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Abstract

Objective: To apply and compare common machine learn-
ing techniques with an expert-built Bayesian Network to
determine eligibility for asthma guidelines in pediatric
emergency department patients.
Population: All patients 2-18 years of age presenting to a
pediatric emergency department during a 2-month study
period.
Methods: We created an artificial neural network, a sup-
port vector machine, a Gaussian process, and a learned
Bayesian network to compare each method’s ability to
detect patients eligible for asthma guidelines. Our out-
come measures included the area under the receiver
operating characteristic curves, sensitivity, specificity,
predictive values, and likelihood ratios.
Results: The data were randomly split into a training set
(n=3017) and test set (n=1006) for analysis. The systems
performed equally well. The area under the receiver oper-
ating characteristic curve was 0.959 for the expert-built
Bayesian network, 0.962 for the automatically constructed
Bayesian network, 0.956 for the Gaussian Process, and
0.937 for the artificial neural network. 
Discussion: All four evaluated machine learning methods
achieved high accuracy. The automatically created
Bayesian network performed similarly to the expert-built
network. These methods could be applied to create a real-
time detection system for identifying asthma patients.
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Introduction  
Asthma is one of the most common pediatric illnesses. It
causes an estimated 14 million missed school days and
14.5 million missed workdays yearly in the United States
[1]. Asthma exacerbations account for more than 1.8 mil-
lion emergency department (ED) visits annually [1]. 

Adherence with guidelines has been shown to improve the
clinical care patients receive [2, 3]. A common barrier to
guideline initiation is determining eligible patients [4].
Nurses in addition to their normal workload are often
charged with identifying eligible patients, a task that is fre-

quently forgotten and leads to lower guideline adherence.
Automatically detecting patients could help improve
guideline adherence. Ideally, an electronic system that
requires no additional data entry would be used to detect
guideline eligible patients.

The goal of our study was to evaluate several machine
learning techniques using a verified asthma dataset and to
compare the techniques with an existing expert-built
Bayesian Network (BN) used to identify asthma patients
with asthma exacerbations in a pediatric ED [5]. We com-
pared the expert-built BN with a BN automatically learned
from data, a Support Vector Machine (SVM), an Artificial
Neural Network (ANN), and a Gaussian Process (GP).

Background and methods
Various computerized methods have been developed for
identifying asthma patients [6, 7]. These studies have
focused on clinical data - such as peak flow, clinic notes or
discharge summaries, and computer-based questionnaires
[6]. Although some of the studies used ED data, they were
not stand-alone systems or integrated into the clinical
workflow or with existing information technology infra-
structures. 

Setting
The study data were collected at Vanderbilt Children’s
Hospital ED, a 29-bed pediatric facility with more than
40,000 visits annually. The ED information system infra-
structure includes an electronic whiteboard, an electronic
triage system, an electronic medical record, and a comput-
erized provider order-entry system in the ED. The study
was approved by the institution’s IRB.

Population
All patients presenting to the pediatric ED during the 2-
month study period were screened for inclusion. Patients
were included if they were 2-18 years of age and seen in
the pediatric ED. Patients were excluded if they did not
have a coded chief-complaint, were not treated in the ED
(such as left without being examined) or had no final diag-
nosis for their visit in the paper or electronic patient
record.
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Design objectives
Our objective was to apply and compare machine learning
techniques to an expert-built Bayesian Network. The result
of each technique could be developed into a real-time sys-
tem for detecting asthma patients presenting to a pediatric
ED. We adapted the design objectives of a prior BN study
to fit our additional techniques [5].

Data sources
We used the database of the previous study [5] which
included 4,023 patient encounters. The randomized splits
for training and testing of the original BN were preserved.
The data included commonly available variables from the
electronic medical record, electronic triage, and electronic
whiteboard such as 141 ICD-9 coded chief complaints, a
past medical history of asthma, billing codes, and asthma
medications including beta-agonists, steroids and others.
Chief complaints and asthma medication were identified
using searches of free-text. Text matching has been shown
to be an accurate method to determine the past medical his-
tory of asthma [8]. The past medical history of asthma was
determined by searching the billing records for prior
asthma diagnosis codes (ICD-9 493.*). The patient’s chief
complaint, acuity level, age, respiratory rate, and oxygen
saturation came from the electronic triage. All of these
variables are regularly captured and stored in the hospital’s
information systems.  All data elements were available
through the computerized hospital information systems,
and no additional data collection was necessary.

Dataset
The dataset collected consisted of 11 variables: 3 variables
(age, oxygen saturation, and respiratory rate) have contin-
uous values, 5 variables are ordinal (acuity, billing codes,
and the 3 medication variables), 1 variable (chief com-
plaint) is categorical, and 2 variables (history of asthma
and prediction variable of asthma eligibility) are binary.
The dataset was discretized following the values given in
Table 1 for use in constructing the expert BN. 

BN learning algorithms, including the one used in this
study, generally require complete datasets, i.e., no missing
values. The frequency of missing data in several variables
(shown in table 1) limited the choice of methods to handle
the missing values (e.g., removal of cases, removal of vari-
ables, imputation). The “non-asthma” column includes all
patients who were not diagnosed with asthma (n=3,638)
and the “asthma” column includes patients diagnosed with
asthma (n=385). The missing elements were encoded as an
additional value a variable may take. The dataset was ran-
domly split into a training set (n=3017) and testing set
(n=1006) with equal proportions of asthma cases.

The ANN, SVM, and GP methods may take continuous
values, therefore an alternative dataset was constructed for
their use from the original data (i.e. prior to discretization).
For this dataset missing data for the continuous variables
were imputed using a k-nearest neighbors imputation
method. For the medication variables, a missing value was
treated as having no history of that medication found in the
medical record. Missing acuity values were treated as an
additional “0” value. All ordinal and categorical variables

were encoded using 1-of-m encoding. Finally, the dataset
was scaled to [-1,1] for the SVMs and [0,1] for the ANN
technique. The dataset was scaled using Gaussian normal-
ization for the GP.

Table  1 – Missing values

Reference standard
The reference standard for an asthma diagnosis was a free-
text diagnosis of “asthma exacerbation,” “status asthmati-
cus,” “wheezing,” or “reactive airway disease” [5]. A
board-certified internal medicine physician determined the
asthma diagnosis through manual chart review. Electronic
and paper charts were searched for a diagnosis for every
ED visit during the study period. Patients without a dis-
charge diagnosis were not included in the study. 

Bayesian network
A BN is formalism consisting of a directed acyclic graph
with nodes representing variables and a joint probability
distribution over the variables. BNs can be created by hand
using expert knowledge. The network parameters for the
BN are set by the training set and predictions are made on
the testing set. BNs are advantageous in that the prediction
inference algorithms handle missing data which is preva-
lent in clinical systems, and they allow an investigator to
choose an optimal detection threshold balancing sensitiv-
ity and specificity. BNs have been used for disease
detection and diagnosis [9].

Max-Min Hill-Climbing
As an alternative to creating the structure of a BN by hand
using expert knowledge, a BN was constructed automati-
cally from the data using machine learning techniques.
Many algorithms exist for learning BNs; the MMHC algo-
rithm has been shown to outperform on average a number
of other prototypical and state-of-the-art BN learning algo-
rithms in an extensive empirical evaluation and was
therefore chosen for use in the analysis [10].  MMHC
learns the structure of a BN given a dataset, after which the

Variable Values Non-
asthma

(%)

Asthma 
(%) 

History of 
Asthma

Present, Absent 0.0 0.0

Billing 
Codes

Number: 0, 1, >1 0.0 0.0

Meds: -
agonists

Number: 0, 1, >1 51.3 45.2

Meds: 
Steroids

Number: 0, 1, >1 51.3 45.2

Meds: Other Number: 0, 1, >1 51.3 45.2
Chief
Complaint

141 unique 0.0 0.0

Acuity Level ESI level: 1-5 1.21 0.26
Age
Category

2-3, 4-6, 7-11, 12-
18

0.0 0.0

Respiratory 
Rate

<20, 20-24, 25-29, 
30-34, 35-39, >40

4.15 3.38

Oxygen
Saturation

<91, 91-92, 93-94, 
95-96, 97-98, >98

3.13 0.26
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network parameters are then estimated directly from the
data.  The MMHC algorithm is available in the Causal
Explorer library1 [11].  The training dataset was used to
learn the network structure and estimate the parameters.
The Norsys Netica™ API probabilistic inference algo-
rithm was used to predict asthma in the test dataset; the
same that was used in the expert BN.  This test dataset was
used to calculate an AUC for the method.    

Support Vector Machine
SVM’s, when used in a binary classification problem such
as in this study, construct a maximal margin separating
hyperplane to discriminate between the two classes of data
[12].  SVMs make use of a kernel function to map the
input data to a new space typically of much higher dimen-
sions, where an optimization procedure is run to find the
linear separating hyperplane.  Several different kernel
functions are often considered for classification tasks; the
full polynomial and radial-basis kernel functions (RBF)
were both used in this task. The full polynomial kernel
takes two parameters: the degree d of the function, and C,
a cost parameter.  The RBF kernel also takes two parame-
ters: the cost parameter C, and  which determines the width
of the function. SVMs have been used to classify clinical
data and in clinical data analysis [13, 14].

The SVM classifiers were implemented using LibSVM
[15]. The choice of parameters for the classifiers was opti-
mized with stratified 10-fold nested cross validation over
the training dataset using empirical area under the receiver
operating characteristic curve as a performance measure.
The values for each parameter was selected from the fol-
lowing ranges: C – {10-6, 10-4, 10-2, 1, 102, 104}, d – {1, 2,
3, 4, 6, 8}, and   – {10-6, 10-5, 10-4, 10-3, 10-2, 10-1, 1}.  The
best classifier was selected and trained using the entire
training dataset, and evaluated on the test data set.

Artificial Neural Network
ANNs are modeled after the brain’s interconnecting neu-
rons [16]. They use a non-linear approach to create
statistical models. ANNs can be used to discover patterns
in a dataset, and have been applied to identify asthma
patients using responses to a questionnaire [6]. “Learning”
occurs through adjusting the connection weights between
nodes, finding a result, and then re-adjusting the connec-
tion weights.

Our network was developed using the Netlab [16]. A
nested 10-fold cross-validation was employed to select the
network architecture. The networks were trained and
tested using gradient descent with adaptive learning back-
propagation with mean squared error as the fitness mea-
sure. The best network was selected and trained on the
entire training set. An independent test set was then used to
calculate a receiver operating characteristic curve (ROC)
and asthma probabilities.

Gaussian Process
A GP applies Bayesian techniques to an ANN to create a
probabilistic structure that can be used to calculate proba-
bilities. Bayesian methods have been applied to ANNs by
placing prior probabilities on the weights of the network.
Using Bayesian methods with ANNs elevates the need for
a monitoring data set and allows parameters to be deter-
mined on the network being trained [17]. GPs are an
extension to BNs, but they place prior probabilities on the
function. 

We used the Gaussian Processes for Machine Learning
(GPML) toolbox in Matlab [17, 18] to develop a GP for
asthma prediction. The hyperparameters were optimized
using the supplied function in the GPML toolbox. We
applied a Laplace's Approximation for a binary Gaussian
process and selected the commonly used squared exponen-
tial covariance function. The hyperparameters are related
to the squared exponential covariance function to deter-
mine the amplitude and shift of the function in space. The
hyperparameter lengths are associated with each variable
and determine how much the variable is can vary in its
dimension. 

Analysis
Performance was evaluated using ROC curves [19]. The
ROC curve measures overall test performance and is
obtained by plotting sensitivity versus 1-specificity. The
area under the ROC curve (AUC) was the primary out-
come measure [20] for all techniques with the exception of
the SVM. We determined standard operational characteris-
tics for each method including sensitivity, specificity,
predictive value, and likelihood. For probabilistic systems,
sensitivity was varied from 80%, 85%, 90%, and 95% to
determine standard operational characteristics. To com-
pare the methods with the expert-built BN, sensitivity was
fixed at 90% as in the previous paper [5].

Results
There were 4,115 patient visits during the study period. Of
these, 92 visits were excluded, and 385 (9.6%) had a final
diagnosis of asthma. The patient demographics were
reported in the previous study. The Bayesian network
structure  displayed in the left hand side of figure 1 was
constructed manually using expert knowledge. The right
hand side of figure 1 displays the network structure
learned from the data using MMHC.

1  Causal Explorer containing MMHC can be downloaded at 
http://www.dsl-lab.org.
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The AUC for the expert BN was 0.959 (95% CI: 0.933 –
0.977). The MMHC created network AUC was 0.962
(95% CI: 0.935 – 0.980). The ANN AUC with 160 hidden
nodes and 160 hidden layers was 0.936 (95% CI: 0.902 –
0.961), and the AUC for the GP was 0.956 (95% CI: 0.923
– 0.976). The ROC curves for the original BN, the BN
learned with MMHC, the ANN, and the GP are shown in
figure 2. The SVM produces binary predictions with the
threshold implicit in the SVM formalism therefore, an
SVM ROC curve is not included in this portion of the
analysis.

Table 2 shows operational characteristics of the methods
with the fixed 90% sensitivity (for methods where the
threshold can be varied). The results are reported directly
on the predictions made by the SVM since sensitivity can-
not be varied. The final parameters selected and used by
the SVM was the full polynomial kernel function with a
degree of 1 and cost parameter of 1. Operational character-
istics for multiple sensitivities were calculated, as in the
previous study, for the MMHC network are shown in
table 3 for comparison. 

Table  2 - Operational characteristics

The test set had 96 asthma cases and 910 non-asthma
cases. At 90% sensitivity, the expert-built BN had 86 true
positive predictions and 105 false positive predictions, 805
true negative predictions and 10 false negative predictions.
The MMHC network also had 87 true positive predictions
and 90 false negative predictions, 820 true negative predic-
tions and 9 false negative predictions. The ANN had 87
true positive predictions and 142 false positive predictions,
768 true negative predictions and 9 false negative predic-
tions. The GP had 87 true positive predictions and 88 false
positive predictions, 822 true negative predictions and 9
false negative predictions. At the resulting 72% sensitivity,
the SVM had 69 true positive predictions and 12 false pos-
itive predictions, 898 true negative predictions and 27 false
negative predictions.

Figure 1 - Expert-built Bayesian Network                               MMHC Bayesian Network (structure learned form data)

SEN
(%)

SPEC
(%)

PPV
(%)

NPV
(%)

PLR NLR

BN 90.0 88.3 44.7 98.9 7.69 0.11
MMHC 90.0 90.1 49.2 98.9 9.16 0.10
ANN 90.0 84.4 38.0 98.8 5.81 0.11
GP 90.0 90.3 49.7 98.9 9.37 0.10
SVM 71.9  98.7 85.2 97.1 54.5 0.29

Figure 2 – ROC Curves
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Table  3 - MMHC operational characteristics with 
fixed sensitivity values

SEN: Sensitivity, SPEC: Specificity, PPV: Positive 
Predictive Value, NPV: Negative Predictive Value, PLR: 

Positive Likelihood Ratio, NLR: Negative Likelihood Ratio

Discussion
The accuracy of the MMHC discovered BN, the SVM, and
the GP were comparable to the expert-built BN, however,
the ANN did not perform as well as the expert-built BN. 

Sparse data may have caused problems in some of the
techniques. In our dataset, asthma prevalence was 9.6% of
the cases. With this few cases, the SVM and ANN, without
adjustment, may not have been able to properly detect the
asthma exacerbations. We did not perform any procedures
for handling imbalanced data in this study (e.g., over-sam-
pling, under-sampling, one class SVMs, etc). However,
such adjustment may lead to better performance of the
SVM and ANN.

The MMHC algorithm depends on tests of conditional
independence.  Accurate estimates for those tests depend
on the number of samples and the domain of the variables
involved in the testing.   For this dataset the Chief Com-
plaint variable can take one of 141 possible values. With
the amount of sample provided to the learning algorithm
caution must be taken when considering the network
produced.   

In summary, we believe these methods could be applied to
create a real-time detection system for identifying asthma
patients using commonly available clinical data.
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SEN
(%)

SPEC
(%)

PPV
(%)

NPV
(%)

PLR NLR

80 97.1 74.8 97.9 28.1 0.20
85 93.8 59.1 98.3 13.7 0.17
90 90.1 49.2 98.9 9.16 0.10
95 86.3 42.1 99.4 6.90 0.06
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