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Abstract

The goal of this thesis is to identify the risk factors for caesarean delivery, neonatal mortality
and low Apgar score using Artificial Neural Networks (ANNs). The medical domain of
interest used is the perinatal database provided by the Perinatal Partnership Program of
Eastern and Southeastern Ontario (PPPESO). The ability of the ANNs to generate strong
predictive model with the most influential variables was tested. Different ANN techniques for
weight extraction and determining the importance of each input variables were applied. The
thesis used feedforward ANNs trained by the backpropagation algorithm, as this is a widely
used ANN in medical applications. Finally, minimal sets of variables (risk factors) that are
important in predicting each outcome without degrading the ANN performance were

identified.
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Nomenclature

ANN Artificial neural network

Apgarl Apgar score at 1 minute of birth
Apgarb Apgar score at 5 minutes of birth
ASE Average Squared Error

CCR Correct Classification Rate

CP Constant Predictor

C/S Caesarean section

err _ratio Error ratio

lambda (A)  Weight climination constant
lambda_inc Weight elimination constant increment

lambda_dec Weight elimination constant decrement

Ir Learn rate

Ir_inc TLearn rate increment

Ir_dec Learn rate decrement

m Momentum constant

MIRG Medical Information-technology Research Group, University of Ottawa and

Catleton University.

MLP Multilayer perceptron



Niday-2001  Perinatal 2001 database provided by PPPESO

PPPESO Perinatal Partnership Program of Eastern and Southeastern Ontatio
ROC Receiver Operating Characteristic curve

SSE Sum of Squared Errors

W, Weight scale factor
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1 Introduction

In the current ‘information age’ there is a belief that analysis of stored information in any field
can help decision making and prediction of new facts. Analysing collected data is like using
past experiences to learn how to deal with current problems and avoid making the same

mistakes.

In many fields, the amount of information being collected and stored increases at an alarming
rate. Although there is an increase in the information retrieval and analysis techniques, there is
a lot of information being lost in storage. In order to decrease the amount of information lost,
the right techniques must be used to search for important information and patterns in the
databases. Also, there is a growing demand for studies and researchers with the skills to analyse
and extract information from databases. One of the fields that could benefit the most from

information analysis is the medical field.

After considering the importance of information extraction and use, the Perinatal Partnership
Program of Eastern and Southeastern Ontario (PPPESO) began collecting perinatal data 25
years ago. The perinatal period is traditionally defined as the period of time during pregnancy,
birth, and the first month after birth, but has grown to include the preconception petiod, with
the recognition that health status prior to pregnancy also influences maternal and newborn

outcomes [PPPESO]



The PPPESO works with hospitals, health departments, community agencies, academic
institutions, private practitioners, and consumers to effectively link perinatal care, education,
and research. The PPPESO works with its partners to identify issues, develop and implement
solutions and produce results that will improve evidence-based regionalised perinatal cate for
childbearing families in Eastern and Southeastern Ontario. PPPESO’s role is to provide
supportt for this process among the partners by collecting and analysing data, dissemination of

information, communication, advice, facilitation and education (Figure 1.1).

Figure 1.1: Partners and service providers of the PPPESO [PPPESO 2005].



In June of 1999, agencies involved in perinatal care in the region signed a formal partnership
agreement to work together in an interdisciplinary approach and to shate resources and data.
In 2001, 17,406 women gave birth in hospitals in the Eastern and Southeastern Region with an
increase of 2.65% compared to the year 2000. The information on these women and babies

born was collected in the 2001 Niday Enhanced Perinatal database (Perinatal Niday-2001).

In this thesis, three clinical outcomes for newborns are predicted using the Perinatal Niday-
2001 database: a) delivery type (vaginal or caesarean); b) neonatal mortality (probability of the
newborn dying within 28 days after birth); ¢) Apgar5 (Apgar score at 5 minutes after birth).
Finally, data sets from the 1999 Niday Inhanced Perinatal database (Perinatal Nidav-1999) arc

used for testing the prediction models built using the Perinatal Niday-2001 databasc.

Successfully predicting the delivery type can help to improve the medical service that is offered
to around 17,000 mothers during delivery. It is important to study the delivery type as the
caesarean birth rate continued to increase in 2001 to 22.8% from 20.9% in 2000 and 19.9% in
1999. This increase was apparent in both the teaching and large community hospitals (see
Figure 1.2). Debate continues on whether the present caesarean birth rate is too high. Six years

ago the caesarean birth rate in Ottawa-Carleton hospitals was 16% [PPPESO 2002].
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Figure 2.1: Proportion of babies who had a caesarean birth by hospital type, Eastern
and Southeastern Ontario, 1998-2001 [PPPESO 2002].

Reduction in infant and child mortality is a major goal of the WHO (Wotld Health
Organization). During the last quarter of the century emphasis has been placed on reducing
child mortality largely through immunization, oral rehydration and control of acute respiratory
infections. Consequently, deaths among children over one month of age have sharply declined
in the last three decades. These changes, however, did not have a marked impact among
neonates (deaths within 28 days of birth), leading to the shifting of infant mortality at eatly
days [James et al. 2000]. Babies who are born early and of low birth weight (less than 2500
grams) or who have congenital anomalies are more likely to die in the first month of life. In
Eastern and Southeastern Ontario the death rate has been steady over the last four years.
According to the PPPESO annual report 6 out of 1000 newborns died in the region [PPPESO
2002]. Predicting the risk factors of neonatal mortality using the Perinatal Niday-2001 will be a

first step in reducing mortality in the region.



The third outcome studied is the Apgar score. It is measured at one minute and five minutes
after delivery. The Apgar test is considered to be the first test for the newborn and it is used to
quickly evaluate the newborn’s condition after delivery. It tests five qualities: Appearance
(color); Pulse (heartbeat); Grimace (reflex); Activity (muscle tone); and Respiration (breathing).
A score is determined by awarding zero, one or two points in each category. Generally, the
higher the score the better the baby's condition. Scores of seven and over indicate the baby is
in good condition. This valuable tool was developed in 1952 by the late pediatrician, Dr.

Virginia Apgar [Apgar 1952, Apgar 1953, Apgar et al. 1958].

Since the publication of the Rumelhart et al.’s paper in 1986, neural network techniques have
been used in different applications. Researchers in many fields, including medicine, have
investigated whether ANNSs might be able to assist them in analysing large and complex sets of
medical data. Because of their nonlinear modeling capabilities, ANNs are widely used for
nonlinear modeling. When applied to the problem of medical outcome estmation, ANNs are
most often used to identify patterns in large medical databases. The MIRG (Medical
Information-technology Research Group), led by Dr. Monique Frize and Dr. Robin Walker
has demonstrated in several articles that artificial neural networks (ANNSs) are a useful tool to
estimate outcomes with large medical databases [Ennett et al. 2001, Frize et al. 2001b, Walker
et al. 2003]. This study’s approach uses feedforward ANNs trained with backpropagation
learning algorithm to estimate the three outcomes selected. Ultimately, the goal of this work 1s

to identify the most influential variables for each of the three outcomes.

Many studies use ANNs to predict medical outcomes for adult patients, but there are only a
few studies using ANNs for perinatal and newborns outcomes [McDowell et al. 2001]. The

small number of available studies deals mainly with predicting mortality and Length of Stay



LOS) in pre-term infants [Sargent 2001, Ambalavanan & Carlo 2001, Zernikow et al. 1998,
Frize et al. 2004]. This thesis involves ANNs in the estimation of an addidonal number of the

petinatal outcomes. Some of these outcomes such as Apgar score have never been analysed by

ANNs.

1.1 Problem Statement

The main problem of this thesis is to find the risk factors for three perinatal outcomes:
delivery type, neonatal mortality, and Apgar5. These risk factors can be used by researchers
and PPPESO program to improve the perinatal heath care offered to patient (mother and
newborn) in Eastern and Southeastern Ontario. Predicting delivery type can help in deciding
whether to perform or not petform caeserean sections (C/S). Finding neonatal mortality
(mortality) risk factors can help in the diagnosis of critical cases and sick newborns and
potentially reduce the number of deaths. Predicting Apgar score can help in assessing the
health status of a newborn baby and the health care this baby needs. Our neural networks were
designed to achieve these goals. Neural networks are sophisticated techniques capable of
modeling complex nonlinear functions with a large number of variables. Because the Perinatal
Niday-2001 database, is a huge database with a large number of variables, neural networks
wete a good choice for analysing this data. The Perinatal Niday-1999 datasets which not

presented in the training sets are used as test sets for the ANN models.



1.2  Thesis Objectives and Motivations

The main objective of this thesis is to explore the use of ANN techniques in developing
prediction models that identify the most influential input variables for three perinatal

outcomes: delivery type, mortality and Apgar5.

Other objectives of this work can be broken down into the following points:

1. Helping the medical professional in the diagnosis of new patient cases (mother or
newborn) and in a selection of treatment based on information from previous similar

cases.
2. Hoping to increase the survival of newborns and improve the care of the mother.

3. Improving the use of information and the availability of permanent, understandable
and reliable perinatal information, especially in the region of eastern and southeastern
Ontario.

4. Supporting decision making in perinatal care.

5. Continuing the development of Clinical Decision Support Systems implemented by

the MIRG group.

1.3 Thesis Outline

This thesis is organized in five chapters. In chapter two: the Literature Review describes the
background of concepts used.in this thesis. There is a detailed description of the medical
environmental and the database (Perinatal Niday-2001) being investigated, followed by a
description of the ANN techniques used for estimating the medical outcomes being studied. It

focuses on the measure of performance, generalisation methods, weight-elimination and



weight extraction concepts used in this thesis. Lastly, a review of the earlier work by the MIRG
research group is illustrated. There is a brief description of the different ANN techniques that
other researchers have applied to estimate different medical outcomes. This discussion

explains the choice of ANN techniques for the research carried out in the thesis.

Chapter three: Methodology: It discuses the problem statement of the thesis. The first part
begins by an overview of the Perinatal Niday-2001 and Perinatal Niday-1999 databases,
including their stadstical description, and the preprocessing and preparation techniques applied
to them. It also describes the choice of the training, validation and test sets. In the second part
of this chapter, there is a detailed description of the ANN method applied to this work. It
describes  different ANN  architectures and the ANN techniques used to improve the
prediction models. Furthermore, it describes the weight extraction techniques that were

employed for identifying the most important predicting variables.

Chapter four: Simulations and Results: First, the MIRG ANN system is evaluated by
comparing its results with the Fuzzy logic system of the Coventry Group. Second, the results
of each of the three outcomes under study are summarized and an analysis and discussion of
the findings of the thesis is presented. The results of the experiments are presented in several
steps to show important information found in each step. Finally, this chapter concludes with a

discussion of the results and findings.

Chapter five: Conclusions derived from this work and suggestions for future work are

presented.



2 Literature Review

2.1 The PPPESO Database

2141 History
Under the direction of the Perinatal Partnership Program of Eastern and Southeastern Ontatio
(PPPESO), a regional database was created in 1997 to provide perinatal data to PPPESO
partners. The database has evolved significantly since its inception, and has become a unique
co-operative venture with the 37 partners of PPPESO, consisting of: hospitals, health units,
Health Information Partnership — Eastern Ontario (HIP), community health centres, and
Ottawa and Queen’s Universities, the Ministry of Health and Longterm Care (MoHLTC), and
CritiCall (CC). The database was modeled after the existing Ottawa-Catleton database. The
Niday Perinatal Database (formerly known as the Eastern and Southeastern Ontario Perinatal
Database) has been developed in collaboration with Healthy Babies Healthy Children to

ensure that the systems are complementary and to minimize duplication of effort [PPPESO].

The HIP provided funding for the initial development of the database. In 2000, HIP became a
partner organization and has provided additional support for the analysis and preparation of

tepotts from the database.



Beginning in January 1%, 2001, the database was enhanced from a stand-alone computer
program installed in each hospital, to the web-based “CritiCall Ontario” system. Hospitals now
enter data directly into the database and can generate reports independently. The Ministry of
Health and Long-term Care, along with the database’s hospital and health unit partners,
provided funds for the project. These changes have greatly enhanced its usefulness by

improving the reporting of data and the retrieval of information [PPPESO].

2.1.2 Description of the Perinatal Databases

Each hospital in the partnership program PPPESO used a computerized data entry program
to record information about each baby born in their hospital. Two hospital sites with their
own petinatal database contributed a data file with the required variables. At the end of each
quattet, the data was forwarded to the PPPESO data analyst. It was checked for consistency

and cotrections were made with the assistance of the hospital statf [PPPESO 2002].

The Perinatal databases contained the following main variables:

o Birth Date: indicates the baby’s date of birth

o Pustal Code: the mother’s complete postal code

o Mother’s Age. the mother’s age in years (the Range is 12-55 years)

o Inter-Hospital Transfer: indicates where the woman was transferred from
o Previous Term Babies: number of previous term babies for the mother

Previous Preterm Babies: number of previous preterm babies for the mother

Number of Babies: indicates the number of babies (1, 2, 3, 4, 5, 6, > 6) in this pregnancy.
Weeks: indicates the number of completed weeks (gestational age)

Labour Type: indicates the type of labour (Spontaneous, Induced, No Labour)
Presentation: indicates the type of presentation (Vertex, Breech, Other, Not Available)

e Monitoring. indicates which monitoring methods were used (Unknown, No Monitoring,
Auscultation only, Electronic only, Auscultation and Electronic)

10



®  Delivery: indicates the type of delivery (Vaginal, VBAC, Primary C/S, Repeat with Trial
of Labout, Repeat No Trial Labour)

o Assisted with: indicates whether the following were utilized to assist either a vaginal or
cesarean birth: None, Forceps, Vacuum, Forceps and Vacuum.

®  Maternal Pain Relief: indicates all methods of anesthesia and/or pain relief utilized for
this birth (General, Epidural, Spinal, Narcotics, Nitrous Oxide, Pudendal (for 2001
database))

o Auntenatal Sterouds: indicates whether antenatal steroids were administered

e Delivered By (for 2001 database): indicates who delivered the infant (Unknown, Physician,
Midwife)

®  Baby’s Sex: indicates whether the baby is male or female

e  Weght indicates the weight of the baby in grams

o Apgar 1, Apgar 5: indicates the Apgar scores at 1 and 5 minutes (the range is O to 10)

e Scalp Blood Gases: indicates whether scalp blood gases were done

e Cord Blood Gases: indicates whether umbilical cord blood gases were done

o Newborn Resuscitation: indicates all interventions that were utilized, regardless of duration
such as FF02, PPV, Intubation, Chest Compression, Drugs

®  Breastfeeding: indicates whether the woman intends to breastfeed

o Swmoking: indicates whether any maternal smoking has occurred at any time after 20
weeks gestation

o Stllbirth/ Neonatal Death: indicates when and where the death occurred
o Neonatal Transfer: includes infants transferred during the first 7 days of life only

Refer to Appendix A for the complete list of variables of the enhanced database computer
entry program [PPPESO 2001].
The PPPESO data entry form (shown in Figure 2.1) which had been used to enter the data

into the Perinatal databases.

11
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Figure 2.1: PPPESO database entry screen [PPPESO 2001]
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2.1.3 Data Quality

A user guide is available to ensure consistency of definitions for each variable for all the
hospitals. In addition, each hospital has received training to manage the system data entry and
reporting capabilities. The 2001 data was audited to assess concordance between the perinatal
database and the case room logbook. In addition, the charts of one hundred women from each
hospital were reviewed to assess concordance between the case room logbook and the chart.
Results have found high concordance (less than 5% error) between the database and the
logbook for all but four variables: electronic monitoring (6.6%), induction (7.0%), postal code

(8.5%), and antenatal steroid use (>10%) [PPPESO 2001].

2.2 Perinatal Models in the Literature

To better understand the perinatal medical environment, a brief description of the medical
environment and several models are discussed. Perinatal, obstetric and neonatal environments
are connected to each other. Obstetric variables allow assessing the mothers’ condition while
neonatal variables collected asses babies” condition. The perinatal environment is situated

between theses two environments.

The main question in the search is to identify the factors that most influence the outcomes.
For delivery type, after reviewing existing models, using different databases, one discovers that
no two models find the same dataset for statistically significant factors or ANN main factors.
Several risk factors are either statistically found or clinically selected as important. Such

clinically important factors are: cephalopelvic disproportion, maternal medical condition

13



necessitating a cesarean section, arrest of labour, malpresentation of the baby, fetal distress,
and failed induction. In other studies some more non clinical factors such as the mothers’
views on birthing mode were also found to be important in determining the deliver type
[McDowell et al. 2001, Burns 1995]. In 1990, another obstetric study found that risk factors
influencing the decision to perform primary C/S delivery after vaginal delivery trial were
abnormal labor progression, above 28 years of age, cervical dilatation less than 3 cm on
admission, evening shift and birth weight more than 3,100 gm [Yosef 1990]. The challenge
faced in this study was to determine which factors most influence the delivery type decision
and whether there is a great difference using the Perinatal Niday-2001 database to detect these

factors. Or in other words what are the C/S delivery risk factors?

The effective predictors in estimating neonatal mortality risk are birth weight, gestational age,
gender, race, Apgar score and mode of delivery [Gray et al. 1992]. Apgar scores are used to
quickly assess the risk of complication after delivery [Apgar 1953, Apgar et al. 1958]. In 1994,
Stevens et al. reported that clinicians in the NICU tended to overestimate mortality risk for
their patients, which impacts patient triage, transfer, initiation and termination of life support
and allocation of medical resources. In their study, the physicians predicted mortality with a
90% sensitivity and a 68% specificity [Stevens et al. 1994]. In other words, the physicians
accurately predicted death 9 out of 10 times, but over-predicted death in patients who survived
about one-third of the time. This study demonstrates the clinicians’ tendency to overestimate
mortality (i.e. they predict death with a high sensitivity). A model that correctly classifies more
patients who will survive (i.e. predicts survival with a high specificity) would be beneficial and
complementary to the way that these experts think. Ideally, to ensure confidence in the model,

a specificity of close to 100% and a sensitivity of at least 50% would be preferred. These

14



overestimates of risk lead to more aggressive management and increase admission to NICU

[Ennett 2003]

Several models are available for predicting mortality. CRIB (Clinical Risk Index for Babies) , a
simple scoting system that uses six input variables including birth weight and gestational age to
adjust the mortality risk score for the severity of illness (51% sensitivity, 95% specificity) [INN
1993]. Appendix B has details about the variables used and points scored for the Apgar, CRIB
and NTISS scores. SNAP (Score for Neonatal Acute Physiology) was developed as a mortality
risk model for the NICU using the same modelling technique [Richardson et al. 1993]. SNAP
used 37 input variables to assess mortality tisk with the points scored for each deviation. The
more severe the condition, the higher the points scored. SNAP was also shown to be highly
correlated with nursing workload, length of hospital stay and therapeutic intensity [Richardson
et al. 1993, Ennett 2003]. This new score called SNAP-1I is a modified SNAP, selected 6 of the
original 37 variables from SNAP using logistic regression to predict in-hospital mortality, as
listed in Table 2.1 (the first 6 variables). Birth weight, small for gestatonal age and Apgar score
at 5 minutes were also included to take these important factors into consideration. This was
called SNAPPE-II-SNAP-II with the Perinatal Extension. Excluded patients were motibund
babies, those transferred within 24 hours to the regular nursery, those admitted after having
been discharged or after more than 48 hours since birth. The time frame for data collection

was reduced to the first 12 hours after admission to the NICU. The area under the receiver
operating characteristic curves (ROC curves) for the SNAP-II score was 0.91£0.01 with the

best classification performance for the group of infants of all birth weights and the worst

petformance for infants of birth weight less than 1500g [Ennett 2003]
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Variable Range Points

Lowest blood pressure MBP* 20-29 mmHg 9
MBP* <20 mmHg 19
Lowest temperature 95-96 °F 8
<95 °F 15
Lowest PO,/FiO, ratio 1.0-2.49 5
0.3-0.99 16
<0.3 28
Lowest serum pH 7.10-7.19 7
<7.10 16
Multiple seizures >1 19
Lowest utine output 0.1-0.9 mL/kg/h 5
<0.1 mL/kg/h 18
Birth weight 750-999 g 10
<750 ¢ 17
Small for gestational age < 3¢ percentile 12
Apgar score at 5 minutes <7 18

* MBP= mean arterial blood pressure

Table 2.1: SNAPP-II-SNAP-II variable list and scoring system [Richardson et al. 2001]

In the case of Apger score, there is no predicting models or research for it in the medical
environment. Apgar scores used to quickly assess the risk of complication after delivery [Apgar
1953, Apgar et al. 1958]. This score was always found to be one of the most important factors
in predating mortality. It is interesting to predict this outcome, for the first time, which

indirectly predicts mortality.
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2.3  Basic Concepts of Artificial Neural
Networks

The artificial neural network is an array of logic components that map an input to an output.
These logical units work by combining independent variables (inputs) to a threshold and then
producing a dependant variable (output). The functionality of the neural network resembles
the operation of neural processes in the human brain. An ANN is like the human brain in that
it is composed of a large number of highly interconnected simple processing elements, called

nodes or neurons that operate in parallel [Rumelhart et al. 1986].

A multilayer feedforward network, otherwise known as a multilayer perceptron (MLP) consists
of a set of neurons that are logically arranged into two or more layers. There is an input layer
and an output layer, each containing at least one neuron. Neurons in the input layer are
hypothetical in that they do not themselves have inputs, and do not do any processing. Their
activation (output) is defined by the network input. The term feedforward means that
information flows in one direction only. The input to neurons in each layer come exclusively
from the outputs of neurons in the previous layers, and the outputs from theses neurons pass

exclusively to neurons in following layers [Masters 1993].

Hidden layers are located between the input and output layers. One or more hidden layers may
be used. An ANN with no hidden layers is a two-layer ANN. A network with one hidden
layer, a three-layer ANN (Figure 2.2), can describe almost any function to any desired degree
of accuracy, given that the function and its derivative are continuous, and the ANN uses
sufficient hidden units [Fausett 1994, Penny & Frost 1996]. In general, the more neurons there
are in hidden layers, the better the network can fit the data; however, when too many neurons

are used, overfitting can occur. On the other hand, if training a network for a long time still
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results in large errors, the problem is most likely a lack of hidden layer neurons [Demuth &
Beale 2001]. It has been observed that for the vast majority of practical problems, thete is no
teason to use more than one hidden layer. Problems that require two hidden layers are rarely

encountered in real-life situations [Masters 1993}

Figure 2.2: A three-layer ANN as an example of a multilayer feedforward network

The output of each neuron in the network is a function of that neuron’s inputs. Given an
input to such a network, the activation of all output-layer neurons can be computed in one
deterministic pass; iterations are not required, and randomness does not play a role. [Masters

1993]

The code for the ANN used in this thesis was implemented in MATLAB (version 6.5). The
McCulloch-Pitts model of an artificial neuron (Figure 2.3) and equation 2.1 show how an
artificial neuron works. The weights »; for the inputs p;and the bias b, are randomly initialized.
W, is the vector that represents the weights of the inputs to any layer. If n=2, then W, is the

vector that represents the weights of the inputs to the second layer. While, IV, represents the
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weights of the inputs of the third layer (if one hidden layer is used). W, was randomly

initialized in the range of -1 and +1, while W, was randomly initialized between -0.1 and 0.1.

The initial weights for the bias terms were assigned using the same approach such that vector
b, had random values ranging from -1 to 1 (output layer for two-layer network, hidden layer
for three-layer network) and vector 4, ranged between —0.1 and 0.1 (output layer of three-layer
network). The bias vectors are in fact unit vectors. The transfer function of each node was the
hyperbolic tangent. The output was calculated according to Equation 2.1 [Demuth & Beale

2001, Ennett 2003].

P1 ——pi W1

Pi > > f—V

Figure 2.3: McCulloch-Pitts model of an artificial neuron (two-layer ANN)

y
A = tanh(ZWﬂ[i]An_l [i]+ b, [z']) 21 @.1)

i=1
where # cortesponds to the #-#h layer, A, corresponds to the output of the node of the #-#

layer and p is the number of inputs to the current node.

The input matrix .4, to the system represents the input variables of the dataset. .4, is a2 matrix

whose rows consist of database cases and whose columns contain variables regarding the
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patient’s medical information and the outcomes under investigation. The system output vector
A, represents the network’s prediction of a certain outcome. The output is compared with the
true output and the error E, is the difference between these two values. The cut-off value for
the network was typically 0, such that a value in the output vector that was greater than 0
classified the output as +1 type output and an output with a value less than 0 was classified as

a—1 type output [Demuth & Beale 2001, Scales 2001, Ennett 2003).

Transfer Function

The sigmoid transfer function is commonly used in backpropagation networks. An example is
the log-sigmoid (logistic) transfer function (Equation 2.2). It takes the input, which may have

any value between plus and minus infinity, and compresses the outputs into the range 0 to 1.

[Demuth & Beale 2001]

f(x)=

1+e™”
2.2)

Alternatively, the multilayer networks may use the tan-sigmoid (hyperbolic tangent) transter
function which has a similar curve to the log-sigmoid transfer function but with an output

range from -1 to +1 (Equation 2.3).

f(x) = tanh(x)
2.3)
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The most important characteristic of a sigmoid activation function is its nonlinearity. In a
multilayer network, the activation function must be nonlinear, or the computational power will
be equivalent to a two-layer network (no hidden layer) and it will not be able to learn nonlinear
mapping [Blum 1992]. In this thesis, the hyperbolic tangent transfer function was chosen
because of its nonlinearity and its sharp sigmoidal transition between its output values. Like the
log-sigmoid transfer function, the hyperbolic tangent and its derivative is continuous,
differentiable and monotonically non-decreasing, which simplifies the training algorithm. The
hyperbolic tangent (ranging from —1 to 1) offers a sharp sigmoidal transition at zero which

results in very few output values near zero, so a nonzero output is more likely [Fausett 1994].

2.3.1 Backpropagation Algorithm

The main procedure in the learning process is to adjust the weight of each unit in the ANN in
such a way that the error between the desired output and the actual output is reduced. The
error derivative of the weight must be calculated to know how the error changes as each
weight is slightly increased or decreased. These error derivatives are computed for all the units
in one network layer, and then moves from layer to layer in a direction opposite to the way
activities propagate through the network [Anderson 1995]. The backpropagation algorithm,
also, known as the generalised delta rule, is based on the minimisation of the average error
between the actual output signal and the corresponding desited output signal. This
minimisation can be approximately expressed by the average squared error ASE in the training
set. The re-development and popularisation of the backpropagation algorithm was done in

1986 by Rumelhart [Rumelhart et al. 1986].
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D, is defined as proportional to the rate of change of the network output .4, with respect to
the error E and D, as is proportional to the rate of change of the output of the first layer A4,

with respect to D,

b dA, . dtanh(E)} e 24
= — 29 =10 R

> JE dE @4
D 4, W, e D 4 tanh(D,) W, e D 2.5
= ] ® =|—10® [ ] .

1 (lDz 2 2 dDz 2 2 ( )

The change in weights can be calculated as follows:

W=W+d¥V (2.6)

where dW can be found from:

[

: wol
w W, L1 = W)

i
w, ’

AW, = mxdW, + (1= myclrsD s A =24 2.7)

Equation (2.7) represents the rate of change of the weights with respect to time. The first term
in the equation includes the momentum term # that helps prevent the network from getting
caught in local minima. The second term is proportional to the rate of change of the error with

respect to the output D, and includes the learning rate term /r

Similarly, the bias vectors can be updated by:

B= B+dB 2.8)
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where 4B can be found from:

] - ]
wani(H —ZJ - B

i
w 0

; 2.9)

B, = m* dB, +1- 2

After each training epoch, Equations (2.7) and (2.9) update the weights and bias vectors. To
monitor the classification performance of the test set, the measures of performance are

calculated for the test set after each training epoch as well [Ennett 2003].

The main drawback of the backpropagation algorithm is the possibility of finding a local
minimum rather than the global minimum [Rumelhart et al. 1986b]. Training the network

several times with different initial weight settings may be done to overcome this problem

[Penny & Frost 1996].

2.3.2 Adaptive Networks
The adaptive networks are the networks which ate able to change their weights, i.e. AW/ dt not

equal 0. This thesis uses adaptive networks and discusses the methods used for their learning.

In otder to develop the best ANN model, nine adjustable patameters have to be accurately

tuned. These nine parameters are: error ratio err_ratio, learning rate /r, learning rate increment
Ir_inc, learning rate decrement /r_der, momentum constant 7, the weight decay constant A4 (or

lambda), the weight-decay constant increment A _inc, the weight-decay constant decrement
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A_dec and weight scale »,. The user defined err_ratio determines how /;, m and A are updated.
These parameters may be incremented or decremented depending on the most recent change
in error. The change in the / is controlled by /r_inc and /r_dec. Similatly, A_snc and A_dec are

responsible for the appropriate changes in A. The network petformance is very sensitive to

these parameter settings.

The following algorithm from the MIRG ANN software shows the adaptive behavior:

if TSSE>SSE*err_ratio
Ie=1r*lr dec;
A=AFA_dec;
m=0;

else if TSSE<SSE*err_ratio
Ir=1*1r_inc;

A=A*A_inc;
end

Where, TSSE refers to the training set errors from the current epoch and, SSE is the error of

the previous epoch [Ennett 2003].

As mentioned above, err_ratio, Ir, A and m are among the user-defined nine variables that have
to be tuned to get the best network performance. The err_ratio is used to check and observe
the error during the training process. It checks if the current epoch error is less than the
previous one or not. er_ratio judges the improvement (decreasing) in the error, which directly
affects the improvement of the netwotk. Next step is decided by adapting /, A and 7 for the
next epoch. The previous process has to be repeated to ensure the error is decreasing and the
network performance is increasing. Typical values of err_ratio range from 1.01 to 1.15 to allow

for some minor lapses in performance.

24



The performance of the training algorithm is very sensitive to the proper setting of the
learning rate /. If the learning rate is set too high, the algorithm may oscillate and become
unstable. If the learning rate is too low, the algorithm will take too long to converge. If the
iteration ratio of the current epoch to the pervious epoch is less than the user-defined ratio,
the decision is taken to increase the /r of the next iteration. It means that the algorithm is going
in the right direction. But, if the error ratio is larger than the defined ratio, then the learning
procedure must slow down. The learn rate / will decrease by the value of the learning rate
decrement /r_dec. It 1s mmportant that the / slows down to prevent the algorithm from
oscillating around the global minimum without converging. Care must be taken to ensure that
the learning rate is neither too large (causing instability and oscillations) nor too small (resulting
in slow convergence) [Demuth & Beale 2001]. It is not practical to determine the optimal
setting for the learning rate before training, and, in fact, the learning rate changes during the

training process as the algorithm moves across the performance surface.

Momentum allows a network to respond not only to the local gradient, but also to recent
trends in the error surface. Acting like a low-pass filter, momentum allows the network to
ignore small features in the error surface. Without momentum a network may get stuck in a
shallow local minimum. With momentum, a network can slide through such a minimum. The
backpropagation algorithm incorporates a momentum term in which a ratio of the previous
weight change value is added to the current value [MATLAB|. Adding such momentum to the

algorithm through weight space may save it from becoming trapped in local minima.

Momentum can be added to backpropagation learning by making weight changes equal to the
sum of a fraction of the last weight change and the new change suggested by the

backpropagation rule. The magnitude of the effect that the last weight change is allowed to be
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mediated by a momentum constant which can be any number between 0 and 1. When the
momentum constant is 0, a weight change is based solely on the gradient. When the
momentum constant is 1, the new weight change is set to equal the last weight change and the
gradient is simply ignored. The gradient is computed by summing the gradients calculated at
each training example, and the weights and biases are only updated after all training examples

have been presented.

As with momentum, if the new error ratio exceeds the old error by more than a predefined
error ratio, the new weights and biases are discarded (#=0). In addition, the learning rate is
decreased. Otherwise, the new weights are kept. If the new error is less than the old error, the
learning rate is increased. This procedure increases the learning rate, but only to the extent that
the network can learn without large error increases. When a larger learning rate could result in
stable learning, the learning rate is increased. When the learning rate is too high to guarantee a

decrease in error, it gets decreased until stable learning resumes [MATLAB].

2.3.3 Network Structure and Hidden Layers

To define the network structure, we need to decide the number of hidden layers and how
many nodes will be in each layer. The number of neurons in a hidden layer affects the
complexity and the performance of the network. If there are too few nodes, there will not be
sufficient resources to solve the problem and this will result in underfitting results. On the
other hand, too many nodes may cause long training times, and possibly memorization rather

than generalization (overfitting) [MATLAB].
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Nonlinearity

Not every medical data set contains nonlinearities, but many do. Neural networks will offer
better results than linear methods only if there are nonlinearities in the data. If a network with
no hidden units performs as well as a network with a large number of hidden units, then the

problem appears to be linear [Penny & Frost 1996].

The majority of clinical studies use networks with one hidden layer, as these are sufficient to

define the nonlinearity in the data.

There are many theories that roughly compute the number of the hidden units in the hidden
layer. The number of neurons in each layer follows a geometric progression. For example, if
we have a three-layer network with 7 input neurons and ¢ output neurons, the number of the
hidden nodes 4 in the hidden layer would be calculated using Masters’ method (Equation 2.10)

[Masters 1993].

d=+i*o
2.10)

Thus, if there are 25 input neurons and 1 output neuron, the network should have at least 5

hidden nodes in the hidden layer.

Other methods exist for selecting the number of the hidden nodes of an ANN such as: using
75% of the number of the input nodes, using 50% of the number of the input nodes, or using

2n+1 hidden nodes, whete n is the number of input nodes in the input layer.
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Another method obtains the number of the nodes indirectly by calculating the number of the
weights in the network, and thus they can get the number of the hidden units in the hidden
layer to the number of the training cases. Livingstone and Manallack’s empirical work

[Livingstone & Manallack 1993), for example, suggests that

@.11)

where 7 1s the number of training cases, o is the number of network outputs, and » is the total
number of network weights, be greater than 3 (4>3) to ensure good generalization and avoid

memorization of the training set.

Thus, if there are 360 training cases and a single network output, the network should not have
more than 120 weights. In a network with 9 inputs this corresponds to having a single hidden

layer with 12 units.

It is obvious that the last two methods will produce more hidden nodes in the hidden layer
than other mentioned methods. One of these methods depends on the number of the input
nodes (2n +1) which will produce a very large number if it applies to the Perinatal Niday-2001
database. Also, Manallack’s method, which depends on the size of the training sets, will
produce a very large number if it applies to any of the datasets in this thesis (the average of the
training sets is 10,000 cases). In general, the analysis of large-sized databases, which covers
most of the training cases, will need less hidden nodes (less complex ANN) than the analysis
of small-sized database. Our goal is to find the simplest ANN architecture which has the best

performance. Therefore, the last two methods are not suitable for the selection of the best
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ANN architectures in this thesis. Other methods are chosen in this thesis: Masters, or 50% or

75% of the input nodes in the input layers.

2.34 Generalisation

The next step after training a network is generalisation. Generalisation ability of a network is a
measure of its performance on data not presented in the training set [Penny & Frost 1996]. In
order to discover the ability of a network to analyse a new data, the original data set has to be
partitioned from the beginning into two independent sets; a training set and a generalisation
set. A generalisation set is an independent set that tests the performance of the network, which

does not always reflect the performance achieved on the training set for the same network.

Unfortunately, neural networks may learn features in the training set that are not present in the
wider population of cases. This is known as fitting to noise or overfitting. Overfitting will
occur if the complexity of the network is greater than the complexity of the function being
estimated [MATLABJ. There is a relation between the network structure and generalisation

performance.

2.3.5 Weight-elimination and Weight-decay
Weight-elimination and a special case of this method known as “weight-decay”, have been
found experimentally to be effective in improving the generalisation of various feedforward

networks [Weigend et al. 1990, Korgh & Hertz 1992]. Korgh and Hertz in 1991 demonstrated
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that the weight-decay methodology creates a new hybrid cost function, E(W), by adding a

penalty term to one’s best error measure, Fo [Trigg 1997} .
1 2
EW)=EW)+ 5/12 w, 2.12)

where, IV represents the weights vector, A is a constant and w; represents the individual

weights of the network.

In Equation 2.12, the penalty term in weight-decay penalises large weights and the constant, 4,
is an adjustable parameter of the network which is used to control how strongly large weights
are penalized. The main benefit of adding a term to the cost function in Equation 2.12 is that
the weights will converge to smaller absolute values than they would otherwise [Korgh &
Hertz 1992).

On the other hand, weight-elimination can be calculated with the following hybrid cost

function, E(W):
wl./.z
14 2
s w
EW)= 2 (B, (W) + A2 — = 2.13)
=1 ¥ 1+ _t/2
w,

The penalty term added to Eo in this case measures the size of the ANN. The weight decay
constant, A, is used to control how strongly the weights are penalized. The difference between

the two equations is #, a scale parameter used to define large and small weight values

[Weigend et al. 1991].
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The main difference between weight-decay and weight-elimination is that weight-decay tends
to shrink the large coefficients more than the small ones using the sum of squared weights

while weight-elimination tends to shrink the small coefficients more than the large ones [Sarle

2005].

Actually, weight-decay is contained within the weight-elimination cost function as the special
case of a large »,. The scale parameter », enables an ANN developer to express a preference
for fewer large weights (w, small) or many small weights (i, large). For |w;|>>w, the cost of a
weight approaches unity multiplied by A while for || <<uw,, the cost function of a weight is
very close to zero. [Weigend et al. 1990, Trigg 1997] "The scale parameter, », is a user defined
parameter which defines the sizes of large and small weights. Choosing w, as a small value will
force the small weights to zero resulting in fewer large weights (weight-elimination). On the
other hand, choosing a large value for », will cause many small weights to remain, and limits

the size of large weights. [Weigend et al. 1991, Ennett 2003]

Latge values of A mean that a weight must be closer to zero to be consider a part of the noise
distribution. So, larger values of A enforce the smaller weight to further reduce their size.
When dealing with A one must be very carefully since the network is sensitive to its value. It is
recommended to start the network training with A at zero, so that the ANN could initially take

advantage of all input variables, and then slowly increase the value of A until the network’s

performance begins to decline. [Weigend et al. 1990, Ennett 2003]
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2.4  Early Work by MIRG Group

Former MIRG graduate student Tim Buskard [Buskard et al. 1994] described ANNSs, which
were used to estimate “Mortality”, “Length of Stay” and “Duration of Artificial Ventilation”
for 1322 patients of Doctor Everett Charmers Hospital, Intensive Care Unit (DECH ICU)
database with best test set correct classification rates (CCRs) of 89.4%, 66.1% and 69%,
respectively. Compared to the performance that could have been obtained using a constant
predictor (CP) for each of these outcomes (CCRs of 88.8%, 61% and 66.5%, respectively),

Buskard’s networks showed a marginal level of improvement [Trigg 1997)].

In 1997, Trigg greatly improved the database previously used by Buskard and obtained
excellent results predicting the same outcomes. She used the DECH ICU database, with
additional cases (1491 instead of 1322 cases). Weight-climination and high/low node
representation approaches were used to classify the data. The goal of the high/low node data
presentation technique was to see if classifying the parameter as higher-than-normal, normal,
ot lower-than-normal would mmprove the classification accuracy [Trigg 1997]. This idea was
based on the fact that several physiological parameters have different health effects depending
on these characteristics [Frize et al. 1996, Frize et al. 1997]. Trigg used the weight-elimination
to prevent overfitting by removing irrelevant weights. She compared the performance of the
ANNs using standard backpropagation and backpropagation with weight-elimination cost
function developed by Weigend [Weigend et al. 1990, Weigend et al. 1991] using Tong’s [Tong
1983] sunspot data. The results confirmed that both algorithms were working properly [Trigg
1997, Frize et al. 1997]. Trgg divided the ICU database into two databases, medical and
surgical ICU patients. Since the surgical POSTOP (postoperative) patients have more

common physiological characteristics than medical NON_POSTOP (non-postoperative)
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patients, she chose to analyze the POSTOP database (883 patients). Working with 51 input
vatiables and the “Duration of Ventilation” outcome, specificity, less than 8 hours of artificial
ventilation, and greater than or equal to 8 hours of artificial ventilation (VENTS outcome), she
discovered that the three-layer ANNs improved the performance. The optimal network
performance occurred using a three-layer ANN with weight-elimination (CCR = 91.8%).
Compared to the minimum distance classifier (CCR= 86.1%) and the CP (CCR = 71%).
Although, Trigg discovered that the high/ low node representation did not improve the CCR
of the ANN, she found that the three-layer ANNSs slightly improved the performance of these
experiments. Also, the combination of the high/low node representation and weight-
elimination techniques with a double-layer network allowed the most important variable for

predicting artificial ventilation of more than eight hours to be extracted from the network

[Trigg 1997].

In 1999, Ennett studied how changing the distribution of the training and the test set by
increasing the representation of the under represented class, would affect the ANN
classification performance. Working with the coronary artery bypass graft (CABG) surgery at
the San Francisco Heart Institute (SFHI), 32 input variables and “Mortality” outcome, she
discovered that training the ANN with a higher prevalence than that found in the original
dataset produced higher sensitivity values (correct classification of the non-survivors) [Ennett
1999]. This finding agreed with Baxt who achieved better cotrect classification when the
network was trained on a higher-than—normal prevalence [Baxt & Skora 1996]. These results
highlight the significance of incorporating the a priori probabilities of the training set with the
model performance [Ennett 1999]. Ennett discovered that three-layer ANNs outperformed

double-layer ANNs when estimating in-hospital mortality prediction. Three-layer ANNs had
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higher sensitivities, thereby correctly classifying more non-survivors. In his project Scales
concentrated on investigating the capability of a neural network to classify an outcome that is
extremely underrepresented in the data. Using the SFHI and POSTOP ICU databases with
low mortality rate of 3.7 and 3.2, respectively he tried to predict the “Mortality” outcome. He
used log-sensitivity index to create a better balance between the sensitivity and specificity
obtained. The specific network architecture used was a feedforward three-layered neural
network, with 2 and 7 hidden nodes, and implementing the weight-elimination cost function in
its backpropagation algorithm [Scales 2001, Ennett et al. 2002]. His experiments on the SFHI

database show an improvement to the performance of mortality classification.

The lengthy process of manually optimising a backpropagation feedforwrd ANN provided the
incentive to develop an automated system that could fine-tune the network parameters without
user supervision [Ennett et al. 2004]. In 2000 Charette implemented an automated version of
the MIRG ANN software [Charette 2000]. The experimental results showed that the
automated networks performed equally well or better than the manually optimized ANNs
[Ennett et al. 2004]. MIRG research group has successfully estimated a variety of medical
outcomes in complex clinical environments using feedforward backpropagation ANN. Using
MATLAB Neural Network Toolbox as a base, the MIRG constructed three-layer ANNs to
estimate: in-hospital mortality, length of stay and duration of artificial ventilation for adult
intensive care unit (ICU) patients [Buskard et al. 1994, Frize et al. 1995, Trigg et al. 1997, Frize
et al 2001,] and neonatal intensive care unit (NICU) patients [Walker et al. 1999, Ennett et al.
2001, Tong et al. 2002] and mortality for coronaty artery bypass grafting (CABG) surgery

patients [Ennett et al. 2004]. This previous work by MIRG group, led to the choice of the
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packpropagation feedforward ANN to estimate the perinatal outcomes of this thesis using the

automated MIRG ANN software.
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3 Problem Formulation and
Methodology

This chapter focuses on the problem statement and describes the methodology carred out in
this thesis. It also outlines the ANN approach for estimating the three perinatal outcomes
being studied and describes in details the development of new predicting models that use the

most influential variables.

3.1  Problem Formulation and Challenges

The main question in the search for the three perinatal models for delivery type, mortality and
Apgar5 was: what are the most important factors for each outcome? Do the most influential
tactors found match other factors used by physician or found by other researchers? This was
the main problem and challenge of this thesis. Working with the Perinatal Niday-2001 and
testing with Perinatal Niday-1999 databases were another challenge as that was the first tme

these databases were preprocessed to be used for any estimation ot prediction method.

Another challenge of this thesis was to optimize the performance of the ANNs to be able to
predict each of the three outcomes. In order to get the best ANN prediction models for each

of the three outcomes the following steps were catried out:
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e Applied the feedforward ANNSs trained with backpropagation algorithm to the Niday-
2001 Enhanced Perinatal database obtained from the PPPESO in order to estimate the

three outcomes being studied: delivery type, mortality and Apgar5

e Improved the results by using weight reduction techniques (weight-elimination or

weight-decay cost functions)

e Used wvariable reduction methods to estimate the factors or variables of the Perinatal
Niday-2001 database that are the most important in predicting each of the three

outcomes and build new models based on the result

e Tested the ANN models using the Perinatal Niday-1999 database

3.2  Data Preparation

3.2.1 Missing Values for Niday-2001
The original Niday-2001 Enhanced Perinatal database provided by PPPESO had 17,688 cases
and 38 variables. There were 1,505 cases in the database with missing values. Appendix C
shows all the variables in the Perinatal Niday-2001 database. The cases with missing values
make up 8.5% of the overall database. This means that 91.5% (16,183 cases) were complete
cases. Different methods are available to deal with missing values such as deleting the entire
vatiable with the most missing values or deleting the whole case with missing values. Because
the Perinatal Niday-2001 is a large database with only 8.5% missing values, the latter method

was chosen.
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3.2.2 Deleting Cases for Niday-2001

Since this thesis is a discussion of the prediction of three medical outcomes, some cases and
variables had to be deleted from estimating each of the three outcomes after consultation with
the medical specialists. In estimating the delivery type, the total number of cases was reduced
to 14,766 (1,417 deleted cases) since all the cases of “No Labout” type (one of the categories
of the variable /Zb#ype) had to be deleted. This category “No Labour” gives the possibility of
C/S delivery, which contradicts the meaning of the variable /Zbtype. The vatiable labtype
indicates the type of vaginal delivery as either spontaneous or induced.

Also, for mortality, the focus was to predict death within 28 days of birth; therefore cases of
"Death before Birth" (one of the category of the variable neodeath) were deleted. It slightly

reduced the total number of cases to 16,110 (73 deleted cases) for that outcome.

3.2.3 Deleting Variables for Niday-2001
The total number of variables was reduced to 36 (the total number was 38 variables) after
deleting the 7dnum (identification number for each baby birth) and 4ob (baby’s date of birth)
variables. These two variables are important to keep track of the data but not for analysis.
Other variables were deleted for medical reasons. In delivery type analysis, the following
variables were deleted form the analysis: apgar?, apgars, cord, resffo2, resppo, resintub, reschest,
resdrugs, assisted, neodeath and neotrans. Theses 11 variables take place after delivery so they can
not play role in the delivery decision. In the case of Apgar5, the following variables wete
deleted: apgarl, cord, resffo2, resppu, resintub, reschest, resdrugs, neodeath and neotrans. The first variable
in the deleted list, apgar!, means the measure of Apgar score after 1 minute of birth while

apgar5 (the outcome) measures same thing after 5 minutes. The difference of a few minutes
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between measuring the two variables made them identical most of the time. The variable
apgari is likely to be a cofounder variable for gpgar5 and it should be deleted from analysis.
Other variables were deleted from the Apgar5 estimation list because they happen after the
Apgar5 score is measured, so, they can not play any role in deciding the risk factors of having a
low Apgar score.

The final numbers of cases and variables used for estimating each of the three outcomes were:

e Delivery Type: 14,766 cases with 24 input variables.
e  Mortality: 16,110 cases with 35 input variables.
e Apgar5: 16,183 cases with 26 input variables.

Variable Niday-2001 Deliver .
Number Vari!nbles Type Y Mortality | Apgar5
1 IDNUM
2 DOB
3 GENDER * * *
4 BF * * *
5 SMOKING * * *
6 CORD *

7 SCALP * * *
8 GENERAL * * *
9 EPIDURAL * * *
10 SPINAL * * *
11 NARCOT * * *
12 NITOXIDE * * *
13 PUDENDAL * * *
14 RESFFO2 *

15 RESPPV *

16 RESINTUB *

17 RESCHEST *

18 RESDRUGS *

19 DELBY * * *
20 MOMAGE * * *
21 PARITY * * *
22 APGAR1 *

23 MONITOR * * *
24 LABTYPE * * *
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25 PRESENT * * *
26 ASSISTED * *
27 STEROQOIDS * * *
28 NEOTRANS >

29 MOMTRANS * > *
30 HOSPTYPE * * *
31 TERM * * *
32 PRETERM * * *
33 NBABIES * * *
34 WEIGHT1 * * *
35 GEST * > *
36 DELTYPE * *
37 APGARS5 *

38 NEODEATH

* Variable used as estimator for this outcome

Table 3.1: List of the input variables of Perinatal Niday-2001 database for each of the
three outcomes

3.2.4 Missing Values for the Niday-1999
The original Niday-1999 Enhanced Perinatal database provided by PPPESO had 17,455 cases
and 43 variables. There were 3,692 cases in the database with missing values. Appendix D
shows all the variables in the Perinatal Niday-1999 database. This means that 78.9% (13,763
cases) were complete cases. Similar to the Perinatal Niday-2001 all the missing cases has been

deleted in the Niday-1999 database.

3.2.5 Deleting More Cases for Niday-1999
Cases of "Death before Birth" were deleted which reduced the total number of cases to 13,687
(76 deleted cases) .Also, for delivery type prediction, the total number of cases was reduced to

12,546 (1,141 deleted cases) after deleting all the of “No Labout” type.
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3.2.6 Testing Set Construction

More work had to be done on the Niday-1999 database vatiables in order to make it similar
the 2001 variables. idnum (identification number for each baby birth) and dyear, month and day
(three variables to indicate the baby’s date of birth) were deleted. Labpe (spontancous,
induced or no labour) and spontdel (spontancous delivery) ate two variables that indicate the
same situation. So, spontde/ was deleted. The variables forceps and vacunm are merged together to
form a new variable called assisted (using forceps or vacuum to assist delivery). The merging of
these two variables in one variable produced assisted variable which has the same definition as
the assisted variable in the Niday-2001 database. Also, deltype variable was built using prines, tol
JWbac, repeates and birthmod to produce a variable similar to delfype of Niday-2001 database. Three
variables on Niday-2001 have no similarity to the Niday-1999 database: parity, delby and
pudendal. These three variables have been deleted from the analysis and the testing set using
Niday-1999 database.

Table 3.2 shows the updated Perinatal Niday-1999 database (Perinatal Updated-1999 database)
used for testing. The same input variable combinations as Table 3.1 were used for the testing

of the three outcomes using the Perinatal Updated-1999 database.
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Variable Niday-1999
Number Variables

GENDER

BF

SMOKING

CORD
SCALP
GENERAL
EPIDURAL
SPINAL

QN[O [0 | ([N=

9 | NARCOT
10 | NITOXIDE

11 | RESFFO2
12 | RESPPV

13 | RESINTUB
14 | RESCHEST
15 | RESDRUGS
16 | MOMAGE
17 | APGART1

18 | MONITOR
19 | LABTYPE
20 | PRESENT
21 | ASSISTED
22 | STEROIDS
23 | NEOTRANS
24 | MOMTRANS
25 | HOSPTYPE
26 | TERM

27 | PRETERM
28 | NBABIES
29 | WEIGHT1
30 | GEST

31 | DELTYPE
32 | APGARS

33 | NEODEATH

Table 3.2: Variables of Perinatal Updated-1999 database
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The size of the test sets of the Perinatal Updated-1999 used for each outcome was 5000 cases.
All the low occurrence cases available in the Perinatal Updated-1999 database for each
outcome were included in the test sets.

The following is a description of the test sets used for each outcome:

¢ Delivery Type: 1,520 cases of caesarean delivery (CP=69.6%)
e Apgarb: 179 cases of low Apgar score (CP=96.4%)
¢ Mortality: 32 cases of neonatal death (CP=99.4%)

3.2.7 Data Preprocessing

In order to have a uniform magnitude for the values of the variables, these were standardised.
The values of each continuous and integer variable were assumed to follow a normal
distribution. The mean was subtracted from each input value and the resulted differences were
divided by 3 standard deviations over the entire database. This standardisation uses the z-score

formula:

3.1)

where z, is the standardised value of variable x for observation number #; x; is the original
value of the variable for observation #; and X and O are the mean and standard deviation of
the variable x. It is essential to standardize the input variables so that same percentage change

in the weighted sum of the inputs causes a similar percentage change in the unit output [Olden

& Jackson 2002)
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3.3 ANN Optimisation

As discussed in chapter 2, based on past experience of MIRG, the neural network chosen for
this thesis wotk was the backpropagation feedforward neural network using the hyperbolic
tangent transfer function. In order to use the best ANN architecture, a variety of architectures
of two-layer and three-layer ANNs were tested. Many automated and manual initial
experiments with different initial ANN parameters were performed. In the case of three-layer

ANNg, different numbers of hidden nodes in the hidden layer were used.

Also, based on the previous discussion in section 2.2.3, the following steps were followed:

1. Using a network with no hidden layers.

2. Computing the number of the hidden nodes using mainly Masters’ method

3. Using three-layer ANNs with different numbers of hidden nodes in the hidden layers

(starting from 1 to the computed number in step 2)

4. Choosing the ANN architectures which achieved high performances
After deciding which ANN architectures could be used in the experiments, weight-elimination
and weight-decay (weight reduction) were applied at that point to improve the resulting
models. For the standard backpropagation trained ANN, the cost function was the sum of
squared errors (SSE) between the target values and the network’s outputs. Using the

automated program of Charette [Charette 2000, Frize et al. 2000, 2001b] weight reduction was

applied. This weight reduction technique reduced the “weight noise” in the models.

The experimental results provided information on CCR, sensitivity, specificity, log-sensitivity
index, ASE and ROC curve values. Many graphs were produced during the experiments to

show the log-sensitivity index, sensitivity, specificity, ASE and ROC curves.
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3.4 Generalisation and Stopping Criteria

Among many generalization methods that are used to identify the optimal performance of a

network, two are commonly used: regularisation and early stopping.

3411  Regularisation

Using regularization, it is important to train the network until it reaches convergence. The
regulatization technique modifies the performance function in order to use it as stopping
criterion. The commonly chosen stopping criterion is the minimum sum of squares of the
network errors on the training set. Other performance functions that can be used as stopping
criteria are the maximum sensitivity, the maximum correct classification rate and the best
logarithmic-sensitivity index can be used. Our MIRG group has been using the logarithmic-
sensitivity with automated network analysis. This criterion limits the requirement for user-
supervision and works well even when the outcome has a low rate of occurrence [Ennett et al.
2003]. It had been shown in pervious that logarithmic-sensitivity index (log-sensitivity index) as
an optimal performance function achieves the best generalisation [Scales 2001, Ennett et al.
2002]. The automated network automatically monitored the classification performance to
determine when was the best time to stop training after no improvement in the performance
measute (e.g. highest CCR, lowest ASE or highest log-sensitivity index value) occurred in the
subsequent 500 epochs [Ennett et al. 2004]. The log-sensitivity index stopping criterion helps
the automated networks to achieve a better balance between the sensitivity and specificity of
the classification results. It attempts to achieve optimal sensitivity and specificity classification

while slightly favouring higher sensitivity [Scales 2001].

log- sensitivity index = ~sensitivity” * log 10(1 - sensitivity * specificity) (3.2
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This function expands towards infinity as sensitivity and specificity approach one, but is
slightly weighted in favor of sensitivity. The degree of weighting can be controlled by the
power 7 The results showed that an automated neural network which optimises the log-
sensitivity index can classify outcomes better than manually-optimised networks, and can
classify rare outcomes equally well or better than networks that use the maximum correct

classification rate or the minimum average squared error as the stopping criteria [Ennett et al.

2002, 2003, 2004].

3412  Early Stopping

In the eatly stopping technique, the available data is divided into three subsets: training,
validation and prediction sets. The first subset is the training set, which is used for computing
the gradient and updating the network weights and biases. The second subset is the validation
set. The validation set should be representative of all points in the training set. The error on
the validation set is monitored during the training process. The validation error will normally
decrease during the initial phase of training, as does the training set error. However, when the
network begins to overfit the data, the error on the validation set will typically begin to rise.
When the validation error increases for a specified number of iterations, the training is
stopped, and the weights and biases at the minimum of the validation error are returned

[MATLAB]. Finally, the prediction set is used to test the resulted model.

Both generalization techniques can ensure good results if trained using different initial
conditions. It is possible for either method to fail in certain circumstances. Testing several

different initial conditions can vetify robust network performance [MATLAB]
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Because this thesis used a skewed database, log-sensitivity index was selected as the stopping
criteria. This performance measurement tool is very effective with skewed datasets where the
outcome under interest has a very low occurrence in the dataset [Ibrahim 2002, Ennett et al.

2003).

3.5 Optimisation ANN Parameters

As Mentioned before in section 2.3.2, nine parameters have to be accurately tuned in order to
improve the performance of the network. The preliminary simulations required many trials to
explote the effects of tuning these parameters. From these first simulations, reasonable ranges
were identifies to achieve "acceptable” performance. Then these parameters were fine tuned

for each network to find the optimal settings [Ennett 1997].

There ate two ways to run the MIRG ANN program, the simple version and the automated
version. The first version of the program takes the initial parameters value from the user and
runs these parameters values through the netwotk. The 4 and A will change only with the user
defined values (e.g. Jr_ine, Ir_dec) trying to converge to the solution. It is a programmed version
of the conventional manual method. On the other hand, the automated version of the
program, will begin similarly to the simple version using the user-defined values, but depend
on the user selection it can change one of the ANN parameter at a time trying to get the best
solution by optimising this selected parameter. The automated version uses the “divide and
conquer” technique for one variable at a time untl the network converges and the maximum
network performance is obtained. The “divide and conquer” technique begins by a two user
defined values (the parameter range) to calculate the midpoint. It tries this new value of this

vatiable through the ANN then starting at the value it repeats the dividing step with each side
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of the parameter range to get two new midpoints. It repeats the previous steps recursively until
the network converges upon the network parameter value that gives the maximum network

performance [Frize et al. 2000, Charette 2000]

No doubt, the manual ANN is a time consuming method of finding optimal network
parameters. It relies on the user to change one parameter at a time, then the user has to repeat
this step many times until finding the best combination of ANN parameters. Using the
automated version of our ANN program can help the user to optimise and try all the network
parameters within the defined ranges. If more tuning is needed after that the simple ANN run

can be used [Frize et al. 2000}.

Table 3.2 shows the ANN adjustable parameters and its available ranges used in this thesis. In
the first experiments, reasonable ranges were identified then these parameters were fine-tuned

for each network to find the optimal settings.

Parameter Range
Learning rate (Ir) 0.00005-0.005
Learning rate incerement (Ir_inc) 1-1.3
Learning rate decrement (Ir_dec) 1-0.7
Weight-decay constant (A) 0.00001-0.01
Weight-decay constant increment (A_inc) 1-1.3
Weight-decay constant decrement (A_dec) 1-0.7
Weight scale factor (w) 0.001-1
Momentum (m) 0-0.99
error-ratio (err_ratio) 1.001-1.05

Table 3.2: Optimisation parameters and their ranges
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3.6 Weight Reduction

Weight-elimination and weight-decay help to avoid overfitting during network training.
Overtfitting occurs when the network begins to memorize from prior outcomes for prediction,
instead of learning. Weight-elmination and weight-decay were the first two methods used in
this thesis for weight extraction. Weight-elimination reduces the very small connection weights
to zero. These connections play a nonsiginficat rule in the outcome prediction. On the other
hand, weight-decay restricts the weighting on connections in the network and limits the

variance of the output in order to produce a more stable network.

The weight-decay constant (4 ) and the weight scale factor () are key factors when applying

weight-elimination or weight-decay. Larger values of A needed to be applied to forces the
weighted connections that are closer to zero to be eliminated. Also, smaller values of »; result
in a higher cut-off weight and greater weight-elimination. On the other hand, trying larger
values of », helps in applying the weight-decay cost function. Weight-decay results in a greater

amount of smaller weights and restricts the size of the large weights.

3.7  Variable Reduction using Garson Algorithm

In 1991 Garson proposed a method, later modified by Goh (1995), for partitioning the neural
network connection weights in order to determine the relative importance of each input
variable in the network [Olden & jackson 2002]. The Garson algorithm uses the absolute
values of the connection weights when calculating variable contributions, and therefore does

not provide the direction of the relationship between the input and output variables [Garson
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1991]. The algorithm consists of partitioning the connections weights of the network to
determine the relative importance of the various inputs. The algorithm essentally involves
partitioning the hidden output connection weights of each hidden neuron into components
associated with each input neuron. Garson, in his original paper [Garson 1991], formulated

one equation that summarized his idea (Equation 3.3).

(3.3)

where S, is the importance of the input variable 7, based on the weights at the input node for
that variable;. »,, is the connection weight from output ¢ to hidden node 4 and w; is the
connection weight from hidden node 4 to input 7 and # is the number of hidden nodes. Also,
w,, 1s the connection weight from hidden node 4 to each input x and # is the number of the

input nodes.

Garson’s equation was too complex to be applied in one step. Goh later divided this equation
into several simple equations. The following equations (Equations 3.4-3.7) wete formulated by

Goh in order to calculate the importance S;0f the input variable 7 [Goh 1995].

SiZZQ

m
=1 hi

h

(3.4)
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where 7 1s the total number of hidden nodes in the hidden layer and Q,; is given by Equation

3.5.

(3.5)

where 7 is the total number of input variables in the input layer and Py, is the absolute weights
product for the connection from hidden node 4 to input 7. P is given by the following

Equation (3.6):

P={w[*|w]

hi oh hi
(3.0)
where 1, is the connection weight from output ¢ to hidden node 4/ and #,, is the connection

weight from hidden node 4 to input 7.

The last step after calculating S, for each input variable is to obtain its relative importance RS,
(Equation 3.7). Expressed as a percentage, this gives the relative importance or distribution of

all output weights attributable to a given input variable {Goh 1995].

$%100
RS, =-

Total

3.7
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In the case of ANNs with more than one hidden layer, the above equations can be generalized
and the calculation can be done for each hidden layer. In general, calculating the importance of
each node in a certain hidden layer will start backwards from the first hidden layer (before the
output) until reaching the input layer. Generally, # is the total number of nodes in the layer
being calculated,  is the number of the nodes in the layer following it, and S, is the

importance of the node 7 in the current layer [Goh 1995].

In the case of a two-layer ANNSs (with no hidden layer), the importance of each input variable 7

is equal to its absolute input-output weight:

S=P=w|
i hi oi

(3.8)
In the application of Garson’s algorithn by Goh (Equations 3.4-3.7) and all reaserchers
tollowing Goh since 1995{Goh 1995, Olden & Jackson 2002], applying Equation 3.5 after 3.6
cancels the term »,, , which means that it does not count the effect of the hidden output
connections in the final calculation of the relative importance. This contradicts the main
objective of Gason algorithm to partition the hidden output connection weights of each

hidden neuron into components associated with each input neuron.

3.8  Partitioning Weight Algorithm

In this section, we updated Goh’s equations, which we now call partitioning weight algorithm.
Goh’s Equations 3.5 and 3.6 were replaced by Equation 3.9 and 3.10 respectively. Other

calculation steps were the same.
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0= Phi*l"}l’l
hi o
(3.9)

where s is the connection weight from output ¢ to hidden node 4 and P, is calculated by

Equation 3.10.

(3.10)

where # is the total number of input variables in the input layer and »,, is the connection

weight from hidden node 4 to the input 7.

Equation 3.4 can be used as before to calculate the importance §; of the input variable 7 and
equation 3.7 to calculate the relative importance RS, which, expresses in percentage the

importance of each input varables.

Summarising the above work, applying updated equations (Equations 3.9 and 3.10) and Goh’s
equation (Equation 3.4), finally provides a correct equivalent of Garson’s equation (Equation
3.3) to calculate the importance of an input variable. Finally, equation 3.7 can be applied to get

the relative importance in percentage form.

53



3.9

Summary of the Methodology

The methodology of this thesis can be summarized in the following steps:

6.

Use automated program to run the backpropagation ANNs preliminary experiments
using optimization parameters ranges

Apply different ANN architectures (i.e. no hidden layer versus one hidden layer)

Apply weight reduction techniques (weight-elimination and weight-decay) to get the
best prediction model

Calculate the relative importance for each input variables using partitioning weight
algorithm

Apply variable reduction depending on the results of step 4 to obtain a minimum
variable set while maintaining acceptable performance measures

Test the model of step 3 and the simplest model of step 5 on Perinatal Updated-1999

database
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4 Simulations and Results

This chapter presents the ANN experimental results of estimating delivery type, mortality and
Apgar5 using the Perinatal Niday-2001 database. First, a comparison of the results of two
artificial techniques (MIRG ANN and BIOCORE fuzzy logic) is presented. Then, the
previous methodology steps of building the best predictive model for each outcome are
discussed. The calibration of the ANN parameters and selection of the ANN architecture are
considered to achieve the optimal network for each of the three outcomes. Weight and
variable reductions are applied to the networks in order to improve the results, simplify the
predictive models and obtain the minimum variables sets. Finally, the predictive models are

tested using the Perinatal Niday-1999 database.

4.1  Comparison of the MIRG ANN with
BIOCORE Fuzzy Logic Technique

Fuzzy K-Nearest Neighbour algorithm (FK-NN) has been shown to be a powerful fuzzy
pattern classifier {Kuncheva 2000]. Seker et al., from the BIOCORE (Biomedical Computing
Research) Group in the UK, further enhanced the algorithm by developing a fuzzy
measurement method [Seker 2003]. In order to evaluate the MIRG ANN software the

Perinatal Niday-2001 database was sent to the BIOCORE Group to be tested with their fuzzy
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logic (FL) method. A compatison was done between the two artificial techniques [Frize et al.
2004]. The performance for both tools was measured in the same manner by recording, for

each set of experiments, the sensitivity, specificity and CCR.

4.1.1 Data Structures
The Petinatal Niday-2001 database used for this compatison. The following three tables show

the data structure used for estimating each outcome:

Delivery Type (+1) | Type (-1)

. Total
Type Caesarean Vaglnal
Training 2394 8389 10783
Samples
Test 1200 4200 5400
Samples
Total 3594 12589 16183
Samples

Table 4.1: Data structure for estimating delivery type

Type (+1) | Type (-1)
Apgarh {1-6} {7-10} Total
Iraining 235 10450 | 10685
Samples
Test 118 5380 5498
Samples
Toral 353 15830 | 16183
Samples

Table 4.2: Data structure for estimating Apgar5
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Mortality Lype (1) Lype (1) Total

Nonsutrvivor Survivor

Training 33 10700 | 10733
Samples
Test 20 5357 5377
Samples
Toral 53 16057 | 16110
Samples

Table 4.3: Data structure for estimating mortality

4.1.2 Results of the MIRG ANN Software
This approach used two and three-layer feedforward ANNs trained using the
backpropagation algorithm, with 2/3 of the data for the training set and 1/3 for the test
set. Three types of training sets were used: Original training set (same ratio as the
original data) trOrg, and two artificial training sets. Artificial training set of 20% (tr20%)
and 50% (tr50%) of the low occurrence outcome in the original data. The hyperbolic
tangent transfer function was used and output variables were classified into an output of
-1 or 1. A negative output (-1) predicts a vaginal delivery, a high Apgar score, and
survival of the newborn, whereas a positive output (+1) predicts a Caesarian section
delivery, a low Apgar score, or death of the infant [Frize et al. 2004]. Two of the
estimations used artificial training sets. In the case of delivery type estimation, a training
set of 50% was used (tr50%) and in the case of mortality estimation, a training set of 20%

was used (tr20%). Artificial training sets were used because the datasets used in
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estimating these outcomes were skewed. Tables 4.4, 4.5 and 4.6 show the best

experimental results of estimating of the three outcomes using the MIRG ANN software.

ANN Type CCR% Sensitivity% | Specificity%
2-layer, Train:85.34 | Train:81.64 | Train:88.95
tr50% Test:86.8 Test:80.57 Test:88.45

Table 4.4: delivery type predictive performance

ANN Type CCR% Sensitivity% | Specificity%

2-layer, Train:98.53 | Train:40 Train:99.83

trOrg Test:98.22 | Test:31.36 Test:99.72
Table 4.5: Apgar5 predictive performance

ANN Type CCR% Sensitivity% | Specificity%

2-layer, Train:98 | Train:94.18 Train:98.96

tr20% Test:98.88 | Test:90 Test:98.92

Table 4.6: Mortality predictive performance

4.1.3 Results of the BIOCORE FL Method
The FK-NN is defined as a function of the number of neighbourhoods (K), class membership

degrees (between 0 and 1), and distances between a pattern to be classified and patterns for

which the class membership degrees were previously determined. A class membership degree
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between 0 and 1 is computed using the first K minimum distances and the known class
membership degrees of the patterns. The FIX-NN not only gives a class to which the pattern is
assigned, but also the class membership degree that provides information about the certainty

of the classification decision.

Tables 4.7, 4.8 and 4.9 below summarise the experimental results of prediction of the three

outcomes using the BIOCORE fuzzy method.

CCR (%)

Sensitivity (%)

Specificity (%)

89.17

71.25

94.29

Table 4.7: Delivery type predictive performance

CCR (%)

Sensitivity (%)

Specificity (%)

97.62

19.49

99.33

Table 4.8: Apgar5 predictive performance

CCR (%)

Sensitivity (%)

Specificity (%)

99.81

55

99.98

Table 4.9: Mortality predictive performance
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This study was helpful to compare the performances of two different tools to estimate clinical
outcomes of newborns using a Jarge data set. The results show that both artificial techniques
provide an excellent CCR and a high specificity, that is, in predicting a vaginal delivery, a high
Apgat score, and survival of the newborns. Where the two approaches differed slightly was in
predicting the positive outcomes (a Caesarean section delivery, death of the newborns and a
low Apgar score). In the prediction of mortality and Apgar> MIRG ANN outperformed the
FL method. In the case of Apgar5, the ANN method achieved sensitivity and CCR of 31.36%
and 98.22% compared to 19.49% and 97.62% in the case of the FL. method. Also, in mortality
prediction, the ANN method achieved a sensitivity of 90% compared to 55% using the fuzzy
method, but with slightly less CCR comparable to FL (less 0.93%). In the case of delivery type
the two methods had similar results; they obtained high sensitivities at a slightly cost to

specificity and the CCR values.

The above evaluation of the MIRG ANN software has been done using Perinatal Niday-2001
database and was considered as a starting point for this thesis work. But, more ANN
techniques have been applied in advanced work of this thesis to estimate the same three

outcomes.

In the following sections of this chapter the experimental results of each step mentioned in

chapter 3 (section 3.9) will be discussed.

4.2  Step 1 & 2: Optimisation and Choosing
ANN Architectures

As mentioned in section 2.3.3 the following procedure was applied in order to find the best

ANNs architecture;
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1. Tried network with no hidden layers (to check linearity).
2. Computed the number of the hidden nodes possible (to use it as a guide for step 3)
3. Tried three-layer network with different hidden nodes (started form 1 and going up)

4. Chose the ANN architectures which achieved high performances

The optimal parameter settings were used with the above procedure to find the best ANN

architecture for each of the three outcomes.

First, the optimal settings were applied to two-layer ANN in order to check the linearity of the
data. Then, three-layer ANNs with different number of hidden nodes were applied. Because
certain problems are too complex than to be solved by linear networks, the number of hidden

nodes in the hidden layers can mean make a ditference between success and failure [Masters

1993).

4.2.1 Delivery Type

For Delivery type estimation the dataset of 14,766 cases was divided into 2/3 (9,840
cases) training set and 1/3 (4,926 cases) test set. The delivery datasets contain 14.75% of
caesarean section cases (+1 type) and 85.25% vaginal delivery cases (-1 type). The CP using

this skewed dataset was 85.25%.

Table 4.10 shows the results obtained with different ANN architectures for the prediction of
delivery type. The ANN architectures missing from Table 4.10 were unstable (did not
converge). One of the unstable cases occurred when using a two-layer ANN, which means

that this analysis is nonlinear.
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The same table shows that, three-layer ANN with 13 hidden nodes in the hidden layer
achieved the best test log-sensitivity index of 0.167 and best sensitivity of 52.79%. Other
simpler three-layer ANNs with 4, 3 and 5 hidden nodes achieved similar sensitivities of
52.51%, 52.37% and 52.23% respectively. The three-layet ANNs with 4 and 5 hidden nodes
resulted in higher specificities and CCRs than the 3 and 13 hidden nodes. These two ANNSs
achieved the first and second highest CCRs among all architectures used. On the other hand,
the small improvement in the sensitivity of the 13 hidden nodes ANN (sensitivity increased by
0.28%; over the 4 hidden nodes ANN) affected its specificity and CCR. Although, high
sensitivity (which is also measured by a high log-sensitivity index) is an effective factor in the
selection of the best ANN, this is does not have to be with a cost to specificity and a CCR.
Therefore, the three-layer ANNs with 4, 5 and 13 hidden nodes in the hidden layer were
selected for more testing. In step 3, weight reduction was applied to these selected ANNs in

order to improve the prediction results.

As mentioned in section 2.2.3, there are several methods to calculate the number of the hidden
nodes in the hidden layer. Using the first method of Masters, the number of the hidden nodes
was expected to be between 4 and 5 (the square root of 24). The expetimental results for
delivery type were good using the Masters’ method. With other methods, the best number of
hidden nodes could be 12 or 18 (50% or 75% of the number of the input nodes: 24. Greater
instability was observed in the experiments using ANNs with more than 9 hidden nodes in the
hidden layer. This instability continued for ANNs with motre than 13 hidden nodes. So,

Masters’ method seemed to be the best guide for designing the ANN atchitecture.
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Three-layer ANNs with different number of hidden nodes =~

8 9

Test Sens

Test Spec . 98. 41 %

13

Train Sens 56.32%

98.03%

Train Spec 98.13%

91 31%

TestCR. | 91.:60% | 91.47% ||

1 91.48%

Train CR 91.91%

Test ASE

|

28.41%

Train ASE 28.10% | 27.57%

TestROC = 90.06% *:.i 80% |
Train ROC
TestLog index | 0159”,; 0 164_ 0.166 | 0163 |
Train Log Index 0.162 0.170 0.192 0.166 0.176 0.166 0.184 0.184

190.04%

0.167
0.197

Table 4.10: Delivery type prediction using different ANN architectures

4.2.2 Mortality

For mortality estimation, the dataset of 16,110 cases was divided into 2/3 (10,733 cases)
training set and 1/3 (5,377 cases) test set. The original mortality dataset was skewed. It
contained 3.27% death cases (+1 type) and 96.73% survivals (-1 type). Using the original
training set with such a low death ratio produced a very low sensitivity. Although the resulted
model had a good CCR, it could not predict death. The MIRG group had tried an effective
method using artificial training sets. Using artificial training sets with more of the low
occurrence cases (+1 type) always improves the sensitivity. Increasing the number of the
trained cases of a certain type will definitely improve the prediction of that type. Previous
MIRG studies used artificial training sets of 20%, 30% or even 50% of the low occurrence

type. In mortality prediction, an artificial training set tr20% was created to contain 20% of
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death cases (+1 type). Training the ANN with tr20% training set clearly improved the ANN

performance in terms of sensitivity.

Table 4.11 shows the results of testing different ANN architectures for the prediction of
mortality using an artificial training set (tr20%). As in the case of delivery type, the two-layer
ANN was unstable. This showed the nonlinearity of the mortality estimation problem. Three-
layer ANNs with different numbers of hidden nodes in the hidden layer were tested. The best
log-sensitivity index resulted from the training of three-layer ANNs with 3 and 5 hidden
nodes. These ANNs achieved 97.98% and 98.04% specificities, and 97.97% and 98.03%
CCRs. The ANNs with 2, 4, 6 and 7 hidden nodes achieved very high CCRs of 99.7%,
99.42%, 99.72% and 99.39% respectively. The 7 hidden nodes ANN attained a high sensitivity
value of 90%. Many experiments were performed to further test the 3, 5 and 7 hidden nodes
ANNSs. Our goal was to use these three-layer architectures in building the best prediction

model for mortality.

Performance Three-layer ANNs with dlﬂerentnumherot hidden nodes
[T 2 T 871 a4 [ 5 [ 6 [ 7 [ 8 ] 9
TestSens | 90.00% | 85.00% | 95.00% | 85.00% | 95.00% | 85.00% | 90.00%
Train Sens 91.52% 84.21%

Test Spec 98.04% 99.78% 98.02%

Train Spec 98.09%

Test CR | , ? 97.99%

Train CR 95.31%

TostASE 12.56%

Train ASE 13.05% | 22.46%

TestROC | 96.68% | 99.03% 94.87% . 97.87%
Train ROC 96.29% | 96.99% | 97.85% | 98.29% | 97.81% | 98.50% | 98.43% | 97.19% | 97.23%

Table 4.11: Mortality prediction using different ANN architectures

It is suitable to mention that the architectute of 3, 5 and 7 hidden nodes worked well with the

Masters’ Method. Using Masters’ method on 35 input nodes and one outcome suggested the
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best ANN architecture of hidden nodes was around 5 or 6 (the square root of 35). Other

methods with a larger number of hidden nodes performed less well.

4.2.3 Apgarb
For Apgar estimation, the dataset of 16,183 cases was divided into 2/3 (10,685 cases) training
set and 1/3 (5,498 cases) test set. The original mortality dataset was skewed. It contained
2.18% low Apgar score which means less than 7 Apgar score value (+1 type) and 97.82% high
Apgar values which includes Apgar values of 7 to 10 (-1 type). Similar to mortality prediction,
using the original training set with such a low +1 type ratio produced a very low sensitivity.
Artficial training set tr20% was created to contain 20% of low Apgar5 cases (+1 type).
Training the ANN with tr20% training set clearly improved the ANN performance in terms of
sensitivity. Table 4.12 shows the results of testing different ANN architectures for the
prediction of mortality using an artificial training set (tr20%). The two-layer ANN achieved
good sensitivity of 40.52. This showed that predicting Apgar5 has more linearity characteristics
than prediction of delivery type and mortality. Three-layer ANNs with different number of
hidden nodes in the hidden layer were tested. Using the same technique as in delivery type and

mortality, ANNs with 6, 7 and 13 hidden nodes were selected for the next step.
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_ Performance | Two-layer ____ Three-layer ANNs with different number of hidden nodes

~ ANN 4 5 6 7 8 11 13
Test Sens 0.52% | 39.66% | 41.38% | 42.24% | 43.10% | 42.24% | 40.52% | 43.10% | 39.66%
Train Sens 44.81% | 52.04% | 45.00% | 48.52% | 61.68% | 44.72% | 49.21% | 45.69% | 43.28%
Test Spec 1 96.89% | 96.42% | 96.04% | 97.42% | 95.87% | 97.90% | 96.10% | 92.04% | 94.36%
Train Spec 96.70% | 97.27% | 95.60% | 97.09% | 96.98% | 97.98% | 96.62% | 92.03% | 94.73%
TestCR | 9568% | 9520% | 94.87% | 96.24% | 9474% | 96.70% | 94.90% | 90.99% | 93.18%
Train CR 86.32% | 88.22% | 85.47% | 87.37% | 89.91% | 87.33% | 87.13% | 82.76% | 84.44%
Test ASE 20.00% | 2166% | 22.16% | 20.57% | 19.98% | 14.99% | 21.65% | 28.24% | 23.54%
Train ASE 43.59% | 39.47% | 45.54% | 42.83% | 35.69% | 41.57% | 43.20% | 59.88% | 55.70%
TestROC | 8090% | 78.47% | 77.26% | 75.03% | 74.32% | 79.80% | 81.58% | 70.51% | 70.20%
Train ROC 79.31% | 82.45% | 76.58% | 78.20% | 83.63% | 80.41% | 79.80% | 70.86% | 73.19%
Test Log Index 0.088 0083 | 0091 | 0097 | o100 | 0098 | 0087 | 0095 | 0081
Train Log Index | 0.111 0159 | 0110 | 0.134 | 0244 | 0112 | 0.138 | 0.108 | 0.099

15

Table 4.12: Apgar5 prediction using different ANN architectures

4.3  Step3: Weight Reduction

As explained in section 3.6, the weight-decay constant (4 ) and the weight scale factor () play

a main role in applying weight-elimination or weight-decay.

In order to apply weight-elimination to the ANNs resulting from step 2, larger values of A
needed to be applied to force the weighted connections that are closer to zero to be
eliminated. Applying different small values of », with higher values of A helps the weight-

elimination cost function to play its role in reducing non-significant weights.

Also, trying larger values of w, helps in applying the weight-decay cost function on the ANNs
resulting from step 2. Weight-decay results in a greater amount of smaller weights and restricts

the size of the large weights.
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The following tables show the result of applying different combinations of A and w, for each of

the three outcomes.

4.3.1 Delivery Type
Weight-
elimination Three-layer (4 hid) ANNs Three-layer (5 hid) ANNs Three-layer (13 hid) ANNs
Test Test Test Test Test Test Test Test Test
A wo Sens Spec CCR Sens Spec CCR Sens Spec CCR
0.01 0.01| 49.16% | 98.65% | 91.43% | 48.89% | 98.43% 91.21% | 48.47% | 98.55% | 91.25%
0.001 0.01| 51.53% | 98.00% | 91.23% | 52.23% | 98.31% 91.60% | 53.34% | 97.53% | 91.09%
0.0001 0.01] 50.56% | 98.36% | 91.39% | 52.37% | 98.29% 91.60% | 51.81% | 98.17% | 91.41%
0.05 0.01| 49.16% | 98.65% | 91.43% | 48.89% | 98.43% 91.21% | 48.47% | 98.55% | 91.25%
0.005 0.01] 49.16% | 98.65% | 91.43% | 48.89% ! 98.43% 91.21% | 48.47% | 98.55% | 91.25%
0.0005 0.01| 52.37% | 98.27% | 91.58% | 52.65% | 98.12% 91.49% | 53.34% | 98.31% | 91.76%
0.01! 0.001| 49.44% | 98.22% | 91.11% | 49.16% | 98.46% 91.27% | 51.81% | 98.50% | 91.70%
0.001| 0.001]| 49.86% | 98.41% | 91.33% | 51.81% | 98.36% 91.58% | 50.56% | 98.31% | 91.35%
0.0001} 0.001| 51.81% | 98.62% | 91.80% | 52.09% | 98.24% 91.51% | 54.18% | 97.65% | 91.31%
0.05| 0.001| 49.30% | 98.48% | 91.31% | 51.53% | 98.24% 91.43% | 52.09% | 97.67% | 91.03%
0.005| 0.001| 51.81% | 98.24% | 91.47% | 52.79% | 98.15% 91.53% | 49.72% | 98.55% | 91.43%
0.0005| 0.001| 51.67% | 98.41% | 91.60% | 51.95% | 98.36% 91.60% | 52.37% | 98.00% | 91.35%
0.01 | 0.0001 | 50.14% | 98.60% | 91.53% | 52.09% | 98.34% 91.60% | 48.19% | 98.60% | 91.25%
0.001 | 0.0001 | 50.14% | 98.60% | 91.53% | 49.72% | 98.46% 91.35% | 49.16% | 98.31% | 91.15%
0.0001 { 0.0001 | 52.51% | 98.55% | 91.84% | 52.37% | 98.34% 91.64% | 48.33% | 98.53% | 91.21%
Weight-decay
0.00001 0.01) 50.56% | 98.43% | 91.45% | 51.95% | 98.31% 91.56% | 53.48% | 97.96% | 91.47%
0.00005 0.01] 51.25% | 98.36% | 91.49% | 53.76% | 98.10% 91.64% | 51.95% | 98.27% | 91.51%
0.00001 0.1 49.86% | 98.43% | 91.35% | 52.93% | 98.36% 91.74% | 51.81% | 98.10% | 91.35%
0.00005 0.1 50.14% | 98.46% | 91.41% | 52.65% | 98.36% 91.70% | 51.25% | 98.17% | 91.33%

Table 4.13: Applying weight reduction for ANNSs used in delivery type prediction

Table 4.13 shows that tuning the values A and w, increased the sensitivity of the simulations to

higher values. It reached 54.18% with a three-layer 13 hidden nodes ANN. This ANN also

achieved the highest log-selectivity index of 0.177.
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Using more simple ANNSs such as the three-layer ANNs with 4 or 5 hidden nodes resulted in
slightly less sensitivitiy (52.51% or 53.76% respectively) and less log-sensitivity index (0.16617
and 0.17499 respictively) . These two ANNs achieved a higher specificity and CCR than the 13
hidden nodes ANN. Because the ANN with 5 hidden nodes had the second best sensitivity
and log-sensitivity index after the 13 hidden nodes ANN, this ANN was chosen for applying
variable reduction. The differences in sensitivity and log-sensitivity index from the best 13
hidden nodes ANN were 0.42 and 0.27 respectively. These differences were considered very
small compared to the advantage of reducing the complexity of the ANN by using 5 nodes
instead of 13. For the above reasons, the three-layer ANN with 5 hidden nodes was selected

for the next step of variable reduction.

The performance of the ANN was measured using 10 test sets. These test sets were of the
same size and were created randomly from the original test set. They were created from 1/3 of
the database not used in the training set. Table 4.14 shows the ANN performance results of

the 10 test sets and the means and standard deviations for the ten results.

Ts?tt Sens. | Spec. | CCR ASE ROC
1 53.76% | 98.10% | 91.64% | 28.70% | 89.70%
2 53.53% | 97.93% | 91.80% | 27.67% | 90.19%
3 52.15% | 98.17% | 91.43% | 29.81% | 88.88%
4 51.06% | 97.95% | 91.05% | 29.94% | 89.09%
5 54.66% | 97.93% | 91.62% | 28.87% | 89.07%
6 53.10% | 97.82% | 91.37% | 29.33% | 89.08%
7 53.47% | 97.98% | 90.95% | 30.84% | 88.14%
8 52.06% | 97.71% | 91.11% | 30.13% | 89.13%
9 49.93% | 97.61% | 90.38% | 31.06% | 88.35%
10 5254% | 97.93% | 91.21% | 29.81% | 88.78%
Mean | 5281% | 97.91% | 91.05% | 29.62% | 89.04%
STD 129 017 0.41 1.02 0.59

Table 4.14: ANN Performance results of 10 test sets for delivery type outcome
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4.3.2 Mortality

Table 4.15 shows that tuning the values A and », increased the sensitivity (by increasing log-
sensitivity index) of the experiments to higher values. It reached 97% two times with three-
layer 5 hidden nodes ANNSs. These two ANNs achieved high specificities and CCRs. But the
best Specificities and CCRs resulted from the three-layer ANNs with 7 hidden nodes

simulations.

Although three-layer ANNs with 3 hidden nodes in the hidden layer achieved good results for
sensitivity, they produced a lowet specificity and CCR than the 5 and 7 hidden nodes ANNSs.
The three-layer ANNs with 3 hidden nodes ANNs could reach the same prediction power of
more complicated ANNs with precise tuning of the values A and . This is a vety important
result because simplicity is an important factor in designing any prediction model. Since log-
sensitivity index and sensitivity play a main role in the selection of the best model, the three-
layer ANN with 5 hidden nodes with 97% sensitivity was chosen to continue with the next

step of variable reduction.
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Weight-

elimination Three-layer (3 hid) ANNs Three-layer (5 hid) ANNs Three-layer (7 hid) ANNs

Test Test Test Test Test Test Test Test Test

A wo Sens Spec CCR Sens Spec CCR Sens Spec CCR
0.01 0.01 95 97.98 97.97 95 98.04 98.03 90 99.42 99.39
0.001 0.01 95 99.18 99.16 97 98.82 98.83 90 99.53 99.50
0.0001 0.01 95 97.98 97.97 95 98.04 98.03 90 99.42 99.39
0.05 0.01 95 97.98 97.97 95 98.04 98.03 90 99.42 99.39
0.005 0.01 95 97.98 97.97 95 98.04 98.03 90 99.42 99.39
0.0005 0.01 95 97.98 97.97 97 98.53 98.53 90 99.61 99.57
0.01| o0.001 95 97.98 97.97 95 98.04 98.03 90 99.42 99.39
0.001 | 0.001 95 97.98 97.97 95 98.04 98.03 90 99.42 99.39
0.0001 | 0.001 95 97.98 97.97 95 98.04 98.03 90 99.70 99.67
0.05] 0.001 95 97.98 97.97 95 98.04 98.03 90 99.42 99.39
0.005] 0.001 95 97.98 97.97 95 98.04 98.03 90 99.42 99.39
0.0005 | 0.001 95 97.98 97.97 95 98.04 98.03 90 99.48 99.44
0.01 | 0.0001 95 97.98 97.97 95 98.04 98.03 90 99.61 99.57
0.001 | 0.0001 95 97.98 97.97 95 98.04 98.03 90 99.42 99.39
0.0001 | 0.0001 95 97.98 97.97 95 98.04 98.03 20 99.42 99.39

Weight-decay

0.00001 0.01 95 97.98 97.97 95 98.04 98.03 90 99.42 99.39
0.00005 0.01 95 97.98 97.97 95 98.04 98.03 90 99.42 99.39
0.00001 0.1 95 97.98 97.97 95 98.04 98.03 90 99.42 99.39
0.00005 0.1 95 97.98 97.97 95 98.04 98.03 90 99.42 99.39

Table 4.15: Applying weight reduction for ANNs used in mortality prediction

Table 4.16: shows the ANN performance results of the 10 mortality test sets and their mean

and standard deviation.
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Test

set Sens. Spec. CCR ASE ROC
1 97% | 98.77% | 98.73% 3.96% | 99.74%
2 90% | 98.71% | 98.72% 4.18% | 99.79%
3 79% | 98.79% | 98.79% 4.20% | 99.66%
4 92% | 98.79% | 98.79% 3.36% | 99.76%
5 84% | 98.77% | 98.77% 4.28% | 99.69%
6 75% | 98.64% | 98.64% 4.38% | 99.64%
7 75% | 98.73% | 98.74% 4.43% | 99.59%
8 88% | 98.77% | 98.73% 4.30% | 99.64%
9 87% | 99.01% | 99.01% 3.17% | 99.75%
10 75% | 98.99% | 99.00% 3.42% | 99.78%
Mean 84% | 98.80% | 98.79% 3.97% | 99.70%
STD 6.53 0.12 0.12 0.47 0.07

Table 4.16: ANN Performance results of 10 test sets for mortality outcome

Table 4.17 shows that the best prediction results achieved by using three-layer ANN with 13
hidden nodes at 0.0001 A and 0.001 »,. It achieved the highest sensitivity of 45.69% with high
specificity and CCR of 96.36% and 95.27%. Following the same method desctibed in delivery
type and mortality, the three-layer ANN with 13 hidden nodes was chosen to continue with
the next step of variable reduction. The performance of the ANN was measured using 10 test

sets as before. Table 4.18 shows the ANN performance results of the 10 Apgar5 test sets and

4.3.3

Apgath

their mean and standard deviation.
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Weight-

elimination Three-layer (6 hid) ANNs Three-layer (7 hid) ANNs Three-layer (13 hid) ANNs

Test Test Test Test Test Test Test Test Test

A wo Sens Spec CCR Sens Spec CCR Sens Spec CCR
0.01 0.01] 40.52% | 97.54% | 96.31% | 38.79% | 96.65% 9540 | 42.24% | 97.69% 97.69
0.001 0.01] 41.38% | 97.16% | 95.96% | 43.10% | 96.00% 94.87 | 43.97% | 95.83% 94.72
0.0001 0.011 40.52% | 97.54% | 96.31% | 38.79% | 97.82% 96.55 | 42.24% | 97.69% 96.50
0.05 0.01| 40.52% ;| 97.54% | 96.31% | 38.79% | 96.65% 9540 | 42.24% | 97.69% 96.50
0.005 0.01| 40.52% | 97.54% | 96.31% | 38.79% | 96.65% 0540 | 42.24% | 97.69% 96.50
0.0005 0.01| 40.52% | 97.54% | 96.31% | 41.38% | 95.72% 9455 | 42.24% | 97.69% 96.50
0.01) 0.001| 40.52% | 97.80% | 96.57% | 38.79% | 96.93% 95.68 | 41.38% | 93.26% 92.14
0.001| 0.001] 40.52% | 97.80% | 96.57% | 42.24% | 96.53% 95.37 | 41.38% | 93.26% 92.14
0.0001 | 0.001| 40.52% | 97.80% | 96.57% | 41.38% | 95.76% 94.59 | 45.69% | 96.36% 95.27
0.05| 0.001| 4052% | 97.80% | 96.57% | 38.79% | 96.93% 95.68 | 41.38% | 93.26% 92.14
0.005| 0.001| 40.52% | 97.80% | 96.57% | 38.79% | 97.56% 96.29 | 41.38% | 93.26% 92.14
0.0005| 0.001| 40.52% | 97.80% | 96.57% | 39.66% | 96.69% 95.46 | 41.38% | 93.26% 92.14
0.01] 0.0001 | 42.24% | 97.31% | 96.13% | 38.79% | 96.95% 95.70 | 43.10% | 92.21% 91.16
0.001 | 0.0001 | 42.24% | 97.31% | 96.13% | 38.79% | 97.01% 95.76 | 43.10% | 92.21% 91.16
0.0001 | 0.0001 | 42.24% | 97.31% | 96.13% | 38.79% | 97.05% 95.79 | 43.10% | 92.21% 91.16

Weight-decay

0.00001 0.01| 40.52% ;| 97.54% | 96.31% | 38.79% | 97.73% 96.46 | 42.24% | 97.69% 96.50
0.00005 0.01| 40.52% | 97.54% | 96.31% | 38.79% | 97.84% 96.57 | 42.24% | 97.69% 96.50
0.00001 01| 41.38% | 97.42% | 96.22% | 41.38% | 95.23% 94.07 | 31.03% | 88.29% 87.06
0.00005 0.1] 41.38% | 97.42% | 96.22% | 38.79% | 97.48% 96.22 | 31.03% | 88.29% 87.06

Table 4.17: Applying weight reduction for ANNs used in Apgar5 prediction

Test

set Sens. Spec. CCR ASE ROC
1 45.69% | 96.36% 95.27% 18.41% 79.20%
2 40.98% | 94.84% 93.62% 23.77% 75.38%
3 40.31% | 95.20% 93.88% 23.33% 74.98%
4 43.10% | 94.96% 93.85% 23.08% 78.07%
5 42.75% | 95.75% 94.46% 20.86% 72.23%
6 3417% | 95.30% 93.94% 22.96% 78.49%
7 40.00% | 93.19% 91.86% 55.87% 68.30%
8 39.23% | 95.10% 93.75% 22.70% 74.46%
9 35.90% | 94.56% 93.29% 24.54% 78.25%
10 40.31% | 95.20% 93.88% 23.33% 74.98%
Mean 4024% | 95.05% | 93.78% | 25.88% 75.43%
STD 3.19% 0.78% 0.82% 10.13% 3.18%

Table 4.18: ANN Performance results of 10 test sets for Apgar5 outcome
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4.4  Step 4: Computing Relative Importance

The relative importance of the input variables was calculated for each of the chosen ANN

architecture from the previous step using partitioning weight algorithm.

4.4.1 Delivery Type
Table 4.19 shows the relative importance for each input variable in the delivery type model,
ranked in order from highest to lowest. As mentioned in section 4.3.1, the three-layer ANN

with 5 hidden nodes was the ANN used for building this model. The ANN achieved

sensitivity, specificity and CCR of 53.76%, 98.1% and 91.64% respectively (Table 4.13).

Variable Rank | R-Importance
PUDENDAL 1 19.64%
GENERAL 2 13.35%
SPINAL 3 12.96%
NITOXIDE 4 5.82%
TERM 5 5.02%
PRESENT 6 4.53%
WEIGHT1 7 4.24%
GEST 8 3.99%
STEROIDS 9 3.26%
NARCOT 10 3.13%
EPIDURAL 11 2.96%
MONITOR 12 2.95%
NBABIES 13 291%
DELBY 14 2.45%
SMOKING 15 2.12%
HOSPTYPE 16 2.08%
LABTYPE 17 1.91%
GENDER 18 1.76%
MOMAGE 19 1.73%
PARITY 20 1.44%
SCALP 21 0.96%
MOMTRANS 22 0.78%
PRETERM 23 ~0.0%
BF 24 ~0.0%

Table 4.19: Relative importance for the input variables in delivery type model
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4.4.2 Mortality

Table 4.20 shows the relative importance for each input variables in mortality model, ranked in
order from highest to lowest. As mentioned before in section 4.3.2, the three-layer ANN with
5 hidden nodes was the ANN used for building this mortality model. It achieved sensitivity,

specificity and CCR of 97%, 98.82%, and 98.83% respectively (Table 4.15).

Variable Rank R-Importance
NITOXIDE 1 3.90%
RESDRUGS 1 3.90%
MONITOR 1 3.90%
MOMTRANS 1 3.90%
GEST 1 3.90%
EPIDURAL 6 3.67%
RESPPV 7 3.55%
PARITY 7 3.55%
ASSISTED 7 3.55%
PRETERM 7 3.55%
NARCOT 11 3.34%
SMOKING 12 3.24%
RESCHEST 13 3.16%
APGAR5 13 3.16%
NEOTRANS 13 3.16%
WEIGHT1 13 3.16%
RESFFO2 17 2.75%
MOMAGE 17 2.75%
PRESENT 17 2.75%
TERM 17 2.75%
RESINTUB 21 2.59%
APGAR1 21 2.59%
STEROIDS 21 2.59%
NBABIES 21 2.59%
SCALP 25 2.27%
CORD 26 2.20%
BF 27 2.14%
GENERAL 28 2.08%
SPINAL 29 2.05%
PUDENDAL 30 1.98%
DELBY 30 1.98%
LABTYPE 30 1.98%
HOSPTYPE 30 1.98%
DELTYPE 30 1.98%
GENDER 35 1.39%

Table 4.20 Relative importance for the input variables in mortality model
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4.4.3 Apgar5

Table 4.21 shows the relative importance for each input variable in Apgar5 prediction model,
ranked in order from highest to lowest. As mentioned before in section 4.3.3, the three-layer
ANN with 13 hidden nodes was the ANN used for building this Apgar5 model. It achieved

sensitivity, specificity and CCR of 45.69%, 96.36%, and 95.27% respectively (Table 4.17).

Variable | Rank ImR:;?tt::,i ]
GEST 1 6.40%
SPINAL > = 89%
SCALP 3 5 54%
BE 4 5.44%
GENERAL 5 5 41%
WEIGHT1 6 513%
SMOKING 7 = 12%
PUDENDAL 8 4.70%
EPIDURAL 9 1.38%
NITOXIDE 10 1.05%
STEROIDS 11 3.72%
PRETERM 12 3.55%
MOMTRANS 13 3.51%
HOSPTYPE 14 3.40%
PARITY 15 330%
GENDER 16 3.06%
MONITOR 17 3.15%
LABTYPE 18 3.10%
ASSISTED 19 3.05%
PRESENT 20 2 83%
DELBY 21 2.74%
MOMAGE 20 5 69%
TERM 23 2.68%
DELTYPE o4 2 50%
NARCOT 25 > 48%
NBABIES 26 5 03%

Table 4.21 Relative importance for the input variables in Apgar5 model
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4.5  Step 5: Variable Reduction

In this step the relative importance was used to find the minimum input variable set required
to predict each of the three outcomes. The input variables with the lowest relative importance

were removed one at a time until ANN performance degraded.

4.5.1 Delivery Type
Table 4.22 below shows the progress of input node reductions. The initial ANN consisted of
24 input nodes in the input layer. Each following reduction removed an input node with the
lowest relative importance ratio in the previous reduction. The first two reductions were done
by removing bf and preterm variables, which had the least relative importance (Table 4.19). The
third to eighth reductions removed momtrans, scalp, parity, age, gender and labtype at relative
importance less than 2%. Reductions were continued until there was a degradation of ANN
petformance. The removal of variable hosptype (ninth reduction) resulted in a degradation of
ANN performance because the log-sensitivity index went below 0.15 for the fist time. Also,
the sensitivity went below 50% for the first time: therefore, the decision was made to keep the
hosptype variable in the model. It must be mentioned here that if reduction was continued the
size of the input layer could be reduced to a very small number of input nodes number such as

7 nodes. This reduction resulted in a decrease of 4.18% sensitivity over the original ANN.

The remaining seven variables were: pudendal, general, spinal, nitoxide, term, present and weight1.
Birth weight weight! can found within the C/S delivery risk factors determined by previous
research studies [Yosef 1990]. Because of the difference in the perinatal database used in this
thesis and the obstetrical databases used in the previously mentioned studies, the resultant risk

factors were different. Some of the obstetric variables wete not collected in this database. This
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work is the first in which the C/S delivery (outcome delivery type) was predicted using
perinatal data. The new findings from the perinatal database refer to pain relievers taken by the
mothers. Four out of six pain relievers were found to be risk factors for C/S delivery. Almost
all mothers get pain therapy in labour (not just those with a problem). Knowing that pain
therapy is an important factor of predicting delivery type may allow changes in pain
management in labour to prevent the increasing ratio of C/S delivery in the region hospitals
[Walker 2005]. The baby’s position present during labour was expected to be a risk factor.

Having a baby with a breech position during labour could increase the risk of C/S delivery.

Number
Reduction | of input | Sensitivity | Specificity CCR
nodes

0 24 53.76% 98.10% 91.64%
1 23 51.81% 98.43% 91.64%
2 22 52.09% 98.31% 91.58%
3 21 50.70% 98.53% 91.56%
4 20 51.11% 98.60% 91.68%
5 19 51.67% 98.48% 91.58%
6 18 51.39% 98.43% 91.58%
7 17 51.11% 98.43% 91.53%
8 16 51.67% 98.48% 91.66%
9 15 49.30% 98.53% 91.35%
10 14 50.98% 98.53% 91.60%
11 13 49.72% 98.62% 91.49%
12 12 50.00% 98.53% 91.45%
13 11 50.56% 98.10% 91.17%
14 10 0.50836 98.65% 91.68%
15 9 51.11% 98.69% 91.76%
16 8 50.98% 98.46% 91.53%
17 7 50.98% 98.53% 91.60%
18 6 49.58% 98.67% 91.51%
19 5 38.58% 99.10% 90.28%
20 4 48.47% 98.74% 91.41%
21 3 48.33% 98.74% 91.39%
22 2 10.86% 99.64% 86.70%

Table 4.22: Variable reduction for delivery type model
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4.5.2 Mortality
Table 4.23 shows the progress of input variable reductions. The initial ANN consisted of 35
input nodes in the input layer. The first reduction removed gender variable, which is the only
variable with relative importance 1.39% (Table 4.20). The second to sixth reductions removed
the deltype, hosptype, labtype, delby and pudendal variables at 1.98% relative importance ratio. The
reduction process continued until reduction 28 (removal of reppy variable) which, resulted in a
degradation of ANN performance because the log-sensitivity index and sensitivity went below
0.87 and 95% and never improved again. Keeping reppr in the list of the important factors
leaded to keep parity, assisted and preterm. Theses three variables have exactly the same relative
importance as resppr (ranked 7). Also, under the medical advice of the MIRG medical
supervisor newborn weight weight1 and Apgar score apgard were kept in the final model.
Keeping these two variables were resulted in keeping all the variable with the same or higher
rank of relative importance, 1.e. narwot, smoking, reschest and neotrans (Table 4.20). Reduction
number 19 with 16 variables left in the model was selected to be the last variable reduction
(Table 4.23). The resulted risk factors were: nitoxide, resdrugs, monitor, momtrans, gest, epidural,

resppu, parity, assisted, preterm, narcot, smoking, reschest, apgar5, neotrans and weight1.

Compating this prediction model with other mortality models is a long and difficult process.
There are a large number of neonatal mortality models that have been found by researchers in
petinatal and neonatal environments. Our risk model included: three maternal pain relievers,
using nitrous oxide nitoxide, epidural epidural and narcotics narcot. This gave an alert for the
doctors against using these pain-relieving methods, especially nitrous oxide, which came as the

first risk factor in the list. Also, another alert concerns to the newborn resuscitation methods
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used. Three out of the five methods involved in the analysis, using resuscitation drugs resdrugs
and using bag and mask ventilation resppr and using chest compression reschest. More attention
must be paid to drugs used for resuscitation for a newborn as this came as the second risk
factor after using nitrous oxide pain relief for the mother. Some interesting factors were,
monitor and momtrans, these require further research to tell us how using different monitoring
method can affect the baby’s chances for survival. Also, the common reasons for inter-hospital
transfer for the mother, momtrans, was found to be because either she is a critical case requiring
more care and facilities this can only be provided by certain hospitals or is a home birth
planned mother who decides to transfer to hospital because of a complication during delivery.
Mother transfer can impact a critical delivery and the possibility of a critical newborn health
condition. Vatiable gest, preterm, apgars and weightT were expected to be in the model as it tests
the maturity of the baby and the chance to survive and it was always there in other comparable
models. As mentioned in section 2.2, weight, gestational age and Apgar score are risk factors
of predicting mortality found by Gray et al. 1992 and SNAPP-II scoring model. Also, weight

and gestational age are main factors in the CRIB risk index [Walker 2005].
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Number
Reduction | of input | Sensitivity | Specificity CCR
nodes

0 35 97.00% 98.82% 98.82%
1 34 90.00% 98.97% 98.94%
2 33 90.00% 99.12% 99.09%
3 32 90.00% 99.46% 99.42%
4 31 90.00% 98.66% 98.62%
5 30 95.00% 98.66% 98.64%
6 29 95.00% 98.23% 98.21%
7 28 95.00% 98.54% 98.53%
8 27 95.00% 98.71% 98.70%
9 26 90.00% 98.97% 98.94%
10 25 90.00% 99.16% 99.13%
11 24 95.00% 98.58% 98.57%
12 23 95.00% 98.10% 98.08%
13 22 95.00% 97.26% 97.27%
14 21 95.00% 98.25% 98.23%
15 20 95.00% 98.25% 98.23%
16 19 95.00% 99.35% 99.33%
17 18 95.00% 97.18% 97.19%
18 17 95.00% 98.21% 98.20%
19 16 95.00% 98.45% 98.44%
20 15 95.00% 98.41% 98.40%
21 14 95.00% 98.08% 98.07%
22 13 90.00% 99.33% 99.29%
23 12 95.00% 97.91% 97.90%
24 11 90.00% 99.24% 99.20%
25 10 90.00% 99.10% 99.07%
26 9 95.00% 97.03% 97.02%
27 8 95.00% 98.23% 98.21%
28 7 95.00% 99.03% 95.00%
29 6 90.00% 99.29% 99.26%
30 5 90.00% 99.29% 99.26%
31 4 85.00% 97.42% 97.38%
32 3 50.00% 86.77% 86.63%

Table 4.23: Variable reduction for mortality model

4.5.3 Apgar5

The initial ANN consisted of 26 input nodes in the input layer (Table 4.24). The first reduction

removed nbabies variable, which had the lowest relative importance of 2.03% (Table 4.21). The
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second to fourteen reductions temoved variables with relative importance less than 3.55%.
Reduction fifteen removed preferm vatiable which had 3.55% relative importance ratio. The
removal of preterm resulted in a clear degradation of the ANN performance (reduction 15). The
sensitivity decreased to 31.8% for the first time (Table 4.24). Keeping pretern, resulted the
following input set of 12 variables in the model: gess, spinal, scalp, bf, general, weightl, smoking,
pudendal, epidural, nitoxide, steroids and preterm. As this was the first Apgar5 model to out
knowledge, there is no previous model to compare with. Including previous preterm babies,
pretem, and a low Apgar score, apgar5, tisk factor was expected. The mother who had a
premature baby before could face more problems in her current pregnancy and delivery than a
mother who never had a premature baby. Also, having gestational age, gest, the most important
factor was highly expected as it is a very important indicator of the baby’s health condition.
The preterm baby, with gestational age of less than 37 weeks, could have more medical
problems than a term baby. A question about maternal pain relievers arises here, as five out of
six pain relievers are in the list of predicting Apgar5. So, could the use of pain relievers
seriously affect the newborn’s condition? The only pain relief that is not included in the above
list was pudendal, which had the second least relative importance (Table 4.21). This may signify
a safer use of pudendal as a pain reliever, which may not affect the newborn condition as
much as other drugs. It was not a surprising result to find smoking, even if they mother smoked
very little after 20 weeks gestational age, the seventh important factor in the list. Sczp and
steroids wete expected to be in the list since having these done to a newborn indicates medical
problems. The most surprising non-medical factor was pf, the intend of the mother to breast
feed, and how it became the fourth important variable in the list. So, can the mother’s
decisions about her future baby affect the baby’s health after birth? There are many questions

that arise here and require more studying by future researchers. It is hoped that the list of
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Apgar5’s most important factors (tisk factors) can help eliminate the risk factors in the future

to positively affect the condition of newborns [Walker 2005].

Number
Reduction | of input | Sensitivity | Specificity CCR
nodes

0 26 45.69% 96.36% 95.27%
1 25 41.38% 91.57% 90.49%
2 24 40.52% 97.08% 95.87%
3 23 44.83% 88.81% 87.86%
4 22 37.50% 97.77% 97.78%
5 21 37.07% 97.77% 96.46%
6 20 40.52% 97.20% 95.98%
7 19 38.79% 95.97% 94.74%
8 18 36.00% 96.67% 95.51%
9 17 39.66% 97.41% 96.16%
10 16 39.66% 97.41% 97.85%
11 15 38.00% 97.80% 96.57%
12 14 36.55% 97.42% 96.22%
13 13 35.54% 97.42% 96.22%
14 12 36.80% 97.16% 95.94%
15 11 31.80% 92.59% 91.55%
16 10 35.00% 95.17% 93.99%
17 9 36.50% 98.18% 96.96%
18 8 34.50% 96.87% 97.85%
19 7 34.50% 96.87% 95.64%
20 6 35.20% 97.54% 96.31%
21 5 36.50% 87.91% 87.04%
22 4 33.50% 91.29% 90.34%
23 3 32.00% 96.67% 95.40%
24 2 31.90% 97.63% 96.27%
25 1 31.89% 97.27% 95.94%

Table 4.24: Variable reduction for Apgar5 model

4.5.4 General Discussion
Combining the three risk factors, found in this section, together in an attempt to find the
common tisk factors that affect C/S delivery, neonatal mortality and low Apgar score resulted

in the following observations:
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Maternal pain relievers: there was always a direct relation between the above medical problems
and maternal pain relievers. Using Nitrous oxide was common in the three models; using
pudendal was the first risk factor in C /S delivery and eighth in low Apgar score. General pain
relief was the second and fifth risk factor for C/S delivery and low Apgar score. Spinal was the
thitrd and second C/S and low Apgar risk factors. Epidural received the sixth and ninth
positions in the mortality and low Apgar risk lists. Most of the C/S risk factors contained
maternal pain relievers. Narcotics was the eleventh risk factors on mortality only. All pain

relievers seemed to have an impact on the health problems under study in this thesis.

Gestational age and newborn weight were included in two of the three risk factors. Gestational
age was found to be the first and fifth risk factors for low Apgar score and mortality
respectively. Newborn weight was found to be one of the most important factors in predicting
the three outcomes. This result was expected as most of the studies mentioned in section 2.2
identified newborn weight as a risk factor for delivery type, mortality and consequently
Apgar5. Because Apgar score is a risk factor for predicting mortality, then the Apgar score risk
factor could be added to the mortality risk factors in order to add more variables to the

mortality predictions.

4.6  Step 6: Testing the Prediction Models

In this step, the prediction models built using the Perinatal Niday-2001 database will be tested
with a data not presented in the training set. The Perinatal Updated-1999 database is used for
this generalisation process. The best prediction models found in section 4.3 (4.3.1, 4.3.2 and
4.3.3) for delivery type, mortality and Apgar5 were tested first, followed by testing the three

reduced models (models with only the most important variables) of section 4.5 (4.5.1, 4.5.2
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and 4.5.3) for the three outcomes. The best ANN architectures used were the three-layer
ANNSs with 5, 5 and 13 hidden nodes for delivery type, mortality and Apgar5 respectively. As
mentioned in section 3.2.6, parity, delby and pudendal variables of the Perinatal Niday-2001
database have no correspondent variables in the Perinatal Updated-1999 database. So, these
three variables have been deleted from the testing of the best and reduced prediction models
for the three outcomes using the Perinatal Updated-1999 database. The following are the

results of the 1999 testing process for each outcome:

4.6.1 Delivery Type
Pevormance | Best Model | Reduced Model
easure
Test Sensitivity 48.88% 49.93%
Test Specificity 98.16% 97.39%
Test CCR 83.18% 82.96%
Test ASE 48.19% 51.64%
Test ROC 88.11% 84.93%
Test CP 70% 70%

Table 4.25: Testing delivery type prediction using Updated-1999 dataset

Table 4.25 shows the results of predicting delivery type using unseen dataset from the 1999
database. Comparing this table with the 2001 model from table 4.16, the sensitivity decreased
by 3.93%. The constant predictor for the 1999 dataset used was 70%. The specificity and the
CCR outperform the CP value, with higher Specificity than the 2001 model and less CCR of
8.05%. Testing the reduced model with the most important vatiables, the performance
measutes were stable with a sensitivity of 1.05% higher than the reduced model of the 2001

database (compared with Table 4.22).
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4.6.2 Mortality

Penl;lformance Best Model Reduced Model
easure

Test Sensitivity 87.50% 87.50%
Test Specificity 98.85% 99.16%
Test CCR 98.78% 99.08%
Test ASE 4.48% 3.40%
Test ROC 93.26% 93.45%
Test CP 99.36% 99.36%

Table 4.26: Testing mortality prediction using Updated -1999 dataset

Table 4.26 shows the results of predicting mortality using 1999 dataset with 99.36 CP. This
result was similar to the best prediction results of 2001 model from table 4.17 with a sensitivity
increase of 3.5%. Testing the reduced model of the most important variables, the specificity

and the CCR were similar to the 2001 results (compared with Table 4.23).

4.6.3 Apgar5

perlormance | BestModel | Reduced Model
easure

Test Sensitivity 35.75% 43.02%
Test Specificity 94.65% 76.85%
Test CCR 92.54% 75.64%
Test ASE 27.11% 70.76%
Test ROC 70.77% 63.33%
Test CP 96.4% 96.4%

Table 4.27: Testing Apgar5 prediction using Updated -1999 dataset

Table 4.27 shows the results of predicting Apgar5 using 1999 dataset with 96.4% CP. This

result is close to the prediction results of the 2001 model from table 4.18 with a decreased
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sensitivity of 4.5%. Using the reduced model, the sensitivity improved compared to the 2001

model but with a cost of 18% CCR (compared with Table 4.24).

The above generalization testing of the best and reduced models for each outcome was a very

important step to judge the strength of theses models.

For the 1999 database, the performance of the best and reduced models of delivery Type and
mortality were very similar to each other. But, for Apgar5 the best model achieved a better
specificity and CCR than the reduced model while the reduced model achieved a better
sensitivity. For Apgar5, difference between the least and the most important variables in the
list (Table 4.21) was only 4.37% (the largest was 6.4 % and the least 2.03%). They did not have
the clear difference in the relative importance which is found in Table 4.19 for determining the
relative importance of delivery type input variables. In the case of delivery type, some variables
had no relative importance (~0%) while the first variable in the list had a relative importance

of 19%.
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5 Conclusion

The main objective of this thesis was to identify the most important factors in predicting
delivery type (vaginal or caesarean), neonatal mortality (within the first 28 days of the
newborn’s life) and Apgar5 (Apgar score 5 minutes after birth) using the Perinatal Niday-2001
database. This objective was achieved by using feedforward backpropagation ANN and the
techniques discussed in Chapter 3 to build an ANN prediction model for each outcome. The

risk factors for each outcome were determined to be:

1. Delivery Type: pudendal, general, spinal, nitoxide, term, present and weight1.

2. Mortality: nitoxide, resdrugs, monitor, momtrans, gest, epidural, resppy, parity, assisted, preterm,

narcot, snoking, reschest, apgar5, neotrans and weight1.

3. Apgarb: gest, spinal, scalp, bf, general, weight1, smoking, pudendal, epidural, nitoxide, steroids and

preterm.

The above three set of variables are the minimum number of factors needed to predict each of

the three outcomes without degrading the best measured performance.

The comparison of the MIRG ANN tool with the BIOCORE fuzzy logic classifier showed

little difference in performance in predicting the low occurrence cases with a high sensitivity.
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The two approaches predicted the three outcomes with a similar CCR but the ANN predicted

the positive cases with a slightly higher sensitivity; this means a Caesarean delivery, death of a

newborn, or low Apgar5 score.

The three ANN models resulted in a classification rate similar or higher than the constant

predictor of each outcome. Using the log-sensitivity index as a measure of the ANN

petrformance helped in creating the three models with the best sensitivities and specificities.

The optimal ANN architecture and performance for each outcome were found to be;

Delivery Type: Three-layer ANN with 5 hidden nodes in the hidden layer. The
measures of performance for this ANN model were: sensitivity 52.8% = 1.3%,
specificity 97.9% £ 0.2%, CCR 91.3% % 0.4%, ASE 29.6% £ 1 %, ROC 89% £ 0.6 %
and CP 85.3%.

Mortality: Three-layer ANN with 5 hidden nodes in the hidden layer. The measures of
performance were: sensitivity 84% * 6.5%, specificity 98.8% £ 0.1%, CCR 98.8% *
0.1%, ASE 4% £ 0.5%, ROC 99.7% % 0.1% and CP 96.7%.

Apgar5: Three-layer ANN with 13 hidden nodes in the hidden layer. The measures of
performance for this ANN model were: sensitivity 40.2% * 3.2%, specificity 95.1% *
0.8%, CCR 93.8% * 0.8%, ASE 25.9% * 10.1%, ROC 75.4% % 3.2% and CP 97.8%.

The generalization ability of the optimal and simplified ANNs was measured using a Perinatal

Niday-1999 datasets. The generalization results using new data that bad not been presented in

the training sets assessed how well the ANNs performed. The following results show that:

Delivery Type: The measures of performance for the optimal ANN model were
sensitivity 48.9%, specificity 98.2%, CCR 83.2%, ASE 48.2%, ROC 88.1% and CP
69.6%. While for the simplified ANN the measures of performance were sensitivity
49.9%, specificity 97.4%, CCR 83%, ASE 51.6%, ROC 84.9% and CP 69.6%.
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e Mortality: The measures of performance for the optimal ANN model were sensitivity
87.5%, specificity 98.9%, CCR 98.8%, ASE 4.5%, ROC 93.3% and CP 69.4%. While
for the simplified ANN the measures of performance were sensitivity 87.5%,

specificity 99.2%, CCR 99.1%, ASE 3.4%, ROC 93.5% and CP 69.4%.

e Apgar5: The measures of performance for the optimal ANN model were sensitivity
35.7%, specificity 94.7%, CCR 92.5%, ASE 27.1%, ROC 70.8% and CP 99.4%. While
for the simplified ANN the measures of performance were sensitivity 43%, specificity

76.9%, CCR 75.6%, ASE 70.8%, ROC 63.3% and CP 99.4%.

5.1 Contributions

The main contributions of this thesis are:

1. Identfied the risk factors for C/S delivety, neonatal mortality and low Apgar score and

the commonality analysis of these risk factors.

2. This was the first use of ANN approach to investigate Apgar5, to our knowledge, as

an outcome in any perinatal or neonatal database.

Other contributions are:

3. Identified an error on applying Garson’s partitioning algorithm by Goh in 1995 and
reformulated Garson’s algorithm in simpler three equations which follow the original

idea published by Garson 1991.

&9



4. This was the first compatison of the MIRG ANN software and a fuzzy logic software.
The similar results supported the choices of ANN by MIRG for predicting medical

outcomes.

5.2 Future Work

As there is a huge amount of information in the Perinatal Niday-2001 database and in the
similar perinatal databases collected every year by the PPPESO, this work can continue with

many new possible research questions. For example:

Perinatal PPPESO Databases:

e Design another Apgar5 model with a new threshold value of 4 between the low and

normal Apgar score (7 is the threshold used in this thesis).

e Compare the risk factors of neonatal mortality with other database. Different
morttality models have been tried by MIRG on NICU database and are still under
study by other researcher. Comparing the risk factor of theses two MIRG works

will help in identifying mortality risk factors and improving the mortality model.

e Modify the cutoff point to see if it can improve the prediction of the three
outcomes. For example, changing the mortality to include newborns who die within
one week after the 28 days. This will increase the number of positive cases and

reduce the skewness of the database. Other modifications include deleting the “in-
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between” cases. In case of mortality, newborns who die between 28 days and two

month of birth would not be included.

Statistical Approach:

e Using different statstical methods (such as logistic regression) to select the most
significant variables and compare this with the most influential variables found by

ANNs

e Designing ANN models using the most significant variables found by logistic
regression and compare the result with the most important factors and

performance found in this thesis.

e Designing logistic regression models using the most important factors found by

ANN and compare the results with the results of this thesis.
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Appendices

Appendix A: List of Variables of the Enhanced
Database Computer Entry Program

This list includes instructions to the user on how each variable entered into the Enhanced
Database Computer Entry Program. Notice that each data should be collected on each birth
(not pregnancy). Therefore, if a multiple gestation, then each baby is entered separately
[PPPESO 2001].

Baby No.

At the beginning of each month, number each birth, beginning with the number “1".

Postal Code

Enter the mother’s complete postal code (LEL#L#). No space entered.

Birth Date

Indicate the baby’s date of bitth (MM/DD/YYYY). The calendar can be clicked and used

to select a date.

Mother’s Age
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Enter the mother’s age in completed years using the pick list. Do not round the number (e.g.

29 years and 7 months should be entered as 29 years). Range is 12-55 years.

Inter-Hospital Transfer

Record maternal transfers here. If the woman was transferred to your hospital to give birth,
indicate where she was transferred from: No transfer, Almonte, Belleville, Brockville,
Cornwall, Hawkesbury, Kingston, Montfort, Napanee, Ottawa Hospital — Civic Campus,
Ottawa Hospital — General Campus, Pembroke, Perth Smiths Falls, Picton, Queensway

Carleton, Renfrew, Winchester, Planned Home Birth, Outside Eastern Ontario.

No. Previous Term Babies
From the Gravidity section of the Obstetrical Record Logbook, enter the number listed under

“T” (ensure you take the number from the correct column). Range is 0-15.

No. of Previous Preterm Babies
From the Gravidity section of the Obstetrical Record Logbook, enter the number listed
under

“P” (ensure you take the number from the correct column). Range is 0-15.

Number of Babies

Indicate the number of babies (1, 2, 3, 4, 5, 6, > 6) in this pregnancy using the pick list.

Weeks

Indicate the number of completed weeks (gestational age). The number of
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completed weeks is entered twice in the computer program to ensure accuracy.
Do not round the number (.e. 32 weeks and 5 days = 32 weeks) and do not enter

the number of days. Range is 18-45 weeks.

Labour Type

Indicate the type of labour: Spontaneous, Induced, No Labour.

Presentation

Indicate the type of presentation (Vertex, Breech, or Other, Not Available).

Monitoring
Indicate which monitoring methods were used (at any time during this admission): Unknown,

No Monitoring, Auscultation only, Electronic only, Auscultation and Electronic.

Delivery

Indicate the type of delivery: Vaginal, VBAC, Primary C/S, Repeat with Ttial of Labour,

Repeat No Trial Labour.

Assisted with
Indicate whether the following were utilized to assist either a vaginal or cesarean birth:

None, Forceps, Vacuum, Forceps and Vacuum.

Maternal Pain Relief
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Indicate all methods of anesthesia and/ot pain relief utilized for this birth: General ,

Epidural, Spinal, Narcotics, Nitrous Oxide, Pudendal

NOTE: Even if an epidural infusion contains narcotics, select only the epidural
category. Select the narcotic category if the woman receives an IV, IM, or S/C

dose of narcotics.

Antenatal Steroids

Indicate whether antenatal steroids were administered: None; 1 dose < 24 hours

(before the time of birth); 2 doses: Last Dose < 24 hours (before the birth); 2 doses: Last
Dose => 24 hours (from the time of the last dose to the time of birth). Note: the

symbol “=>"" means equal or greater than on the computer program.

Delivered By

Indicate who delivered the infant: Unknown, Physician, Midwife.

Baby’s Sex
Indicate whether the baby is male or female. ‘“Missing” should only be completed if

ambiguous genitalia.

Weight
Indicate the weight of the baby in grams. Do not include decimals or commas. Do not round

the number. Weight is entered twice to ensure accuracy.

Apgar 1, Apgar 5
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Indicate the Apgar scores at 1 and 5 minutes: range is 0 to 10. Select “unknown” only if

information is missing.

Scalp Blood Gases

Indicate whether scalp blood gases were done: Yes, No, Missing.

Cotd Blood Gases

Indicate whether umbilical cord blood gases were done: Yes, No, Missing.

Newborn Resuscitation
Indicate all interventions that were utilized, regardless of duration:
FF02 (ie. free flow oxygen); PPV (i.e. bag and mask ventilation); Intubation; Chest

Compression, Drugs (i.c. epinephrine, sodium bicarbonate or volume expanders).

Breastfeeding
Indicate whether the woman intends to breastfeed (regardless of whether any feeding

occurs while in the LDR area): Yes, No, Missing.

Smoking

Indicate whether any maternal smoking has occutred at any time after 20 weeks

gestation (regardless of the duration or amount): Yes, No, Missing.

Stillbirth/Neonatal Death
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Indicate when and where the death occurred (if not at your hospital) from the following

options:

N/A (Not Applicable)

e Siillbirth (i.e. > 20 wks and/or 500 g)

e Neonatal death (i.e. death which occurs within the first 28 days of life):
e <7 days of age at birth hospital

e < 7 days of age at transfer hospital

e 7-28 days of age at birth hospital

e 7-28 days of age at transfer hospital

Neonatal Transfer

Include infants transferred during the first 7 days of life only (not back transfers). Indicate
which hospital received the infant no transfer, Almonte, Belleville, Brockville, CHEO,
Cornwall, Hawkesbury, Kingston, Montfort, Napanee, Ottawa Hospital — Civic Campus,
Ottawa Hospital — General Campus, Pembroke, Perth Smiths Falls, Picton, Queensway

Catleton, Renfrew, Winchester, Outside Eastern Ontario.

Comments

This section should be used to write information that is important such as maternal, fetal or

neonatal complications or other details or clarifications.
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Appendix B: Neonatal Scoring Systems

Apgar Score

Developed in 1952 by neonatologist Dr. Virginia Apgar, the Apgar score [Apgar 1953, Apgar
et al. 1958] is measured at one, five and ten minutes after birth to quickly assess a newborn’s
initial condition. Table B.1 shows the parameters that are assessed and scored a value of 0 to 2,
summing to a maximum score of 10. A score of 7 to 10 is normal (it is rare to receive a one-
minute Apgar score of 10 because newborns are usually somewhat pale from the delivery
process). Infants scoring between 4 and 6 may require some minor interventions, but will likely
recover quickly. A score under 4 indicates that the baby may require immediate resuscitative
measures, however, there is still a possibility of good outcome. Prematurity and medication

given to the mother may account for a lower Apgar score [BabyCenter 2003][{Ennett 2003].

Table B.1 Apgar scoring system

0 1 2
Appearance Pale Blue Pink
Pulse Absent <100 >100
Grimace Absent Grimace Cry active
Activity Limp Some tone Active
Respiration Absent Irregular Regular and cry

98



CRIB Score

The Clinical Risk Index for Babies (CRIB) was developed retrospectively on a population of 735
infants whose birth weight was 1500g or less, or whose gestational age was less than 31 weeks
[INN 1993]. The data was collected from four UK tertiary-level hospitals between 1988-1990. The
CRIB score uses data collected in the first 12 hours of birth to predict in-hospital death, and
excluded infants with inevitably lethal congenital malformations. Table A-2 defines the parameter
ranges and their associated scores for this additive model. CRIB predicted death in the validation

set with 51% sensitivity at 95% specificity. This score was developed before surfactant therapy

became widely used {Ennett 2003].

Table B.2: CRIB scoring system

Risk factor

Score

Birth weight (g)

Gestation (week)

Congenital malformations (excluding
inevitably lethal malformations)

Maximum base excess in first 12 h
(mmol/L)

Minimum appropriate FiO2 in first 12 h

Maximum appropriate FiO2 in first 12 h

> 1350
851-1350
701-850
<700

> 24

<24

None

Not acute life-threatening
Acutely life-threatening
>-7.0

-7.0 to 9.9
-10 to —-14.9
>-15.0
<040
0.41-0.60
0.61-0.90
0.91-1.00
<0.40
0.41-0.60
0.61-0.90
0.91-1.00

e}
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NTISS Score

The Neonatal Therapeutic Intervention Scoring System (NTISS) [Gray et al. 1992] was based
on the adult-ICU score ;alled the Therapeutic Intervention Scoring System (TISS) [Cullen et
al. 1974] to predict in-hospital mortality. The score was developed using data from 1643
newborns admitted to 3 NICUs between November 1989 and September 1990, and excluded

moribund patients. A detailed description of the variables measured using NTISS is shown in

Table B.3 [Ennett 2003].
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Table B.3: NTISS scoring system

Item Subscore  Item Subscore
RESPIRATORY MONITORING (con)
Supplemental oxygen 12 Thermoregulated environment 1
Surfactant administration 1 Noninvasive oxygen 1
Tracheostomy cate 1b Arterial pressure 1
Tracheostomy placement 1b Central venous pressure 1
Continuous positive airway pressute 2 Urinaty catheter 1
administration Quantitative intake and output 1
Endotracheal intubation 2 Extensive phlebotomy (>10 2h
Mechanical ventilation 3 blood draws)
Mechanical ventilation with muscle 42 METABOLIC/NUTRITION
relaxation Gavage feeding 1
High-frequency ventilation 42 Intravenous fat emulsion 1
Extracorporeal membrane 4 Intravenous amino acid solution 1
oxygenation Phototherapy 1
CARDIOVASCULAR Insulin administration 2
Indomethacin administration 1 Potassium infusion 3
Volume expansion (<= 15 mL/kg) 1¢ TRANSFUSION
Vasopressor administration (1 agent) 2d Intravenous gamma globulin 1
Volume expansion (> 15 mL/kg) 3¢ Red blood cell (<=15 mL/kg) 2
Vasopressor administration (>1 3d Partial volume exchange 2
agent) Red blood cell (>15 mL/kg) 3
Pacemaker on standby 2 Platelet 3
Pacemaker used 4 White blood cell 3
Cardiopulmonary resuscitation 4 Double volume exchange 3
DRUG THERAPY PROCEDURAL
Antibiotic (<=2 agents) 1f Transport of patient 2
Diuretic (enteral) 1x Single chest tube in place 2
Steroid (postnatal) 1 Minor operation 2k
Anticonvulsant 1 Multiple chest tubes in place 3i
Aminophylline 1 Thoracentesis 3
Other unscheduled medication 1 Major operation 4k
Antibiotic (> 2 agents) 2f Pericardiocentesis 4!
Diuretic (parenteral) 238 Percardial tube in place 4
Treatment of metabolic acidosis 3 Dialysis 4
Potassium binding resin 3 VASCULAR ACCESS
MONITORING Peripheral intravenous line 1
Frequent vital signs 1 Arterial line 2
Catdiorespiratory 1 Central venous line 2
Phlebotomy (5-10 blood draws) 1h

* Superscript letters represent mutually exclusive variables.
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Table B.4: SNAP variable list and scoring system [Richardson et al. 1993a]

Variable Points scored
0 1 3 5
Mean blood pressure High <66 66-80 81-100 >100
Low >35 30-35 20-29 <20
Heart rate High <180 180-200 201-250 >250
Low >100 80-100 40-79 <40
Respiratory rate High <60 60-100 >100 -
Temperatute (°F) Low >96 95-96 92-94.9 <92
pO2 Low >65 50-65 30-50 <30
pO2/FiO2 ratio Low >3.5 2.5-35 0.3-2.49 <0.3
pCO2 High <50 50-65 66-90 >90
Oxygenation index High <0.07 0.07-0.2 0.21-0.40 >0.40
Hematocrit High <66 66-70 >70 -
Low >35 30-35 20-29 <20
White blood count Low >5.0 2.0-5.0 <2.0 -
Immatute/total neutrophil ratio High <0.21 20.21 - -
Absolute neutrophil count Low >999 500-999 <500 -
Platelet count Low >100 30-100 0-29 -
Blood urea nitrogen High <40 40-80 >80
Creatinine High <1.2 1224 2.5-4.0 >4.0
Urine output Low >0.9 0.5-0.9 0.1-0.49 <0.1
Indirect bilirubin High
- bili for birth weight>2kg <15 15-20 >20 -
- bili/kg for birth weight<2kg <5 5-10 >10 -
Direct bilirubin High <2.0 >2.0 - -
Sodium High <150 150-160 160-180 >180
Low >130 120-130 <120 -
Potassium High <06.6 6.6-7.5 7.6-9.0 >9.0
Low >2.9 2.0-2.9 <2.0 -
Total calcium High <12 >12 - -
Low >6.9 5.0-6.9 <5.0 -
Tonized calcium High <14 >1.4 - -
Low >1.0 0.8-1.0 <0.8 -
Glucose High <150 150-250 >250 -
Low >40 30-40 <30 -
Serum bicarbonate High <33 >33 - -
Low >15 11-15 <10 -
Serum pH Low >7.30 7.20-7.30 7.10-7.19 <7.10
Presence of seizures None Single Multiple -
Presence of apnea none Response to No response  Complete
stimuli to stimuli apnea
Stool guaiac Negative Positive — —
* Additional points scored for the Perinatal Extension (SNAPPE) are:
Birth weight < 749 ¢ 30 points
Birth weight 750-999 ¢ 10 points
Apgar < 7 at 5 minutes 10 points
Small for gestational age (<5® percentile) 5 points
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Appendix C: Description of the Perinatal Niday-

2001 Database

iIDNUM

Baby's birth identification
number

Beginning with the number 1

DOB

Baby's date of birth

-

(MM/DD/YYYY)

GENDER

Indicates baby's sex

1=male, 2=female

BF

Indicates weather the
women intends to
breastfeed

1=yes, 2=n0

SMOKING

Indicates whether any
maternal smoking has
occurred at any time after 20
weeks gestation

1=vyes, 2=no

CORD

Indicates whether umbilical
cord blood gases were
done

1=vyes, 2=n0

SCALP

Indicates whether scalp
blood gases were done

1=yes, 2=n0

GENERAL

Indicates whether maternal
pain relief: General was
used

1=vyes, 2=n0

EPIDURAL

Indicates whether maternal
pain relief; Epidural was
used

1=yes, 2=no

SPINAL

Indicates whether maternal
pain relief: Spinal was used

1=yes, 2=n0

NARCOT

Indicates whether maternal
pain relief: Narcotics was
used

1=yes, 2=no

NITOXIDE

Indicates whether maternal
pain relief: Nitrous Oxide
was used

1=yes, 2=n0

PUDENDAL

Indicates whether maternal
pin relief: Pudendal was
used

1=ves, 2=n0

RESFFO2

Indicates whether newborn
resuscitation: FF02 was
used

1=vyes, 2=n0

RESPPV

Indicates whether newborn
resuscitation: PPV was used

1=yes, 2=n0

RESINTUB

Indicates whether newborn
resuscitation: Intubation was
used

1=yes, 2=n0

RESCHEST

Indicates whether newborn
resuscitation: Chest
Compressions was used

1=yes, 2=no

RESDRUGS

Indicates whether newborn
resuscitation: Drugs was
used

1=vyes, 2=no
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DELBY

Indicates who delivered the
baby: physician or midwife

1=physician, 2=midwife

MOMAGE

Age of the mother

Range:12-55

PARITY

Parity

Range: 0-15

APGAR1

Apgar score at 1 min

Range: 0-10

MONITOR

Monitoring methods

1=No monitoring
2=Auscultation only
3=Electronics only
4=Auscultation and electronics

LABTYPE

Labour type

I=Spontaneous
2=Induced
3=No Labour
4=Not Available

PRESENT

Type of presentation

1=vertex
2=breech
3=other

ASSISTED

Assisted with forceps,
vacuum or none

1=none
2=forceps
3= vacuum 4=forceps and vacuum

STEROIDS

Indicate whether antenatal
steroids were administered

1=None

2=1 dose < 24 hours (before birth)

3=2 doses: Last Dose < 24 hours (before
birth)

4=2 doses: Last Dose => 24 hours (from
the time of the last dose to birth).

NEOTRANS

Neonatal transfer during the
first 7 days of life

Indicate which hospital received the infant:
no transfer, Almonte, Belleville, Brockville,
CHEO, Cornwall, Hawkesbury, Kingston,
Montfort, Napanee, Ottawa Hospital —
Civic Campus, Ottawa Hospital — General
Campus, Pembroke, Perth Smiths Falls,
Picton, Queensway Carleton, Renfrew,
Winchester, Outside Eastern Ontario.

MOMTRANS

Mother inter-hospital
Transfer

If the woman was transferred to the
hospital to give birth.

Indicate where she was transferred from:
No transfer, Aimonte, Belleville, Brockuville,
Cornwall, Hawkesbury, Kingston,
Montfort, Napanee, Ottawa Hospital —
Civic Campus, Ottawa Hospital — General
Campus, Pembroke, Perth Smiths Falls,
Picton, Queensway Carleton, Renfrew,
Winchester, Planned Home Birth, Outside
Eastern Ontario.

HOSPTYPE

Hospital type

1=Teaching Hospitals
2=[.arge Community Hospitals
3=Small Community Hospitals

TERM

No. previous term babies

range: 0-15

PRETERM

No. previous preterm babies

range: 0-15

NBABIES

Number of babies in this
pregnancy

1,2,3,4,5,6,>6
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WEIGHT1

Baby's weight

in grams

GEST Gestational Age I | range: 18-45 weeks
+1= Primary C/S, repeat C/S with trial
DELTYPE Delivery Type I | labour or repeat C/S with no trial labour
-1=vaginal or VBAC
+1=Neonatal death(i.e. death which
NEODEATH | Neonatal Death | | oceurs within the first 28 days of life)
-1=N/A (i.e. survivor)
range: 0-10
APGARS5 Apgar score at 5 mins | | +1=from 0-7 (low Apgar score)

-1=from 7 to 10 (high Apgar score)

Table C.1: Niday-2001 variables and definitions
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Appendix D: Description of the Perinatal Niday-

1999 Database

IDNUM

Baby's birth identification
number

Beginning with the number 1

YEAR

Baby's year of birth

Number

MONTH

Baby's month of birth

Range: 1-12

DAY

Baby's day of birth

Number

GENDER

Indicates baby's sex

m———

1=male, 2=female

BF

Indicates weather the
women intends to
breastfeed

1=yes, 2=no

SMOKING

Indicates whether any
maternal smoking has
occurred at any time after 20
weeks gestation

1=yes, 2=no

CORD

Indicates whether umbilical
cord blood gases were
done

1=yes, 2=no

SCALP

Indicates whether scalp
blood gases were done

1=yes, 2=no

GENERAL

Indicates whether maternal
pain relief: General was
used

1=yes, 2=no

EPIDURAL

Indicates whether maternal
pain relief: Epidural was
used

1=yes, 2=n0

SPINAL

Indicates whether maternal
pain relief: Spinal was used

1=yes, 2=no

NARCOT

Indicates whether maternal
pain relief: Narcotics was
used

1=yes, 2=no

NITOXIDE

Indicates whether maternal
pain relief: Nitrous Oxide
was used

1=yes, 2=no

RESFFO2

Indicates whether newborn
resuscitation: FF02 was
used

1=yes, 2=no

RESPPV

Indicates whether newborn
resuscitation: PPV was used

1=yes, 2=n0

RESINTUB

Indicates whether newborn
resuscitation: Intubation was
used

1=yes, 2=n0

RESCHEST

Indicates whether newborn
resuscitation: Chest
Compressions was used

1=yes, 2=no

RESDRUGS

Indicates whether newborn
resuscitation: Drugs was
used

1=yes, 2=no

MOMAGE

Age of the mother

Range:12-55
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APGAR1

Apgar score at 1 min

Range: 0-10

1=No monitoring
2=Auscultation only

MONITOR Monitoring methodes I 3=Flectronics only
4=Auscultation and electronics
SPONTDEL | Spontaneous labour B | T=yes, F=no
1=Spontaneous
2=Induced
LABTYPE Labour t ]
abourtype 3=No Labour
4=Not Available
1=vertex
PRESENT Type of presentation | | 2=breech
3=other
FORCEPS Assisted with forceps B | T=yes, F=no
VACUUM Assisted with vacuum B | T=yes, F=no
0=None
1=1 dose < 24 hours (before birth)
Indicates whether antenatal 2=2 doses: Last Dose < 24 hours (before
STEROIDS steroids were administrated I birth)
3=2 doses: Last Dose => 24 hours (from
the time of the last dose to birth).
1=N/A
2=CHEO
Neonatal transfer during the 3=Ottawa Hospital: General
NEOTRA ; N I .
OTRANS first 7 days of life 4=Kingston General
5=0ther Hospital
6=0Ottawa Hospital: Civic
1.N/A
Mother inter-hospital 2.Metro
MOMTRANS transfer I 3.Region
4.Outside Eastern Ontario
1=Teaching Hospitals
HOSPTYPE | Hospital type | | 2=Large Community Hospitals
3=Small Community Hospitals
TERM No. previous term babies | | Range: 0-15
PRETERM No. previous preterm babies | | | Range: 0-15
NBABIES Number of babies in this | | 12345656
pregnancy
WEIGHT1 Baby's weight 1 | in grams
GEST Gestational age | | Range: 18-45 weeks
PRIMCS Primary C/S B | T=yes, F=no
TOL Trial of labour B | T=yes, F=no
VBAC Vaginal birth after C/S B | T=yes, F=no
REPEATCS | Repeated C/S B | T=yes, F=no

107




1=Vaginal

BIRTHMOD | Birth mode B 2-C/S delivery
+1=Neonatal death(i.e. death which
NEODEATH | Neonatal death | | occurs within the first 28 days of life)
-1=N/A (i.e. survivor)
Range: 0-10
APGAR5 Apgar score at 5 mins !

+1=from 0-7 (low Apgar score)
-1=from 7 to 10 (high Apgar score)

Table D.1: Niday-1999 variables and definitions
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Appendix E: ROC Curves of Best-Performing
Networks

ROC Curve for Classification Using DLBP
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Figure E.1: The ROC curve of the best-performing network for delivery type ptrediction
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ROC Curve for Classification Using DLBP
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Figure E.2: The ROC curve of the best-performing network for mortality prediction

110



ROC Curve for Classification Using DLBP
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Figure E.3: The ROC curve of the best-performing network for Apgar5 prediction
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