,1] interval. The outputs of the logistic function can be interpreted as
probabilities.
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Research agenda

� Minimal data quality standards for a patient database need to be developed.
� As the number of clinical databases with ICU and OR data is on the rise, we are only at the

beginning of analyzing our clinical databases. The number of possible applications is high.
� As long as no single machine learning technique proved to be superior to the others for

different tasks, it might be wise to try to run multiple algorithms whenever possible.

Practice points

� The execution and programming of machine learning techniques is a specialized job for
a computer scientist. Nevertheless, for an optimal result, a physician or clinical expert will
only be able to guide and understand the research with sufficient basic knowledge of the
algorithms.
� A multidisciplinary team of medical doctors, database specialists, statisticians, bench scien-

tists and computer scientists is a prerequisite for using machine learning techniques for
advanced patient database research.
� By identifying and formulating research questions at interest in advance, it will be possible to

configure and setup the patient database in an optimal way.
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