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Glossary

Hypothesis: Any vetbal statement is a hypothesis. A hypothesis in data mining/machine
learning/statistics context is a concept/cause-effect relationship/ explanation of some
phenomena that can be tested or argued by the analysis on data. Statistically, there exists null
hypothesis and alternative hypothesis (the alternative to null hypothesis). A null hypothesis is
the first statement that we made from empitical observation or experiment results. A
hypothesis space is a predefined space for potential hypotheses.

Goodness-of-Fit Test: Goodness of fit represénts the conformity of the observed data’s
distribution with the poéi‘ted distribution. The goodness-of-fit test is a statistical test in which
the validity of the null hypothesis is tested. The Hosmer-Lemeshow goodness of fit test
compates obsetved and expected numbet of outcomes ovet all categotized deciles.

P-value: P-value measure of how much evidence we have against the null hypotheses. The
smaller the p-value, the stronger evidence we can reject the null hypothesis. It assesses how
likely to get certain result that correspondence the observed samples, assuming that the null
hypothesis is true.

Statistical Significance: A test result is not statistically significant when P-value based on a
null hypothesis is less than the critical value a= 5% or 1%,

Constant Predictor: Constant predictor classifies all patterns in a data set to the categoty with
the highest a priori probability of the data set. |

MIRG. Medical Information technology Research Group located in Ottawa, ON. Principle
investigators: Dr. Monique Frize, P.Eng., O.C. (Carleton University and University of Ottawa)
and Dr. C. Robin Walker, MBBS, FRCPC (Children’s Hospital of Eastern Ontario .and

University of Ottawa).



Maximum Likelihood Estimation: The maximum likelilhood estimation is a statistical
method used to infer the undetlying probability distribution of a population on a given data

set.

Neonatal Mortality: Defined by the World Health Organization as death occurring before 28

days of age.



Acronyms

ANN. Artificial neural network

APACHE. Acute physiology and chronic health evaluation
CBR. Case-based reasoner

KNN. K-nearest neighbour algotithm

MLP. Multi-layer Petceptom

NICU. Neonatal intensive care unit

NTISS. Neonatal therapeutic intervention scoring system
NBC. Naive Bayes Classifier

ROC. Recetver operating characteristic curve

SNAPPE-II. Score for neonatal acute physiology’ with Perinatal Extension-II

ANN-PPF. Artificial neural network based probability prediction framework
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Abstract

It has been shown that neural netwotks can be trained to predict clinical outcomes of a
neonatal intensive care unit-(NICU). This thesis expands past research and presents a neural
network approach that predicts the ptrobability of NICU mortality. The resulting neural
network models are able to not only classify the dichotomous outcome (i.e. survival or death)

but also estimate the probability of death.

The general conditions necessary for the neural network to estimate probabilities are discussed
in the thesis. The neurak network estimation of mortality probability includes the following
steps: modeling the neural network cost function with the likelihood function; detiving the
gradient ascent training algorithm to perform the maximum likelihood estimation; developing
the neural network models with the NICU data; evaluating petformance by the Receiver

Operating Characteristic Curve and Hosmer-Lemeshow test.

These neural network based probability estimation models applied as the mortality
prognostic tools are presented. For this purpose, two apptroaches for improving the models’
sensitivity are suggested: adjustment of the cost function and the cutoff point. Both of them

wete tested and results are discussed.
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Chapter 1 Introduction

1.1 Motivation

All parents expect to have healthy babies. The neonatal intensive care unit‘(N ICU) is equipped
with advanced neonatal medical devices, professional physicians and health care staff to
provide special treatment for sick newborns. Babies are usually admitted to the NICU if they
are born prematurely, or face illness with high risk of death, or if complications occut during
delivery. The estimation of the neonatal mortality risk in the NICU has implications with the
ptdvision of aggressive patient care and management of medical resources [Stevens et al. 1994].
The timely, objective and‘accurate judgment of the mortality risk not only helps to control the
in-hospital mortality rate but also reflects the quality of the hospital services in obstetric and

neonatal care.

For this purpose, researchers and physicians explored and developed vatious approaches to
imprové diagnosis in the NICU. Scoring systems such as NTISS[Gray et al. 1992,
CRIB/CRIB-II[INN 1993, Parry et al. 2003], SNAP/SNAPPE-II[Richatdson et al. 2001] were
developed as decision support tools to study infants’ severity of illness and risk of death. These
scores were calculated from the sum of sub-scores assigned by physicians based on patients’
physiological parameters, such as birth weight, blood pressure, etc. A high score usually
represents higher risk of death. The availability of reliable and valid instruments to measure the
severity of illness allows the conduction of unbiased compatisons in benchmarking [Field et al.
2002] and quality of care studies. Moreover, they can better define populations of neonates
within clinical trials, outcome evaluations, or resource utilization studies [Pollack et al. 2000].
Although scoring systems are widely used by NICU physicians to evaluate patients’ potential

outcomes in order to decide on the course of therapy, they do not directly predict the
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probability of mortality. Estimating mottality probability provides physicians with numerical

comparison on outcomes and the illness of severity.

With the development of computer technologies and computing c;apabi]ities, artificial
intelligence systems have been increasingly adopted as medical decision support tools since the
1990s. Various approaches such as Bayesian Network, Neural Network, Principal Component
Analysis (PCA) and Decision Tree were introduced by researchers and computer engineers
and scientists to analyse medical data and assist in ptedicting outcomes related to certain
clinical conditions [Onisko et al. 1999, French et al. Long et al. 1993]. Artificial Neural
Networks (ANNs), With"a strong ability to learn from data and deal with noisy data [Haykin

1997], are gradually accepted by researchers to develop decision support tools for studying

medical outcomes.

The Medical Information technology Research Group (MIRG), located in Ottawa, Canada,
and foﬁnded by Dr. Monique Frize, a professor of Catleton University and University of
Ottawa, has been engaged in research on using ANNs to predict clinically significant outcomes
since the early 90s [Frize et al. 2000]. Frize et al. [1995] performed studies on estimated
duration of artificial ventilation, as well as estimates of mortality and length of stay in an adult
intensive care unit. For the purpose of simulating the manner in which physicians work, an
artificial neural network model can be trained to estimate vatious clinical outcomes. The
simulation process is like a clinician's considetation of potential patient outcomes: "And for
this particular patient, this is what I think will happen"[Frize et al 1995, 1998). Artificial Neural
Network models with a weight elimination cost function and log-sensitivity stopping criterion
identified the most influential risk factors for predicting NICU mortality and were shown to

outperform conventional scoting systems (e.g. SNAP-II) [Ennett PhD thesis 2003}

12



In MIRG’s previous wotk, ANN-based clinical outcome prediction models directly classified
predicted outcome into distinct claéses. For example, the results of mortality prediction models
categorized the patient into two populations, namely death and sutvival, which represent Bigh
and low risk patients respectively. However, they cannot further discxiﬁzinate the nisk (ie.
severity of illness) within the same populations. Incorporating information to stratify patients
into more groups according to the mortality risk will help to allocate medical resources and
imptove neonatal care effectively. The probability of mortality represents the level of
uncertainty of death, which is an indicator for the sevetity of illness. An ANN model of
prdbability estimation would be of great interest and flexibility to decision makers to overview
the populations based o}; the detailed levels of illness severity. In addition, it is useful for a
decision support tool to provide probabilistic information of medical outcomes since
physicians ate familiar with statistical methods and data. Finally yet importantly, for researchers
who ate interested in classifying a dichotomous outcome, this kind of probability model can

lead to the development of a mortality-screening tool by assigning appropriate cutoff points

within the probability range.

Thetefore, we need an approach within the ANN framework to estimate probabilities of

outcomes. This new method is to supplement MIRG’s ongoing study on predicting NICU

outcomes.

1.2 Problem Definition

Predicting probability of NICU mortality requires development of new artificial neural
netwotk models. The output of these models is able to approximate the probability of

mortality given the inputs using NICU patients’ physiological variables. The training data and
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test data for model development came from the Canadian Neonatal Network database (CNN),
which is introduced in section 4.1. The CNN database contains patients’ physiological data and

outcomes (e.g. death or survival) but not probability information.

From traditional understanding, if an ANN is trained to predict probability, training data
should include probabilistic information. For a training set without any probability, a
brutal-force way is that we can use frequency analysis to add probabilities to the training set.
However, this approach needs extra data processing. A desited method should directly train
ANNs from samples without any probability attributes, and the resulting ANNs should be

»

able to estimate probabilities.

Another issue in this research is that the outcome distributions in the medical database are
highly imbalanced. For example, the patients who survive always outnumber the ones who die.
Since we ate interested in developing mortality probability estimation models, we need to
know 1f these highly imbalanced distributions affect the generation of these models. Artificial
neural networks usually have difficulty to learn rare outcomes in a skewed data set. A neural
netwotk model trained from an imbalanced data set usually suffers low sensitivity (i.e. poor
petformance on the prediction of the rare outcomes). MIRG members used over-sampling
and down—sampﬁng approaches to neutralize the imbalanced distributions in training sets.
These sampling methods did improve the sensitivity of ANN classifiers. However, some
questions may atise: will this approach work well in this probability problem? Are there

alternative solutions? We need to answer them in this research.

14



1.3 Assumption

An important assumption in this thesis is the independency of clinical variables. “Although
some variables are not guaranteed to be conditionally independent each other in any clinical
scenatio, it seems that there ate no strong dependencies between atttibutes (ie. medical
variables) in the data used by human expetts because attributes ate usually properly defined”
[Kononenko 1993]. Thetefore, in this thesis, we can assume that all medical variables are

conditionally independent each other.

1.4 Research Objectives

The primary objective of this reseatch is to look for a method to train ANNs to provide the
probability of NICU mortality. The resulting probability prediction models should have good

sensitivity and specificity when we use them as mottality-screening tools.

Several‘ issues must be addressed. First, necessary conditions and assumptions for a neural
network to estimate probability should be discussed. Second, because a training algorithm is
the cote of neural network leaming, a new weight-update algotithm is required. Third, as there
are over 80 variables in the CNN database, we need to identify a set of principal neonatal
mortality predictors among these variables. The set of predictors is employed as ANN inputs.
In addition, ANN simulation results need to be validated in order to ensure success of the

presented method. The Receive Operating Charactetistic cutrve [Fawcett 2003] measures the

models’ disctimination ability. The model’s calibration is showed by the results from the
Hosmer-Lemeshow goodness-of-fit test [Hosmer & Lemeshow 1989]. The calibration

indicates if 2 model-predicted distribution represents the true distribution over the observed

15



data. Last, solutions for obtaining a good sensitivity without affecting probability estimation

are necessaty.

1.5 Thesis Qutline

The thesis is divided into six chapters as follows:

Chapter 1: Introduction presents the motivation, the problem statement and the objectives
of this research.

Chapter 2: Background covers the televant information from medical decision support
systems, artifictal neural(netwotks, Bayesian learning framework to understand the problem
context and solutions. This chapter introduces many important concepts that lead to our
problem solutions.

Chapter 3: Alternative Approaches provides an introduction and proposal of a variety of
solutions for estimating the probability of NICU mortality. The reason of including these
methods is that they all tend to solve the same problem. Howevet, some solutions may not be
restricted within the neural network framework. To some extent, these methods supplement
the ANN-based solutions developed in out tesearch. Moteover, these methods could be of
interest for future research.

Chapter 4: Methodology provides a desctiption of research methods used. This chapter
includes an introduction of the research database and variables, a method of modeling ANN
cost function by Bayesian likelihood function, the detivation of a weight-update aigotithm,
neural network performance measures, a prototype of the simulation program, three
approaches for improving ANN sensitivity (sampling, adjustment of cost function, moving the
cutoff point). In addition, other issues, such as neural network parameters, data preprocessing,

network training mode, stopping criteria, are presented.

16



Chapter 5: Analysis of Results presents experimental results and discussions based on these

results.

Chapter 6: Conclusion summarizes the conclusion, main contributions, limitations and the

future work.

17



Chapter 2 Background

In this chapter, some clinical scoring systems ate first reviewed in section 2.1. Artificial neural
network as a powerful decision suppott tool is presented in section 2.2. This section includes
not only 2 summaty of work done by MIRG but a background introduction of ANN learning.
Based on the problem in the thesis, general conditions necessaty for an ANN to estimate the
postetior probability are discussed. These conditions unveil the linkage between the traditional
neural netwotk learning and some important concepts in the Bayesian framework. Concepts
and methods within the Bayesian learning framework ate introduced in the section 2.3. The

research approach is proposed in the last section.

2.1 Clinical Mortality Prediction Model in Literature

Scoring systems are the earliest tool assisting physiciéns to assess diseases and conditions of
in-hospital patients. Researchers developed various scoting models to assess severity of illness
and the risk of death for NICU patients. The following scoring systems are the most popular

models used in the NICU environment.

The Neonatal Therapeutic Intervention Scoring System (NTISS) [Gray et al. 1992] is 2 |
therapy-based severity of illness assessment index to measure the risk of mortality. It is a
modified form of the TISS scote [Cullen et al 1974, 1983] used in NICU. N'TISS vatiables are

in binary value form (i.e present or absent). The final score is calculated only from fhe most
intense intervention in a therapeutic category. NTISS scores the most intense level for each
therapy during a 24 hour scoring petiod, thus some scoting categoties are mutually exclusive.
The first scoting period begins at the time of admission (i.e.time of first vital signs collection),

although other 24-hour scoring periods are feasible. When scores are computed for sequential

18



days, attention must be paid to whether scoring is based on initiation of a therapy or simply the

preééncé/ continuation of the therapy.

CRIB (cliﬁical riék index for babies)[INN 1993], widely used in Eutope, is used to point
severity of illness of infants with birth weight less than 1550g or gestational age less than 31
VV?:CkS. It has ﬂle-disz;dvaﬁtage of using some data that can be determined by the clinician
[Gaghax\d1 et al. 2004]. CRIB.—II [Parry et al. 2003] is an update of CRIB, which is scored from
five items: sex; b1rth weight; gestational age; W6rstbase excess; temperature at admission and

use logistic equation to predict death rate.

' SNAP (si:_ore forneonatal acute physiology) [Richardson et al. 1993b}, developed and mainly
adopted in Unifed States and Canada, can be applied for infants with all birth weight and
gestational age. SNAP consists of 37 vatiables to measure tisk of mortality. The more severe
the. condition is, the higher the points are scored. SNAP has close relation vﬁth nursing
workload, length of hospitél stay and therapeutic intensity [Richardson et al. 1993a]. SNAPPE
(score forneonatal acute pilysiology——prenatal extension) [Richardson et al. 1993b] uses SNAP
vatiables plus birth weight, small for gestational age (SGA < 5® percentile) and 5 minute Apgat
score < 7 té assess mortality tisk. As other scoring systems, SNAP and SNAPPE were
designed to analyze groups of patients, not for predicting individual outcomes or for decisi'oﬁs
of the individual healthcare [Richardson et al. 1993a). CRIB and SNAPPE are the most
commonly used scores, and their peiformance has been extensively validated [Gagliardi etal.
2004). However, both scoring systems were developed based on the data from almost 20 years.
The moﬂality rate in.the old days is higher. These systems can no longe¥ providé the accurate
estimation of the mortahty nsk nowadays SNAP-II and SNAPPE- II as s1mphﬁed neonatal

_ﬁlness severity and mortahty nsk scores, were developed in 2001[Richardson et al. 2001] which
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use six and nine variables respectively collected over 12 hours from admissioninstead of the
original SNAP/SNAPPE over 24 hours. In experiments of SNAPPE-II, the area under the
teceiver opetator charactetistic curve was .91 +/- 0.01. Goodness-of-fit (Hosmer-Lemeshow)
Chi statistics was 0.90. Both SNAPII and SNAPPEII are simple, accurate, and robust across

populations based on clinical studies and applications[Richardson et al. 2001].

The Mortality Index for Neonatal Transportation (MINT) score [Broughton et al. 2004] was
developed to evaluate risk of neonates who need transport to another hospital based on the
_ information collected from a source hospital. The 7-variable (Apgar score at 1 minute, birth
weight, presence of a congenital anomaly, and infant’s age, pH, arterial partial pressure of-
oxygen, and heart rate at the time of the call) model was developed that obtained the results of
the area under ROC curves of 0.82 and 0.83 for the derivation and validation cohotts,
respectively. The 7 variables were then used to calculate the MINT score, which gave areas

under ROC curves of 0.80 forneonatal and prenatal death.

2.2 Clinical Decision Support System and Artificial Neural Network

2.2.1 Clinteal Decision Support Systens

We make decisions every day. The important decisions ate often difficult to make and require
both a great deal of information and an advanced level of decision support [Marakas 1999]. “A
dectsion suppott system couples the intellectual tesources of individuals with the capabilities of
the computer to improve the quality of decisions” [Gorry et al 1989]. A computer-based
decision suppott system functions as a decision maker experiencing a decision-making process
in real life: It requites technologies in the field of artificial intelligence (AI). As an

interdisciplinary field of computer science and cognitive psychology, AI focuses on the model
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and simulation of human thinking, reasoning, learning, and solving processes. Although those
processes in human brains are too sophisticated to be characterized in today’s computer
technology, the development of Al techniques, such as fuzzy logic classifiers, artificial neural
networks, genetic algorithm, decision trees, Bayesian learning, represents steps closer to the

goal.

In the clinical environment, decisions (i.e. diagnosis) are made according to patients’ historical
profiles, personal descriptions, clinical features and real-time physiologic parameters. They are
often surrounded with context of imprecision, uncertainty and vagueness. Numerical and
textual information generated by advanced medical devices ate always interwoven together.-
Redundant, erroneous or even missing data are common. These result in difficulties to define
rigorous patterns of symptoms and distinguish medical outcomes. Diagnosis may vary from
different clinicians and largely depends on their personal experience and ability in handling
data. Clinical decision support systems (CDSS) help clinicians make healthcare decisions by the
analysis of patient physiological variables [Payne 2000]. These systems usually consist of
computer programs for improving clinical diagnosis based on information provided by the
physicians or nurses [Bamnett et al. 1987] in order to reduce medical errors and improve patient
care [Trowbridge]. As an advocator of exploring clinical decision suppott systems, MIRG is
engaged in improving patient care through the development of computer information systems
to supportt integrated artificial intelligence applications. Frize et al {1993] combined an expert
shell with case-based teasoning abilities and a graphical user interface to display closely
matching patient cases in both an adult and a neonatal intensive care unit. The idea is for the
system to imitate a physician's approach in "temembering similar past cases” in order to
establish a differential diagnosis and/ot to determine a coutse of therapy [Frize & Walker.
2000}.

21



2.2.2 Artificial Neural Networks

In general, artificial neural networks ate computer programs simulating human brain’s
cognitive processes. Neural networks consist of parallel-distributed and inter-connected
computational units to store expetiential knowledge from a learning process in ordet to classify
new patterns [Haykin 1999]. The simple computational unit is analogue to the neuton in the
brain. The knowledge learned by the network is represented by synaptic weight between two
computationai units. The leaning ptocess is to adjust the synaptic weights to reduce the error
between desired output and actual output as much as possible when the network exposed to

environmental information (i.e. input data).

An ANN-based Decision Support System possesses many advantages for the clinical
environment. First, developing an ANN model does not need prior information and frequent
consultation with physicians. Obtaining knowledge from a domain expert may be time and
economic inefficiency [Marakas 1999]. Second, ANN’s have the better ability to deal with noisy
or incomplete data than traditional statistical or Al methods [Marakas 1999]. Last but most
important, ANNs can usually find solutions of complex problem including pattern
classification, mapping input data and outcomes with non-linear relationship [Haykin 1999].
Medical data is often believed to have nonlinear relationships between input variables and
outcomes, so the neural network is a gobd choice for data analysis in thevrhedical environment

[Baxt 1994].

ANNs vary in their distinct architectures and learning processes. From an architecture
perspective, ANNs include single layer networks, multilayer feed-forward neural networks (i..

with one or more hidden layers between input layer and output layer), recurrent networks (i.e.
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feed-forward networks with feedback loops) and associative networks, etc. ANN learning has
supervised learning and unsupetvised learning, proposed by Rosenblatt (1958) and Hebb (1949)
tespectively. The former is mainly used in pattern recognition and classification; the latter is
usually applied in pattern association. Tasoulis et al. [2004] used self-organizing learning, a type
of unsupervised learning, to identify association among different clinical variables collected
from ECG and their significance to the outcome of inner bleeding. In this thesis, both
multilayer and single layer networks were developed and the learning process was supervised

learning,

2.2.2.1 Basic Principals of ANN

Model of a Neuron

Fig 2.1 shows a single layer neural network with one neuron as a computational unit connected
with input synapses and output synapse. It is a simple form to explain how an ANN works.
Each input synapses is assigned with a weight 7. Input signals X7 were connecting to the
neuron by multiplying cortesponding Wi A linear combiner in ﬁhc neuron sums the mput
signals multiplied by the weight from each synapses. A bias term Bk is a threshold for the sum
of nputs on which the neuron is fired [Penny & Frost 1996]. Bias has the effect of increasing
or lowering the sum of neuron inputs. Usually, in neural computing, bias can be considered as
an additional term of synaptic weight with an input signal value of 1 or 1. The neuron output

is calculated by an activation function of the sum.
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Fig 2.1 Example of Single Layer Neural Network [Ennett, 2003]

Activation Functions

Sigmoid, hard-limit, hyperbolic tangent functions are commonly used activation functions of
ANNSs. The sigmoid, the continuous, differentiable and graphing S-shaped output curve with
outputs between 0 and 1, is defined as a2 monotonically increasing function that exhibits a

balance between linear and nonlinear behavior [Mennon et al 1996]. The hyperbolic tangent
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(and its derivative) was used in most MIRG’s ANN models. The output of the hyperbolic
tangent function ranges from —1 to 1, which offers a sharp sigmoidal transition at zero and
results in very few output values near zero, so a nonzero output is mostly frequent [Fausett
1994]. Hypetbolic tangent function can be applied to learning algorithms for classification of
two distinct outcomes (e.g. death and survival). The activation functions used in this thesis are

sigmoid functions with a slope parameter of 1 because a probability value ranges from 0 to 1.

Multilayer Feed-forward ANN

Fig 2.2 is an example of a typical multilayer feed forward network. This kind of neural network
1s generalized from a single layer neural network and referred to as a multilayer perceptron:
model (MLP). The network consists of one input layer, one or more hidden layets and an
output layer. Units from one layer connect to every unit of the next layer. Input signals
propagate through the netwotk in a forward manner. The Networks can either be partié]ly
connected to only some units in a preceding layet or fully-connected to all units. A two layer
feed-forward network without hidden layers can be considered to represent a linear
relationship between inputs and outputs, whereas neural networks with one or more hidden
layer are applied to represent non-linear relationship. Usually, a three layer neural network (Le.
one hidden layer) can approximate any bounded non-linear mapping between input signals and

outcomes.
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Fig 2.2 Feed-forward Neural Network of a Multilayer Perceptron Modal [Haykin 1999]

Back-propagation Algorithm

MLP feed-forward neutal netwotks ate trained in a supervised manner by the well-known
backward error propagation (back-propagation) algorithm [Haykin, 1999; Fausett, 1994]. The
algorithm was inhetited from the least-mean square (LMS) algorithm. The back-propagation
algorithm consists of two-way signal passes: the first is a forward pass where synaptic weights
are fixed and outputs are calculated from sum of units’ transfer functions in an ordetly way
from the first layer to the output layer; a backward pass updates weights according to an

error-corvection rule in order to reduce the error between actual outputs and desired outputs.

The basic idea behind back-propagation algotithm is to use gradient-descent move in error
space for every iteration, so as to dectease the etror faster and seatch for the point in the error
space with a (global) minimum of the mean squared error. The back-propagation algorithm

computes as follows:
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Step 1: calculate the output of neuron j, input signals for the output neuron come from a

ptevious layer.

Step 2: if the neuron j is a neuron in the output layer, compute the error signal of desired
output and actual output.

Em)=1/2>"e,*(n)

Step 3: compute the local descent §j, if the neuron is the output neuron, the local descent is

o, =e;(n)¢'; (v,(n)). Otherwise, the local descent in the neurons of the layer just before the

output neurons is
5, (m =9, (v;()Y. 5, (mw,(n)

Step 4: update the weight according to the delta rule.

AWﬁ (n) = 776] (n)yi (n)

Weights are updated on a pattern-by-patiern manner until all the training samples are processed.
Although other algorithms such as conyugate gradient descent and Levenberg-Marguardt [Bishop, 1995;
Shepherd, 1997] are substantially faster for many problems, backward error propagation is still

popular for its many advantages such as computational efficiency [Ampazis].

Sequential Training Mode versus Batch Training Mode
In practice, an entire presentation of training examples in a back propagation process is called
an ¢poch. Training examples should be randomized in their order of presentation at the

beginning of each epoch. This randomization tends to make the search in error space stochastic
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over training cycles so as to avoid bias from trziining [Haykin, 1999]. A training process can be

cartied out in two ways:

Sequential Mode is the most popular way in the back-propagation process. The error is
computed when every training sample is processed. Synaptic weights are updated based on
each sample. A Sequential Mode back-propagation algotithm has several advantages. It is mostly
used in feed-forward neural network learning. The algorithm is simple to implement. It is
appropriate to train with large data sets with high redundant samples, which will make the
learning process take advantage of such redundancy to classify some difficult patterns (e.g. rare

outcomes).

Back-propagation algorithm with a Bazh Mode computes errots after processing entire training
samples. Thus, weights are adjusted after every epoch. This way of training provides an
accurate estimate of the gradient vector. This makes it relatively easy to research the theoretical
condition for algorithm convergence. Furthermore, the batch mode has fewer difficulties to

parallelize than the sequential mode.

Adaptive Network Parameters

The purpose of back-propagation is to find a minimum point in error surface by gradient
descent movement in multi-dimensional weight space. In each back-propagation iteration, a
step to final convergence of minimum etror point is made. .A large step may result in quick
convergence while it may also overstep a solution. Therefore, a set of adaptive network

parameters is defined to adjust a learning process.
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Learning rate 77 can vary according to netwotk etror comparison between two consecutive
epochs. A larger larning rate will increase the step size for updating weights, but too large
weight changes may result in a network becoming oscillatory ot unstable. A smaller kaming rate
will result in a smoother trajectoty in learning pfocesses but may cause less improvement in

reducing etrors.

Momentum causes several steps of movement in a fixed direction, which avoids a learning
process falling in local minima and avoids instability of the learning process. As a modified
delta rule of the equation Eq 2.1 [Rﬁme]ha_tt et al 1986a], the momentum is implemented by
adding a fraction of the last weight change to current weight update. The fraction term a;
which can be a positive or negative number, usually ranges from 0 to 1. It will change
according to a comparison of cutrent-to-previous iteration errors. When the momentum is set to
zero, curtent weight change operates without the momentum. Otherwise, current weights and
biases ate calculated as the modified delta rule. When the momentum is one, cutrent weight
change is equal to previous weight change and the gradient resulted from that is ignored

[Demuth & Beale 1997].

AW () =AW ,(n—1)+nd,(n)y,(n) [Eq21]

Weight Decay and Weight Elimination

In practice, a neural network with optimal size may learn less noise from training data and
result in better generalization petformance [Haykin, 1999]. Neswork pruning, a procedure where
the structures of MPL networks are optimized by eliminating certain synaptic weights to
balance reliability of training data and goodness of the neural network models [Haykin, 1999].

Weight decay [Hinton, 1989] and Weight-elimination [Weigend et al. 1991] are implemented by
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adding a penalty term to a risk function. Weight decay forces excess weights that have little or no
impact on network to reduce to zero for improving network petformance. Weight elimination
can identify small and unreliable weights. Weight elimination eliminates them from neural
networks. MIRG used weight elimination approach to prune network structures. The networks

obtained the same or better generalization performance before pruning. [Frize et al 2001].

Stopping Criteria

Training stopping ctitetia should be carefully determined. The lack of enough training will
result in a large predictive etror. Over training may cause a2 neural network to overfit on
training examples so the neural network will be incapable of generalization. Training can stop-
at the point when a given number of epochs elapses, or when the etror reaches an acceptable

level, or when the etror stops improving,

MIRG developed another criterion to work with an automated network training process called
the maximum logarithmic-sensitivity index stopping critetion[Scales 2001, Ennett et al. 2002, 2003].
The loganithmic-sensitivity index attempts to achieve optimal sensitivity and specificity
classification while slightly favouring higher sensitivity.

log~ sensitivity index = ~sensitivity” *log 10(1 - sensitivity * specificity)

Training usually stops when there is no log-sensitivity index increase within the last 500

epochs.

Sample Sets with Rare Qutcomes
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Sometimes, a training set can be highly skewed, which means some of outcomes are rare (e.g. a
death outcome). If the network is trained by such skewed data set, the resulting classifier may
lack the ability to recognize rare patterns even if the correct classification rate is high. Thus,
under these situations, rebalancing data sets is often required. To perform the method,
instances of rare outcomes are taken out from the otiginal training set and duplicated to create
an artificial training set. The neural network classifier trained by the new data set will have a

better performance on classifying rare outcomes. [Ennett 1999, Frize 2000, 2003].

2.2.2.2 General Condstions for ANIN Approximating Probabilities

Basically, there are two objectives of neural network learning. One is to directly output.
classification results. iThe other is to model outputs as posterior probabilities of class
membership. Previous ANN models developed by MIRG and models in most clinical research
trials from literature were based on the first objective. They are classification neural network
models. Classification neural network models do not make probabilistic decisions on the
netwotk outputs unless further post processing the outputs to approximate the posterior
probabilities [Titsias et al]. Comparing with the first one, the second objective is more
powerful and relates to the Bayesian framework. However, not all the algorithms can train the

neural network to estimate the probabilities.

Bishop [1995] discussed general conditions and underlying assumptions necessary for a neural
network to produce an output with probability information. He interpreted that networks
trained by minimizing the cross-entropy or sum-of-squares error function can estimate the
postetiori probability of class membership. For the sum-of-squares error function, errors

between predicted outcomes and desited outcomes should follow a standard normal
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distribution. Under this assumption, a neural network leamning process from a Bayesian
petspective is to find a maximum likelihood hypothesis that minimizes the squared errors
between predicted outcomes and observed outcomes [Mitchell 1997]. After converging, the
trained neural network can approximate the postetior probability of class membership.
However, Gaussian distribution of etrors is not guaranteed in many scenarios. It is an ideal
condition for network training. It is also a prerequisite for the sum-of-square error function
relating to the concept of maximum likelihood. Therefore, with the assumption of Gaussian
distribution of errors, a feed-forward MLP or a radius basis function network using the
sum-of-square cost function can be trained to predict the probability when the activation

functions of output units are sigmoid functions.

A cross-entropy based etror measure is based on the concept of entropy. The entropy was first
developed by the physicists in the context of thermodynamic equilibrium and later introduc;ad
mnto information theory [Shannon 1948)]. The concept of entropy is applied in many disciplines.
In probability theory, suppose that a random variable x is drawn from a distribution with the
probability mass function (p..f) P(x). P, is the probability of presence of the random variable
in the &fh observation, provided the total number of observations is close to infinity. The

entropy is defined in the Equation Eq 2.2:
S=3YP,/nP, [Eq22]

In term of information theory, § represents the expected amount of information obtained
from the observations of the random variable x. Thetefote, -#P, is regarded as the
information gained from the 475 presence of the variable x. However, the true distribution of

P(x) is often unknown. We use a known distribution such as Y(x) to replace the true
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distribution. Thus, the information from the &# presence of the variable x under the new
distribution is -/#Y,. Since the random vatiable x was drawn from the true distribution, the

expected amount of information § obtained is given by the equation Eq 2.3:
S=-3P, InY, [Eq2.3]

It is easy to show that the replacement distribution Y(x) equal to the true distribution P(x)
results in the smallest value of the cross-entropy [Bishop 1995]. When the cross entropy is
applied to neural network training, a new cost function of the neural network can be derived

from the Eq 2.3. Bishop [1995] gave the cross entropy cost function in the form of equation.

Eq24:

S=321f in yn, [Eq 2.4] where N is a set of data point drawn independently from a
unknown distribution. C is the number of classes. x” is the ##h sample in the data set. y,, is the
predicted probability given the input x* belongs to the £ class. tnk is the true probability given

the input xn belongs to the £ class.

Minimizing the cross-entropy error function results in neural network outputs approximating
the posterior probabilities of class membership. Two assumptions lie in this approach. First, a
training set should be sufficient large. Second, samples in the training set are considered
independent each other. It is easy to conclude that the cross-entropy method is more general
and flexible than the sum-of-square error approach since it does not take into consideration
the prior distribution of errors. In addition, as suggested, both methods closely relate to the

maximum likelihood concept and can be interpreted in a Bayesian learning framework.

33



2.3 Bayesian Learning and Maximum Likelihood Estimate

Bayesian Learning, also called Bayesian Reasoning, is a probabilistic approach to classify
patterns. With this approach, samples are classified to corresponding patterns according to
theif postetior probabilities of class membership. Given a sample, a postetior probability for it
belonging to a class is first calculated by Bayesian Reasoning. The sample will be classified to a
class on which it has the highest postetior probability. Bayesian learning discriminates patterns
based on probability distributions. It is also a building basis for many learning algorithms to
handle probabiliies when those algorithms do not explicitly manipulate probabilities by
themselves. Michie et al [1994] petformed a detailed study with naive Bayes classifier and other
leatning algorithms such as neural networks, which showed that the Bayes classifier is‘

competitive or outperformed other methods.

Bayesian learning came from Bayes theorem (by Tomas Bayes, an 18th century cletgyman),

which is one of the important concepts in probability theory. Bayes theorem is given by:

P(D|m)P(h)

P(h| D)= 0]

P(h) is called ‘a priori probability’ of class b, which represents background information of the
distribution of a training set. P(D) can be considered as the probability distribution of training
data D. P(D5) is the conditional probébi]ity distribution of data D claésiﬁed as b class. The
formula is used to compute the ‘a posteriori probability’, P(h|D), which is the conditional
probability distribution of the h class given the observed data D. In general, Bayes methods
process sample data to update a prior distribution into a posterior distribution [Ramoni et al.
1999]. Probabilistic in nature, Bayesian methods are widely used in clinical applications since

physicians are mote familiar with statistical methods. Kononenko[1993] used Bayesian learning
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methods in identifying ptimary tumor, the prognostics of recutrence of breast cancer, and

diagnosis of thyroid diseases.

2.3.1 Maxcimum a Posteriori and Maxcimum 1ikelihood

In Bayesian context, there is a notion called hypothesis space. A hypothesis space contains a
group of hypotheses which may be considered as possible solutions of a problem. Normally,
given training data, a Bayesian learning process is to search for the most probable hypothesis in
the hypothesis space. Such a hypothesis is called maximum a postetiori (MAP) hypothesis

[Mitchell 1997]. The MAP hypothesis is defined by the formula below:

h,,p =argmax P(h| D) = argmax P(D | h)P(h)

heH heH

We can assume that each hypothesis in the hypothesis space has the same a priori probability
P(h), So the MAP is determined only by the term P(D|4). The hypothesis that maximizes the
P(D|5) is called maximum likelihood (ML) hypothesis. Thus, the learning process is changed

to find a ML hypothesis with the training data.

2.3.2 Maxcimum 1 skelihood Estimation

In addition to using Bayesian learning to classify the patterns, sometimes we are interested in
understanding the statistical characteristics of a population. A probability mass function (p.7.f)
and a probability density function (p.4f) are used to model the statistical nature of a population.
These functions reflect the probabilistic relationship between random variables and their
corresponding outcomes. The p.wf is applied on the probability distribution of discrete

variables. The p.df is to desctibe the distribution of continuous variables. Howevet, the
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distribution of a population is often unknown. In other words, the p.z.f. ot p.df is unknown
but we can obtain a set of samples from the population. To investigate the statistical nature of
the population, we usually adopt maxzmum likelihood estimation approaches on the samples to

approximate an underlying probability distribution function (Le. p.df or p.z.f).

The maximum likelihood estimation is a simple, effective method in probability theory to estimate
the unknown distrbution of a population from observed samples. Suppose that the
distribution depends on an unknown p.df/p.mf. specified by a set of unknown parameters 6.
A function form of the p.4f/p.m.f is denoted by f{x; 6)). Because the ¢ can be any possible value,
f is in a parameter space . Suppose that X7, X2, X3,...Xn are random samples
independently drawn from the distribution. In probability theory, the joint probability
mass /probability density for obtaining these random samples is the product of the probability

mass/probability density on every sample:
£(X1,X2,X3... Xn; 0)=]] £(Xi;6) i=1...n; [Eq2.5]

X1,X2,X3,...Xn can take values from values x1,x2,x3,...xn. Therefore, the equation Eq2.5 is

rewtitten as:
L(®)=f(X1=x1, X2=x2, X3=x3...Xn=xn; 6)= [] f{Xi=xi;6) i=1...n; [Eq2.6]

A reasonable estimate of 6 is the value that maximizes the joint probability in Eq2.6 to obtain
the observed samples. L(8) is called the likelihood function. Suppose that when 6=0’, where
L(0) reaches the maximum. 6 is the maximum likelihood estimator of the parameter 8. A process

to find the 6’ is the maximum likelihood estimation.
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For a fairly large sample set, the maximum likelihood estimation approach will have an
approximate Gaussian distribution with a center of true parametric values. Hence, when 2
sample size increases, the masimum likelihood estimator tends to converge to the true parameter 6.
In other wotds, the maximum likelihood estimator is more biased in a small sample size than in a

latge one.

The maximum likelihood estimation is an approach of the parametric probability estimation,
where the function form of a p.df .ot pmf is known. The purpose of the parametric
estimation is to approximate a true distribution by adjusting a set of parameters in a
pre-defined function form (e.g. Gaussian or Exponential distribution). On the other hand, the
neural network approximation is in general a non-parametric estimation, where the function
form of a pmf or p.df cannot be identified. However, we know that a three-layéfed
feed-forward neural network (with one hidden layer) can approximate any bounded
continuous functions of inputs when the number of hidden nodes is sufficiently large. The
number of hidden nodes required for ANN experiments in this thesis is discussed in section
4.4. Therefore, it is reasonable to apply the maximum likelihood estimation on ANNs to
approximate a probability function by changing network parameters such as the number of
hidden neurons, weights and bias. In this case, neural network learning based on the maximum
likelihood estimation is to identify the set of network parameters that result in ANN outputs

approximating probability of NICU mortality.
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2.4 Research Approach in the Thesis

As aforementioned, the general conditions -for a neural network approximating prébabi]ities
depends on the form of ANN cost functions. Sum-of-square error function and cross-entropy
error function both have underlying assumptions. When etrors between predicted and target
outcomes follow a Gaussian distrbution, a neural network with the sum-of-square error
function is able to estimate probabilities. The cross-entropy function works well with a large
training set and assumes all the patterns in the set independent from each other. Both

approaches can be explained in the Bayesian framework.

The maximum likelihood estimation is a foundation of many methods in statistics to estimaté
an unknown distribution of a population. For our problem, it was applicable to combine the
maximum likelihood estimation and neural network learning to approximate probabilities of
clinical outcomes. In otder to do so, cost functions in neural netwotk training should be
modeled as likelihood functions. Comparing with the sum-of-square cost function, the
maximum 1ike1ihood method is more flexible and free from any prior knowledge of an error
distribution. Moteover, the maxunum likelihood méthod is more intuitive than the

cross-entropy approach from a probability perspective.

A term should be clarified here: the pn’dfcted probability. We explain it undér a following scenario.
When a patient’s outcome is predicted as death, we recall the data of all previous patients and
find those patients with the similatr physiological parameters or symptoms of disease. If
ptevious patients all died, we can say the new patient has a 100% probability of death based on
past experience. On the other hand, if we find that 90% patients in previous cases died but

others survived, we say the new patient has a 90% probability of death.
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To estimate probabilities, neural network training in this thesis is a process of maximizing the
likelihood cost function. Traditional neural network based on the gradient decent seatch on the
etrot surface is to seeking a point of minimum of the global etror. In our case, on the contrary,
the global maximum of the likelihood function was the aim of neural network learning.
Therefore, a new weight update algorithm with gradient-ascent search for a neural network

with a single binary output unit was developed. It is presented in chapter 4.

The new training algorithm based on gradient ascent was applied in two-layer and three-layer
MLP feed-forward neural networks. The training process was a batch mode, because the
calculation of joint probability L(8) depends on the product of each sample’s marginal
probability ff| §) accotding to equation Eq 2.6. Network parameters such as learning rate were
redefined and tested according to the requirements of batch training. The stopping ctiterion of
neural network training used log-sensitivity index for the purpose of consistency with previous
research, although othet critetia such as the maximum log likelihood ate also available. The
resulting ANN models were able to predict probability of NICU mottality, which met the

objective of this research, adding probability to ANN prediction of clinical outcomes.
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Chapter 3 Alternative approaches for the development of ptobability models

In this chapter, we present some approaches in addition to the artificial neural network for
estimating the probability of clinical outcomes. Although not restricted within the ANN
framework, they may lead to better solutions to some problems in future. All the apptoaches
ate derived from the Bayesian framework so they are able to approximate the posterior

distribution of a population.

3.1 Naive Bayes Classifier

Naive Bayes Claasifier NBC)[Han et al 2001] assumes variables to be discrete and conditionally
independent of each othet, although it can use both continuous and discrete values. A NBC
classifies patterns based on their estimated posterior probabilities of class membership. The

following steps describe the classification process of Naive Bayes Learning :

Suppose the input vatiables of a NBC denoted by <A, A,, .., A, ... A>. A is one of the
variables in the NBC model. For each pattern in a training set, A; takes certain value a. Hence,
<aj, a,... 2,> corresponds to a pattern from the training set. We use the following formula
to calculate the posterior probability of the membership of each .class. Based on the
probabilities of each class, we classify the pattern to a class with the highest posterior

probability.

Vi = argmax P(V, | al,a2,...an) [Eq3.1]

VeV

Since all the variables in a NBC model are conditionally independent of each other, the

posterior probability of class membership for a pattern is equal the joint postetior probability
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based on each variable. The joint probability can be calculated from the product of the
matginal posterior probability of class membership based on each variable. Therefore, 2 new

formula for a naive Bayes classifier is written as following :

Vip = argmaxI1P(a, | V))P(V))

VieV

Vs is the target value output by the naive Bayes classifier. The classifier requires the estimation of
P(V) and P(3;| V) based on their frequencies in training data. Although some variables are not
guaranteed to be conditionally independent each other in any scenatio, the variables defined by
domain experts usually have no strong dependencies and we can consider them independent
[Kononenko 1993]. Therefore, in 2 clinical context, we can always assume that all physiological

variables are conditionally independent in order to apply a NBC.

When using naive Bayes classifier to estimate the posterior probability of clinical outconies,
comprehensive frequency analysis is required. Given a particular outcome, the analysis will
count the frequencies of any possible value of each variable. For example, the conditional
probability P(A=s|V)) is equal to the frequency of variable A; on s with a cotresponding
outcome V; dividing total frequencies on all the possible values of variable A; with the
outcome V. Suppose a set of physiological variables used in 2 NBC denoted by
<A1,A2,...An>. For a patient instance in a training set, these variables take values denoted by

<s1,52,...sn>, the probability of the patient death can be calculated by the following formula.

P(Al1=51,A42 = 52,...An = sn| death) P(death)

P(death| Al = 51,42 = s2...An = sn) = P(Al =5, 42 = 52,..An = sn)
=sl,A2=52,..An=sn
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ﬁ P(4i = si| death)
=t P(death)
[1P4i=si)
i=1

For a discrete variable A, the probability of P(A;=s; | death) and P(A;=s) is easy to compute.
However, for a continuous variable, the probability is hard to obtain. To solve the problem,
two solutions are suggested. A brutal force way is to do a frequency analysis on every value of
- the variable from a training set. A drawback is that the training set may not be able to cover all
possible values of the variable. Therefore, when the variable of a new pattern contamns any
unseen values of the training set, the naive Bayes classifier will not work. Another solution 1s to
incorporate some domain knowledge. The potential values of a continuous variable can be
divided into different groups. Fach group represents a range of values. The frequency analfsis

is based on the range of a corresponding group.

3.2 Logistic Regression

Logistic regression is a widely used statistical approach to model and describe the probabilistic
relationship between an outcome and a set of variables. An outcome in logistic regression
should be either binary or dichotomous. The result of a logistic regression equation can be
interpreted as the posterior probability of class membership. For example, for the following
form of logistic regression model

eb0+lel+b2X2+b3X3

E(y)= 1+ @OrPIX1+2X24b3X3

<x1, x2,x3> ate input variables, E(y) is the dependent variable

calculated by the logistic transformation equation. We can treat E(y) as an estimated outcome.
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The range of E(y) is from 0 to 1. <b0,b1,b2,b3> are a collection of linear coefficients that
adjust the contribution of each variable for the target outcome. These coefficients of a logistic
regression model functions as the weights and bias of a single-layer neural network model. In a
logistic regression model, a target outcome y is written as: y=E(y)-+e. Hete ¢ is regarded as the
ertor between the observed outcome y and a predicted outcome E(y). If y=1, e=1-E(y) with

the probability of E(y). If y=0, e=-E(y) with the probability of 1-E(y).

A logistic regression model is detived by the maximum likelihood estimation method. In other
words, a set of fixed coefficients <b0,b1,b2,b3> is defined by the criterion of maximizing the
probability of obtaining training data. Logistic regression is being increasingly used in the areas
of health research. “In 1989, over 30% of the articles published in the American Journal of
Public Health employed some form of logistic regression modeling” [Hosmer et al 1991)]. The
MPMII, SNAP-II/SNAPPE-IT models are all developed by logistic regression. From the form
of a logistic transformation equation; the generation process of a logistic regression model is
analogous to single-layer neural network learning. In addition, the area under ROC and the

goodness-of-fit test are the performance measures of a logistic regression model.

3.3 Kernel-based Methods

When estimating the probability density function of a distribution, it is intuitive to think about

using the following equation as an estimator for the true probability density p(x):

, suppose that there is Kn points of a total number of n point falling into a

Kn/n
p'(x)=
n

7

region with a volume of Vn.
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To satisfy the convergence from p’(x) to p(x), three conditions are required:

limVn=0

n—>w

IimKn=w

n-»0

limKn/n=0

Basically, there ate two common methods to obtain the estimator p’(x). They are the
kernel-based method and the K-nearest neighbour algotithm. The kernel-based method specifies the
volume Vn as a certain function of n. The K-nearest neighbour algorithm defines Kn as a certain

function of n. This method is presented in the next section.

The kernel-based method (i.e. the Pargen Window method [Parzen, 1962]) is a non-patametric
estimation approach to estimate the probability density or probability mass function for an
unknown distribution. To do so, the method first defines a kernel function (or a Parzen

Window) W.

Suppose that x;, X, .., Xy is a sample of a random variable x. The Parzen window

approximation of the probability density function of the vatiable xis
, (A
P == W(x-x) [Eq32
i=1

Here Wis called a kernel, namely, a certain probability density function. W can use any form
of existing functions. Suppose that ¥ is a Gaussian density function with zero mean and ¢
variance. From the equation Eq 3.2, the estimation of probability density on x is actually the
average of a linear superposition of all Gaussian density functions with the mean of the
corresponding sample x;. Although many other density functions besides the Gaussian can be

applied as the kernel, the Gaussian is usually used since it is easy to manipulate and derive. The
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choice of the variance o*is also very important, because it defines the size of a window. If the
size of a window is too small, the density estimation error on each sample can be very low.
However, as we have already known in neural netwotk training, a very low error in every
training sample may cause ovetfitting. In a classification ot probability estimation problem, the
generalization ability of a model is critical. In addition, it is showed that an estimated
distribution will converge to a true distribution when the size of a training set grows to infinity
regardless the window’s width. Therefore, for a limited size of training data, the window’s
width should be appropriately adjusted as a smooth factor through the training and testing
processes. One advantage of the Pargen window method is that it requires no prior information
from the problem and data(it is a non-parametric estimation approachj. Because it
apptroximates the probability density of the data, the Pargen Window method can be used either
alone or in concert with other approaches such as a neural network. An example is shown in
the section on probabilistic neural networks to predict the probability of conu'nuoﬁs

outcomes (e.g. length of stay).

3.4 K-nearest Neighbour

As presented in the previous section, the K-nearest neighbour is another kernel-based method
and belongs to a non-paramettic estimation apptoach. The K-nearest neighbour algorithm
assumes all patterns in a training set cdrrespond to points in a n—dimeﬁsional space, where n
can be the number of variables of a prediction model [Mitchell 1997]. We use the standard
Euclidean distance to measute the nearest neighbours of a pattern. The algorithm assigns the
class label of a pattern to the majority outcomes out of its K nearest neighbours. More

precisely, let a pattern x described by a vector form: <al, a2, a3... an>, the distance between x
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and any other pattetns (e.g. y=<b1, b2, b3,... bn>) in the training set is calculated by formula

Eq3.3.

d(x,y) =3 [a,@ -5, [Eq33]

i=1

For the each pattern'y in the training set, we calculate its distance to the pattern x. Pick out k
nearest patterns of x according to the distance. For example, we have a two-class problem, Le.
a class label is represented by either 0 or 1, K1 is the number of patterns out of K with a class
label of 1. KO is the number of patterns out of K with a class label of 0. We can take K1/K as
the probability of the pattern x with the class 1 and KO/K as the probability of the x with the-

class 0.

The probability estimation described in the previous paragraph depends on the value of K.

Recall the non-parametric estimation theory in the section 3.3. We know that as the K and the

total number of training samples n grows to infinity, where k << n, limKn/n=0, an

n—o

estimated distribution will converge to the true disttibution[[)uda et al. 2001]. However,
although we can get a relatively large training set, in practice, the training set can still be limited.
Therefore, the value of K determines the performance of the estimation. A large value of K
may result in including too much noisy data. A small value of K may not be able to describe
the true nature of the distribution. In general, the selecu'oﬁ of K relates to the model’s

generalization ability.

An advantage of the K-nearest neighbour method is that it is intuitive and its tesult is easy to
explain. However, the performance of a model depends on the value of K. There are two

methods to find the optimal value of K: a brute force approach and a divide-and-conquer
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approach. The brute force method searches for the appropriate values of K by testing all
possible values from 0 to the size of the entire training set. This method is certainly
computationally complex and inefficient. For the second method, the K chosen in the training
and testing process is according to the divide-and-conquer seatching algorithm. This method
has less computational complexity and is faster than the first one. However, for a very large

training set, both methods are inefficient.

Some modification to the K-nearest neighbour can neutralize the negative effect caused by an
mappropriate selection of K. The distance-weighted nearest neighbour algorithm [Mitchell
1997] is one of them. In this approach, the decision is made by the weighted sum of K.
neighbours’ outcomes. The weight of each neighbour can be given by the invetse square of its
distance to the pattern x. The purpose of the algorithm is to make near neighbors play more
effect on the final decision than far neighbours. It is vety important for a large K value, Whére
the majority members of K nearest neighbours may have longer distance than the minority
members. It is unreasonable to approximate either class membetship or the probability only

based on majority votes.

3.5 Probabilistic Neural Networks

A probabilistic neural network (PNN) was first introduced by Specht [1v988, 1990]. This type
of neural networks classifies patterns by the probabilistic approach based on Bayes formula
and Parzen Window estimation. A probabilistic neural network consists of three layers: an
input layer in which input nodes are corresponding to the dimension of a pattern; a hidden
layer including the same number of hidden unites as the number of patterns in a training set;

an output layer where output nodes represent class membership of a pattern. Every pattern in
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the training set forms a hidden unit of the probabilistic neural network. The vector of a pattern
is normalized to set as the weight vectors from the input units to the hidden unit of the pattern.
The activation functions of hidden units are Parzen Window functions that usually take the
form of a Gaussian function. Each output unit corresponds to a class. A hidden unit only
connects to an output unit according to the class label of the pattern represented by the hidden
unit. Therefore, the input layer to the hidden layer is fully connected, but the hidden layer to
the output class layer is partially linked. “Each pattern unit contrbutes to its associated class
unit a signal which is equal to the probability generated by a Gaussian function centered on the
associated training point” [Duda et al. 2001]. An output node calculates the estimation of a
conditional probability density on its corresponding class. The advantage of probabilistic:
neural networks is fast learning speed. It requires only a single pass to finish training. The
decision hyper-sutfaces of 2 PNN are approaching Bayes-optimal decision boundaries as the
number of training samples grows [Gorunescu]. Because 2 PNN actually contains the enﬁre
set of training patterns, it is space consuming. PNNs allow true incremental learing where
new training data can be added at any time without requiting retraining of the entire netwotk
[Wasserman, 1993]. Jaimes et al. [2005] constructed a probabilistic neutal network (PNN) with
10 neurons in the input layer, 368 in the hidden layer and two in the output layer to predict the
mortality of suspected sepsis ICU patients. Model calibration was measured using the
Hosmer-Lemeshow goodness-of-fit test and discrimination was evaluated by area under ROC

of 0.8782.

3.6 Bayesian Network

A Bayesian network (i.e. Bayesian belief network) represents the joint probability for a set of

variables [Mitchell 1997]. The cause-effect/cause-result probability relationship between
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variables and outcomes is described by a directed acyclic graph. Each variable/outcome forms
a node in the graph. A network arc directs a parent-child relation between two nodes. The arc
also represents that a variable is conditionally independent of any other non-child vatiables in
the netwotk. [Mitchell 1997]. In each node, a conditional probability table attached to the
corresponding variable based on its probability distribution given the obsetved outcomes of its
parent nodes. Thus, a Bayesian network provides a path that shows a sequence from cause to
result based on their probability relationship. The outcome of any variables can be inferred by
the conditional probability given the obsetved values of other vatiables. In a clinical context, a
Bayesian network is more suitable to model a clinical pathway [Johnson 1997] than the direct
prediction of a particular outcome from a set of non-sequenced variables. Unlike a neural:
network, an output produced by a Bayesian network is interpretable. Another important
advantage of the Bayesian network is its ability to process missing values. The development of
a Bayesian network may depend on the guidance from domain experts. However, data
relationship is very complicated in some cases, hence, it is even difficult to identify a
cause-effect/parent-child path from expert opinions. In these cases, the K2 algorithm is
applied to develop the structure of 2 Bayesian network from training samples. Micalowski et al
[2006] developed a Bayesian network framework that models a clinical pathway of
post-operative interventions in an ICU. The network predicted the length of stay in a hospital

based on pre-defined clinical activities.
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Chapter 4 Methodology

This chapter provides the steps of research method in this thesis. The chapter consists of the
following sections:

Step 1: Database and variables

Step 2: Modeling ANN cost functions and deriving a training algorithm

Step 3: Selecting the stopping criterion and adaptive network parametersk

Step 4: Development of ANN mortality probability prediction model

Step 5: Performance evaluation procedures

Step 6 Development of ANN training tool in Matlab™

Step 7: Probabﬂity models for imbalanced datasets

4.1 Step 1: Database and Variables

The patient data used in this research are from the Canadian Neonatal Network(CNN)
database. The CNN data were collected by the Canadian Neonatal Network from January 8,
1996 to October 31, 1997. The database contains patient records from seventeen NICUs

across Canada during a two-year period.

The original database contained 20488 patient records, which can be categorized by Day 1
(admission to a NICU), Day 3, Day 14 and Day 28 (or discharge) based on the data collection
time in a NICU. In our expetiments, the admission data (Day 1), collected within the first 12

houts, were used.

Patient outcomes such as death were recorded in the Canadian Neonatal Network database.
Neonatal mortality is defined by the World Health Organization as death occurring before 28

days after birth [Health Canada 2000]. The database only contains mortality and sutvival
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records for patients who stay in hospitals for 28 days. This means that the true in-hospital
mortality rate may be slightly higher than the rate reported in the database. The database also
excluded motibund babies since they usually only receive comfort measures but not aggressive
care [Gray et al 1992]. Another reason for removing moribund babies is that some studies
with the SNAP scoring system showed that no tests were performed and no monitox:ing values
were recorded for these infants, which can lead to inaccurate estimation of mortality risk
[Richardson et al. 1993a]. In addition, infants with missing data about mortality, birth weight,

small for gestational age status and Apgar score at five minutes, were removed as well.

The incomplete values in the database were imputed by Colleen M. Ennett in her Phd research
[Ennett, 2003]. These missing values in the CNN database were caused either by insufﬁcient‘
time and resources for collecting all these information or by no needs to collect it on less sick
babies. Neural networks cannot process data with missing values. To solve this problem,
Ennett [Ennett, 2003] used a hybrid approach which combined artificial neural networks and a
case-based reasoner implemented by Haley Engine to impute the missing values. The missing
values in a record were imputed by the mean value of the 10 nearest records to the
missing-value record in an Euclidian vector space. The weights for calculating these nearest
cases were extracted from a two-layer artificial neural network. According to Ennett’s results,
these artificially imputed values could apptoximate the true clinical data and allow to develop
ANN mortality prediction models. After all missing values were imputéd, the new database
contained 19,427 patients. The number of records in the new database was slightly less than
the original one, because any records with five or mote missing values were excluded from the
hybrid approach for lack of information. The records with less missing values in the original
database, which were considered having a higher mortality risk, were extracted from the new

database. This resulted in a subset containing 5102 records. The 5102 subset has a mortality
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tate of 9.5% (484 deaths) whereas the whole new database has a mortality rate of 3.75% (727
deaths in 19427 records). Therefore, from mortality distributions in these two sets, we know

that the 5102 set contains sicker babies than the 19427 set.

Probability estimation models were developed based on both sets. Hence, we are able to tell if
the difference of prior mortality distribution affects the performance of the probability

prediction models.

The original CNN database contains 80 vatiables. In otdet to develop ANN models, we use
two sets of variables from these 80 variables: a 9-variable set from SNAPPEII Scorng
System(shown in table4-1), a 13-variable set developed by Ennet [Ennet 2003] (shown in table:
4-2). Both sets of variables have been shown to be good mortality risk indicators for NICU

mortality estimation.
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Table 4-1. SNAPPE-II Vatiables

Physiological Parameter Vatiable name
Birth weight bthwt

Small for gestational age sga

Apgar score at 5 minutes apgar>
Presence of seizures seizure
Lowest temperature ltempf
Lowest mean blood pressure lbloodp
Lowest serum pH Iserum
Lowest urine output lutine

Lowest pO2/FiO2 ratio po2fio2t

Table 4-2. 13 Variables by Ennett

Physiological Parameter Variable name
Birth weight bthwt
Small for gestational age sga
Apgar score at 5 minutes apgat5
Highest respiratory rate hrespr
Lowest temperature ltempf
Highest pCO2 reading hpco2
Lowest serum pH lserum
Lowest urine output lutine
Lowest pO2/FiO2 ratio po2fio2t
Lowest platelet count Iplt
Highest sodium concentration hsodium
Lowest glucose concentration Igluc
Highest mean blood pressure hbloodp
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Table 4.3 and 4.4 shows the missing value ratio Database [Ennett, 2003] of SNAPPE-II

variables and the 13 variables respectively.

Table 4-3. Missing Values Ratio of SNAPPE-II Variables

Physiological Parameter Missing in 5102 set ~ Missing in 19427 set
Birth weight ‘ 0.0 0.0

Small for gestational age 0.0 0.0

Apgar score at 5 minutes 0.0 0.0

Presence of seizures 0.0 0.0

Lowest temperature 0.0 0.3

Lowest mean blood pressure 0.0 15.9

Lowest serum pH 0.0 39.9

Lowest utine output 0.0 52.7

Lowest pO2/FiO2 ratio 0.0 63.9

Table 4-4. Missing Values ratio of 13 Variables

Physiological Parameter Missing in 5102 set Missing in 19427 set
Birth weight 0.0 ' 0.0
Small for gestational age 0.0 0.0
Apgar score at 5 minutes 0.0 0.0
Highest respiratory rate . 03 0.3
Lowest temperature 0.0 0.3
Highest pCO2 reading 40.1 40.1
Lowest serum pH 0.0 39.9
Lowest urine output 0.0 52.7
Lowest pO2/FiO2 ratio 0.0 63.9
Lowest platelet count 28.2 28.2
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Highest sodium concentration  59.8 59.8

Lowest glucose concentration  13.9 13.9

Highest mean blood pressure ~ 12.7 12.7

Since ANNSs require data to be prepared in a certain format in order to produce accurate
results, the raw data éhould be normalized. All the input values are set within the range from -1
to 1. Each record consists of 9/13 input variables and 1 outcome variable. All the data on
these variables must be normalized. This was done by taking each input variable in a column,
subtracting the mean of that column, and then dividing by three times the standard deviations.
This approach called the linear rescaling assumes that all the variables are independent from

each other [Bishop, 1995].

4.2 Step 2 Modeling Cost Functions and Deriving a Training Algorithm

As discussed in Chapter 2, in order to train the neural network petform to the maximum
likelihood estimation, we first needed to model an ANN cost function as the likelthood
function with the mortality outcomes of NICU padeﬁts. Some tesearchers discussed the
modeling method for different scenariés [Hosmer et al. 1989][Mitchell 1997]. Here, we
summarize them according to the scenario for our problem. Suppose that the training data D
composed of patient records {<x,, ¥,>, <x, ¥,>....<X,, ¥,>}. X,, represents the values of a
set of input variables for the mzh patient and y,, éorresponds to the outcome, which takes values

of 1 or 0 (death or survive). We can rewtite the Zkelhood function in the following form:

LO=f(<x;, 3> <xp 3.5, ¥>0= T f> 3:|6), where fi<x, y>; ) denotes the

probability of ¥, given the input as x; in the i patient record.
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The conditional probability that y=7 given x; will be denoted as P(y;=7 |x;). This value can be
given by the neural network output O(x;). It follows that P(5=0|x;)=1-O(x;). We further rewrite

f(<x, 3> | 0)in the kkekhood function as
[(<%,3,>16) = 0(x )Y 1= 0™ (2)

Since we assume the observations of patient records are independent, the likelihood function

on the training data with m records is obtained as

[ ToGy' -0 @

We write the equation (3) in a log-likelihood form:

L® =I(L@O)] =y, *In0(x) +1-y)*In(1-O(x)) (4

i=1

Equation (4) is the likelihood function that is also the cost function of a neural network. After
the likelihood function was obtained, the neural network training is a process to find a set of
parameters (hypothesis) that maximize the likelihood function in the parameter space
(hypothesis space). The maximum likelihood estimation is based on. two conditions: the
samples in the training set are considered independent each other; when the training set is
sufficiently large, the maximum likelthood estimation of the probability will converge to the
true Probability. Thetefore, the maximum lkkelihood hypothesis is written as follows [Mitchell

1997]:

h,, =arg maxi diln O(xi) + (1 - di)In(1 - O(xi))

heH i=1
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Traditional neural networks based on the gradient decent search on the error surface to seek a
point of the minimum of the global error. In-our case, on the contrary, the global maximum of
the likelithood is the aim of the neural network learning. Therefore, a new weight update

technique with the gradient ascent search for two and three layer neural networks is desired.

The right hand side of the equation (4) is rewntten as a simple form G(O, D). Now, we can
use gradient ascent (i.e. the learning rate is positive) to detive neural network weight updating
rule so as to maximize the G(O, D). Mitchell [1997] presented the derivation of the
weight-updating rule for a single layer neural network. The weight update equation is written as
follows:

A, =1y (di - O(xi))xy, (5)

i=1

Xy is the kth synapses input to jth output neuron when the neural network is taking the ith
training sample. The weight updating equation (5) is for a single-layer neural network. All the
input neurons connect to one output neuron in such a neural network. O(xi) is the neural

netwotk output given the input vector is x,.

A multilayer perceptron model, which consists of at least one hidden layer, represents a
nonlinear mapping between inputs and outputs. In a MLP model, 2 neuron can be either an
output neuron or a hidden neuron. If the neuron is the output one, the weight updating

formula on the neuron is the same as equation (5). We rewrite equation (5) as:

AW, =03 (di-OGxi)x,, (©)

i=1
In equation(6), X;, is the synapse input from hidden neuron k to output neuron j when a

neural network is taking the ith training pattern.
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If a neuron is a hidden one, according to the principle of back-propagation algorithm, the
weight updating formula can be determined: recursively by the output neuron with which the

hidden neuron directly connects. Consider the situation depicted in Fig 4.1

hiddewm] output ngyron k

-

Yi(n)

Fig 4.1 A Hidden Neuron and an Output Neuron in a Backward Error Propagation Context

[Haykin 1999]

Term explanation:

Yi(n): the nth input on neuron i or ith dimensional variable of input vector
Wiji: synapse weight from neuron i to neuron j

Vij(): > WjiYi the sum of all weighted input values

D(*): sigmotd activation function

Yj(n): ®(Vj(n)) the output value of hidden neuron j
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WKkj: synapse weight from hidden neuron j to output neuron k
Vk(n): > WkjYj the sum of all weighted input values from hidden layers
Yk(n): neuron netwotk output for nth input pattem (i.e. the output value of neuron k)

d (n): desired outcome of nth input pattern.

According to the chain rule of calculus, we calculate the partial detivative 0G(D,0)/0Wiji and

tegard this as the gradient vector of the hidden neuron:

8G(D,0) _ i 8G(0,D) , 80(Xn) OV, (m) , 3 OV, ()
oWji 4 80(Xm) V,(n) oY oV,(m) OWji

O(Xn) is the nth output of a neural network so it is equal to ®(V, (n)). In addition, @ 1s a-
sigmoid function and its detivative is Y&(n)(1- Yk(n)) (i.e. O(Xn)*(1-O(Xn))). Therefore:

00(Xn) | _ 1
AN @'V, (m) = O(Xn)* (1- O(Xn))

0G(0.D) _ i 8(d, InO(Xn) +(1-d,) In(l - O(Xn))) _ i d, —O(Xn)

00(Xn) 00(Xn) m O(Xn)(1-0(Xn))
M L OYG _

o~ =00, )

7 _ iy

Wi

Thus, the gradient equation can be rewritten as:

GM,0) _ <~ _ e .
e NCREON AT ONC

Weight updating formula for a hidden neuron should be:

AWji = ni d, -0(Xn)*Wkj*@o'(V,(n))*Yi(n)  (8) nisthe ANN learning rate.

n=l
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Equation (8) is the weight updating formula from an input neuron i to a hidden neuron j. To
update the weights in a three-layer neural network, we should use equation (6) and (8) together.
The new weight updating formulas are based on a gradient ascent method instead of a
traditional gradient-descent approach. The weight updating rule for hidden neutons was
detived in the same manner as the conventional back-propagation algorithm, although it is not
based on minimizing error between desired output and real output. Here we call the new
training algorithm a revised back-propagation (it is certainly not the backward etror propagation).
The new algorithm perform gradient search to maximize the likelihood function of traming
data, whereas the traditional back-propagation algorithm seek to minimize the error in training

data.

4.3 Step 3: Selecting Stopping Criterion and Network Parameters

The new weight-updating rule in the research is based on gradient ascent, but our previous
neural network training is based on gradient decent. Hence, stopping criteria such as ASE
(average squared etror) are not appropriate. The logarithmic-sensitivity index described in
chapter 2 attempts to achieve opdmgl sensitivity and specificity. The index is slightly
favouring sensitivity, which will be used to determine the point at which to stop the training,
High sensitivity represents good classification performance on death, whereas specificity
shows classification performance on a survival outcome. The ideal valués of both should be

1. The following equations are used for calculation of the sensitivity and specificity.

true _ positives

sensitivity = — -
true _ positive + false _negatives

frue _negatives

specificity =
P true _negatives + false _ positives
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True_positive represents the number of death outcomes correctly classified by ANN.
True_negative represents the number of survival outcomes cotrectly classified by the ANN.
False_positive reptresents the number of survivals classified as death. False_negative represents

the number of deaths classified as survivals.

The outputs of 2 mortality probability estimation model are from 0 to 1. This is different from
previous models developed by MIRG. In previous models, 0 was the cutoff point for

separating a death ot survival outcome. In the models developed in this research, we use 0.5 as
the cutoff point. An ANN output>0.5 would be classified as a death whereas an output<0.5

would be regarded as a survival.

The new weight updating equation in section 3.2 shows the gradient vector is calculated by the
joint probability of every input sample in a training set. Therefore, the training mode of ANNs
in out expetiment is the batch mode, not the sequence mode. In MIRG’s previous
expetiments, the stopping criterion was defined to be 500 epochs after the logarithmic

sensitivity index value shows no improvement. This criterion was used in this research.

The values of network parameters such as a learning rate should be set well. Wilson et al {2000}
explained that batch training was much slower than sequence training. Hence we should use a
small learning rate. To avoid training oscillating around local optima, the learning rate is

defined according to the length of steps that a gradient vector makes.

4.4 Step 4: Development of ANN Mortality Probability Prediction Models

As afotementioned, both SNAPPE-II vatiables and the new set of 13 variables were employed
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as the network inputs and the ANNs were trained by the training sets of 5103 records and
19427 records respectively. For each set of these variables, a 2-layer feed-forward ANN model
with no hidden nodes and 3-layer feed-forward ANN models, each of which contains one
hidden layet with the hidden nodes number from 2 to 2n+1, were developed. The n is the
number of input variables. The maximum number of hidden units was defined accordipg to
the Kolmogorov superposition theory in an ANN context. It suggests that the number of
hidden units should be no more than two times the number of inputs units plus one {Beiu
2004]. Therefore, 2 total of 19 and 26 neural network models with different number of hidden
nodes were built in the experiments from each training set. Thete was only one output unit for
each neural network model. The target values of the output unit were coded as 0 (1.e. death)
and 1 (i.e. survival) respectively. The typical structure of a three-layer neural network model in

the experiments is shown in Fig 4.2.

Fig 4.2 The Typical Structure of a Three-layer Netwotk in the Research
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4.5 Step 5 Performance Evaluation Procedures

The atea under Receive Operating Chaxactérisﬁc Cutve (ROC) and the Hosmer-Lemeshow
goodness-of-fit test wetre two performance measures for the ANN models in this thesis. The
ROC was used to evaluate a models’ discrimination ability. The Hosmer-Lemeshow
(Goodness of Fit) test was used to assess calibration. In other words, it measured if the
probability values outputted by a neural network represent a true probability of mortality based

on our samples.

Discrimination refers to the ability of a model to distinguish those who die from those who
survive. A model with perfect discriminating ability assigns higher probabilities of death to the'
babies who are going to die than for the babies who are going to survive. Receive Operating
Characteristic Cutve (ROC) graph is a useful tool to evaluate this ability. A Receiver Operating
Characteristics curve shows a model’s performance as a trade-off between specificity and
sensitivity. The model’s sensitivity and specificity can be calculated by 2 two by two confusion
matrix (contingency table)[Fawcett 2003]. The ROC curve is plotted according to the
coordinate of a false positive rate (1-specificity) versus a'true positive rate (sensitivity) while a
threshold parameter (the cutoff point to separate a dichotomous outcome) varies. The curve
always goes through two points in a cootrdinate (0,0 and 1,1). In a mortality prediction scenatio,
0,0 means that a classifier classify evéry sample as death (ie. the sehsitivity is 0 and the
specificity is 1). The point of 1,1 is where every pattern is classified as survival(ie. the
sensitivity is 1 and the specificity is 0). Fig 4.3 shows typical examples of ROC cutves. To
compare discrimination abilifes in different models, a common method in ROC graph is to
calculate the area under ROC [Bradley 1997; Hankey et al.,1982]. The area under ROC ranges

from 0 to 1. In the mortality probability estimation problem, the area under ROC value with
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one indicates that the model perfectly classifies the death and the survive populations, whereas
a value of 0.5 corresponds to a random guess. A good model should have the area under ROC
larger than 0.5. A larger area usually shows a higher discrimination ability of a model than a
small area does. A model with the area under ROC larger than 0.7 is usually considered a good
discrimination performance. Although some alternative approaches of the ROC such as the
Cost Cutve claim to perform more accurate to evaluate a model’s performance [Drummond et

al], the area under the ROC is mostly used for measuring 2 model’s discrimination ability in

d /

clinical studies.

Sensitivity

o
n
H
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1 - Specificity

Fig 4.3 Examples of ROC curves (the diagonal line is representing the random guess)

The calibration of a model "evaluates the degree of correspondence between the estimated
probabilities of mortality produced by a model and the actual mortality of patients"
[Lemeshow & Gall 1994]. It indicates if there is good correspondence between the observed

and expected number of outcomes over all estimated probability levels. For example, if the
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probability for a death outcome is 0.6 calculated by the model, 60 deaths will be likely
observed within a set of 100 samples for: this type of patients. In this thesis, a model’s
calibration was evaluated by the Hosmer-Lemeshow (HL) goodness-of-fit test [Hosmer,

Lemeshow 1989].

The Hosmer-Lemeshow test divided all data into g (e.g. g=10) groups based on the estimated
probabilities from the smallest to the largest. In each group, we calculated the number of a
model estimated mortality and real mortality from the observed data. Any group with the
expected deaths no greater than 5 would be merged with one of its neighbour groups, since
the small number of expected outcomes would bias the P-value and affect the assessment of:
the model’s goodness of fit. The Hosmer-Lemeshow test measures the calibration by
calculating the Pearson Chi-square statistics ¢ (defined in equation (9)) across the groups by
the estimated probabilities. The sum of the statistics follows a Chi-squared distribution, “ﬁdl
the degrees of freedom of the number of groups g minus 2. A P-value > 0.05 implies that
there is no significant difference between a predicted distribution and a true distribution. That
is, the goodness of fit is acceptable and the model is able to approximate the probabilities for a
mortality outcome. A P-value close to 1.00 indicates a model has a perfect goodness of fit

[Richardson et al. 2001].

— \2
(Aj’z N (Ok':nk'”k_)
= ' T (1-7,)

®)

n,'is the number of patterns in the kth group
7T, is the average estimated probability.

0, is the number of observed death in kth group
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4.6 Development of the ANN Training Tool

In early ANN simulation experiments, MIR‘G researchers used an automated neural network
tesearch tool for developing clinical prediction models [Frize et al 2000]. The tool adjusted the
network parameters (e.g. learn rate, momentum, weight decay constant etc.) automatically
without user intervention during an entire training process. It greatly simplified experiment
steps and freed users from trivial manual work. Rybchynski [Rybchynski 2005] developed a
new reseatch tool (ANN RFW) as a replacement of the previous one by adding new features.
The ANN RFW is able to automatically find the optimal set of experiment parameters that
| result in the best performance of ANN training. The verification data sets are included in
Rybchynski’s tool to test the ANN performance on unseen data. MIRG researchers cun:ently.

use the ANN RFW in neural network simulation experiments.

Both existing ANN research tools wete built based on the traditional ANN training rule (i.e.
back propagation algorithm, gradient descent search, etc). They are not suitable for developing
a probability estimation model, because the training algorithm in this research is gradient
ascent and the cutoff point is changed. Therefore, 2 new program was developed for the
experiments here. It supplements the previous tools. For the consistency with the previous
work and the putpose of seamlessly integrating the new program into the existing ANN
research tools, the program was also coded in Matlab™. The input intérface of loading data
files, the interface of the experiment parameter configuration and the operational starting point
remain the same as the previous tools, although the computational logic is different. MIRG
members who are familiar with the previous tools will have no difficulty in using the new
program for training probability models. The integration of the new program with the existing

ANN tools will benefit the user from developing probability prediction model along with

66



classification models at the same time. We call the new program MIRG’s ANN-PPF

(probability prediction framework) tool. Fig 4.4 shows the flow chart of the new program.
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Fig 4.4 Flow chatt of the ANN-PPF tool in the research
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4.7 Probability Models for Imbalanced Datasets

Mortality ratio in both the 5102 data set and ‘the 19427 data set is low. Since it is difficult for an
ANN to classify rare outcomes in an imbalanced data set, high specificity and low sensitivity
may result. For data with the linear relationship, ANN performance will not suffer from low
sensitivity. However, medical data ate considered non-lineat. Therefore, an imbalanced data
set will affect our results. Howevet, to some extent, we need a probability model to be a tool
for mortality prognostic screening (e.g. classifying survival and death cases directly). Ideally, to
ensure confidence of using a model for such a scenario, a specificity value of close to 100%
and a sensitivity value of at least 50% would be acceptable by users [Ennett, 2003]. Two
approaches of creating artificial training set to increase AINN sensitivity were used in previous.
studies: over-sampling the samples of a rare outcome, down-sampling the samples of a
dominant outcome. Both methods are based on changing the prior distribution of a rare
outcome, which are not available for developing a probability estimation model. Because the
ANN approach in this thesis provides direct estimates of the posterior probabilities, the prior
distribution adjustment of a training set will result in the failure to calculate the posterior
probability in a test set with a different pdor distribution. A method to increase sensitivity

without affecting the probability estimation is desired.

Two interesting attempts towards the solution of this problem were stﬁdied. The first was to
change a neural network’s original cost function by adding a scalar term and training the neural
network with the new cost function. The other was done by adjusting the classification cutoff
point of an existing probability estimation model. The following section explains the principles

of both methods. The validation of both methods is presented in Chapter 5.
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The first method is based on balancing the error contribution from both classes (We suppose
there are only two classes to classify). The weight update depends on the cost function (i.e. the
error function) of a neural network. For a two-class problem, the cost function can be written

as

E@w)=EWwl)+E(w2) (10) where w!, w2 are the two classes. E(w) is a neural network error
term(i.e. the total cost). E(w7) is the etror term caused by the patterns from class w/. E(»2) is
the error term caused by the patterns from class #2. Suppose that »7 is the rare class and »2 is

the dominant class in a training set.

Equation (10) represents neural network training etrors consisting ;)f the etrors caused by both
classes. Since the W2 is the dominant class, the error term E(w2) will contribute more to the
overall error term E(w). Besides, neural network weight update is based on a batch mode.
Thus, the weight update is usually a gradient method depending on the sum (in a
back-propagation case) or the product (in our case) of the error of an entire epoch instead of
the pattern-by-pattern approach. The direction of the weight update will be closer to the
direction of the error vector E(w2). That explains why the neural network will have difficulty to
learn from the rare class, which results in low sensitivity. Fig 4.5 is an illustration of the error

vectors in a two-class problem.
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Error vector of class A

Fig 4.5 A Two-class Example for the Error Vectors (class B is the dominant class and class A

1s the rare class)

If we balance the errors from the two classes, the gradient vectors will move towards the
direction via the error surface of the rare class. As a result, the neural network will learn more
from the patterns of the rare class before a training process stops. Sensitivity will increase. This
can be done by adding a scalar a to the cost function, E(w)=E(w1)+ aE(w2) (11) where 0< a

<=71.

Equation (11) represents how the new etror vector E(w) will decrease some effect from the
error E(w2) of the dominant class. When a takes the value of 1, the new cost function is the
original one. While the new cost function applied on the weight update formulas derived in
this thesis, the ditection of the weight update can be adjusted towards the rare class. If the
value of a approaches 0, the sensitivity of a model will be close to 1 and the specificity will

reduce to 0. In other wotds, a can be treated as a trade-off between sensitivity and specificity.

The second method, moving a cutoff point, is much simpler than the first one. It takes place

after ANN models are trained. The initial cutoff point of ANN training is 0.5, the ANN
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output >0.5 would be classified as a death whereas the output <0.5 would be regarded as a
survival case. The cutoff point is applied in order to calculate the sensitivity and the specificity
in the logarithmic-sensitivity index during training and testing phases. Therefore, after the
training stopped, sensitivity and specificity are calculated based on the cutoff point 0.5. When
the cutoff poiht is moving, the sensitivity and the specificity of an ANN model will vary.
Although performance measures such as sensitivity and specificity may not make much sense
from the view point of the probability estimation, they are able to underline some thresholds
for recognizing babies with high risk or low risk. Thus, we may use a probability estimation

model as a classification model by setting up the cutoff point.
In our experiments, ANNs were first trained with the cost function derived in section 4.2.

Then, both methods suggested in the section 4.7 for improving the model’s sensitivity were

applied. The simulation results are presented in the section 5.4 and 5.5.
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Chapter 5 Analysis of Results

5.1 Comparison of SNAPPE-II Models and 13-variable Models

As aforementioned, a total of 19 ANN models of SNAPPE 11 variables and 27 ANN models
of 13 variables were trained and tested from a training set and test set of total 5102 cases. The
performances of these ANN models were assessed by the following measures: the test
logarithm sensitivity index, sensitivity, specificity, the area under ROC, correct classification
tate (CCR). Except for the area under ROC, other measures wete all based on a cutoff point of
0.5. Any output with a probability over 0.5 was classified as a death, otherwise it was a survival.
Table 5.1 shows performance of 1 single-layered and 18 double-layered neural networks using:
SNAPPE-II variables. Table 52 shows the performance of 1 single-layered and 26
double-layered neural networks employed with the 13 input variables. Both tables list
logarithmic likelihood (Log-likelihood) values, which show the models’ likelihood based‘on
training data. The reason that we list logarithmic likelihood is to provide a reference for future
research. In future research, we may use Log-likelihood as a stopping criterion. Except

Log-likelihood, other performance measures are based on the results of the test set.

Number of | Logarithmic | BestEpoch | Sensitivity | Specificity CCR(%) | ROCArea Log
Hidden Unit | sensitivity Likelihood
0 (Single) | 0.023125 486 0.21875 0.98767 91.5344 0.8528 -814.472

2 0.032302 1866 0.25625 0.98313 91.4756 0.8554 -790.401
3 0.045604 2975 0.3 0.98443 92.0047 0.8583 -771.265
4 0.039688 2742 0.28125 0.98637 92.0047 0.8616 -760.178
5 © 0.03403 2265 0.2625 0.98313 91.5344 0.8554 -787.561
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6 0.045568 3036 0.3 0.98378 91.9459 0.8629 -741.559
7 0.039534 6289 0.28125 0.98313 91.7108 0.8595 -705.555
8 0.035921 2641 0.26875 0.98572 91.8283 0.8584 -768.604
9 0.023125 431 0.21875 0.98767 91.56344 0.8506 -804.647
10 0.024558 458 0.225 0.98767 91.5832 0.8502 -801.542
11 0.026001 657 0.23125 0.98637 91.6344 0.849 -799.565
12 0.030743 2620 0.25 0.98637 91.7108 0.8666 -749.134
13 0.030719 2018 0.25 0.98572 91.652 0.8611 -768.954
14 0.041477 3571 0.2875 0.98313 91.7695 0.8597 -735.007
15 0.043545 2901 0.29375 0.98443 91.9459 0.8627 -743.946
16 0.034161 4009 0.2625 0.98637 91.8283 0.8598 -731.109
17 0.037762 1707 0.275 0.98572 91.8871 0.865 -773.369
18 0.037791 2072 0.275 0.98637 91.9459 0.8672 -754.179
19 0.03403 3364 0.2625 0.98313 91.5344 0.8552 -736.026
Table 5.1 ANN Performance Results of SNAPPE-II Variables
Number of | Logarithmic | BestEpoch | Semsitivity | Specificity CCR(%) | ROC Area Log
Hidden Unit | sensitivity Likelthood
0 (Single) | 0.027757 126 0.23899 0.98184 91.2404 0.869 -758.078
2 0.037837 968 0.27673 0.97601 91.0641 0.8672 -758.958
3 0.046237 3984 0.30188 0.98444 92.0635 0.869 -717.084
4 0.043905 2291 0.2956 0.9799 91.5932 0.8683 -742.795
5 | 0.04394 1906 0.2956 0.98054 91.652 0.8744 -712.875
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6 0.034336 708 0.26415 0.97925 91.2404 0.8652 -743.255
7 0.040088 | 3867 0.31447 0.97471 91.2992 0.8694 -686.516
8 0.044079 2293 0.2956 0.98314 91.8871 0.8761 -690.154
9 0.041919 1136 0.28923 0.98054 91.5932 0.8734 -733.108
10 0.064695 4585 0.3522 0.97926 92.0635 0.8751 -689.745
11 0.05035 2906 0.31447 0.98054 91.8283 0.877 -690.498
12 0.049907 6431 0.31447 0.97341 91.1817 0.8747 -629.02
13 0.03986 2138 0.28302 0.9786 91.358 0.8713 -691.834
14 0.043801 2454 0.2956 0.97795 91.4168 0.8755 -679.551
15 0.046018 2258 0.30189 0.98054 91.7108 0.8773 -708.681
16 0.058957 5497 0.33962 0.97017 91.1229 0.8778 -655.334
17 0.047734 6295 0.30818 0.97341 91.1229 0.8723 -656.635
18 0.057296 4486 0.33333 0.98054 92.0047 0.8743 -676.454
19 0.07186 4515 0.37107 0.96952 91.358 0.8756 -620.042
20 0.059394 6144 0.33962 0.97601 91 .652 0.8725 -635.852
21 0.059345 4664 0.33962 0.97536 | 91.5932 0.8814 -657.547
22 0.059297 3498 0.33962 0.97471 91.5344 0.8794 -641.15
23 0.054565 2959 0.32704 0.97536 914756 | 0.8791 -688.308
24 0.043421 3393 0.2956 0.97082 90.7701 | 0.8816 -666.529
25 0.054698 3153 0.32704 0.9773 91.652 0.876 -610.599
26 0.054256 6485 0.32704 0.97082 91.0641 0.8746 -642.859
27 0.054167 6984 0.32704 0.96952 0.8724 -613.053

90.9465

Table 5.2 ANN Performance Results of 13 Variables
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The statistical comparison between SNAPPE-II models and 13-varable models is shown in

table 5.3.
Logaithmic | Sensitivity (%) | Specificity (%) | CCR (%) ROC Area | Log Likelihood
Sensitivity (%)
SNAPPEII | 3.47+0.71 26.31+2.58 | 98.52+0.16 | 91.7320.18 | 0.863+0.005 | -7654+29.5
13-Variable | 4.96+0.97 31.1442.86 | 97.68%4.29 | 91.4610.34 | 0.87+0.004 | -681143.4

Table 5.3 Mean and Standard Deviation of Performance Comparison between Two Input

Variable Sets (the constant predictor of test set is 90.5)

From table 5.3, it is clear that ANN models with 13 variables, after training, result in slightly
larger sensitivity than models with SNAPPE-II variables. Since ANN training in the thesis is. to
maximize the likelihood cost function, the global maximum of the likelihood will tesult in a
logarithmic likelihood value of 0. Table 5.3 shows that average convergence to the maximum
likelihood of an ANN with the 13-vatiable inputs is better than an ANN with SNAPPE-II
variables. The average areas under ROC cutve of both variable sets ate over 0.85. Therefore,

both variable sets are capable to develop ANN models with good discrimination ability.

The initial comparison between two variable sets is from a perspective of classification and
discnmination ability. Since we are more interested in the performance of probability
estimation, the next comparison is from the results of the Hosmer-Lemeshow test. Every
ANN model was assessed by the following measures: Hosmer-Lemeshow Chi-squate statistics
(C-value) of the training, test and entite 5102 sets; degree of freedom; P-value of the

Hosemer-leineshow test. Table 5.4 shows the Hosmer-I emeshow test results of models with
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SNAPPE-II variables. Table 5.5 shows the Hosmer-Lemeshow test results of models with the

13 variables.

Number of
Hidden Units C-value Degtee of Freedom P-value

train 3.84 train 7 train 0.80

7.31 7
6 test 13.88 test 7 0.05
5102 8.42 5102 8 0.39
train 18.69 train 8 0.02
c
R 8 .




17

test

[vo] e ollee]

5102

train 8 0.74
19 11.29 test 7 test 0.13
4.46 5102 8 5102 0.81
5.4 Hosmer-Lemeshow test results for the models with SNAPPE-II variables
Number of
Hidden Units C-value Degtee of Freedom P-value

test

5102

. 7 T3
6 test 447 test 6 test 0.61
5102 5.77 5102 7 5102 0.57
train 8.52 train 8 train 0.38
7 test 17.72 test 7 test 0.01
5102 9.01 5102 8 5102




train 12.35 train 8 train 0.14
13 test 14.60 test 7 test 0.04
5102 10.50 5102 8 5102 0.23

15

3.24

test

3.82

5102

ol ~J oo

train train 8 train 0.05
27 test 35.54 test 3 test <0.01
5102 11.66 5102 8 5102 017

Table 5.5 Hosmer-Lemeshow test results for the models with 13 input variables

From table 5.4, we see that SNAPPEII models with hidden neuron number of 3, 4, 5, 6, 8, 9,
10, 11, 12, 13, 17, 18 and 19 fit the observed data well (i.e. P-value of training, test and 5102

sets >0.05). Table 5.5 shows that the 13-varable models with hidden unit number of
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2,3,5,6,9,10,11,15,18, and 23 fit the observed data well. Among these structures, the 13-variable

ANN model with 5 hidden neurons obtained a large P-value in training (0.96 with 8 degree of

freedom), test (0.96 with 7 degree of freedom) and 5102 (0.99 with 8 degree of freedom) sets.

Table 5.6 shows a contingency table of the Hosmer-Lemeshow test on this structure.

<0.1

0.1-0.2
0.2-0.3
0.3-0.4
0.4-0.5
0.5-0.6
0.6-0.7
0.7-0.8
0.8-0.9

>0.9

102.8

74.7
65.8
62.7
40.1
42.9
40.1
35.7

25.3

8.5

98

74

59

60

41

42

40

36

25

9

3713.2

446.3

201.2

1183

49.9

35.1

219

123

4.7

0.5

3718

447
208
121
49
36
22
12
5

0

3816

521

267

181

90

78

62

48

30

9

Table 5.6 Hosmer-Lemeshow Test Contingency Table of the 13-variable Model with 5 Hidden

Neurons on 5102 Record Set (H-L C-value=1.74; Df=8; P-value=0.99)

These results mean that both SNAPPEII variables and the 13 variables can be employed as

ANN inputs and trained to obtain mortality probability prediction models with the method

presented in this thesis. The SNAPPEII score cannot be used to calculate the probability of

mortality ditectly. Howevet, our expetimental tesults show that a SNAPPE-II mortality

probability prediction model can be developed by ANN training. A SNAPPEIl mortality

probability prediction model, in concert with the SNAPPE-II scoring system, may provide

mote information for clinical decision makers. In addition, from the comparison of P-value of
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each structure, an ANN with the 13-variable inputs will be more likely to obtain a better

probability prediction model. Therefore, it shows that the 13 variables are preferable as ANN

inputs for development of mortality probability prediction models. In the next section, we use

the 13-variable set to develop mottality probability prediction models with 19427 patient

recotds from CNN database. The mortality distribution of the 19427 data is close to a true

distribution of the CNN NICUs.

5.2 Probabilistic Prediction Models with 13 Variables

With the set of 13 variables, 27 ANN models were trained with a training set extracted from

the 19427 patient records. The performance of each model was assessed by the following

measures: test sensitivity, test specificity, area under ROC of a test set, test correct classification

rate. Table 5.7 shows these ANN performance results.

Number of | Logarithmic | BestEpoch | Sensitivity | Specificity CCR(%) | ROCArea | LogLikelihood
Hidden | sensitivity
Unit
0 0.022966 | 172 | 0.21739 | 0.99327 | 96.5714 | 0.8779 | -1.31E+03
2 0.031582 | 413 | 0.25217 | 0.99343 | 96.7104 | 0.8834 | -1.28E+03
3 0.030419 | 486 | 0.24783 | 0.99343 | 96.695 | 0.8827 | -1.28E+03
4 0.03274 516 | 0.25652 | 0.99263 | 96. 6486 | 0.8823 | -1.27E+03
5 0.030413 | 1111 0.24783 | 0.99327 | 96.6795 | 0.8824 | -1.25E+03
6 0.02705 495 0.23478 | 0.99247 | 96.556 | 0.8834 | -1.28E+03
7 0.026026 | 690 | 0.23043 | 0.99376 | 96.6641 | 0.8855 | -1.26E+03
8 0.036387 | 2643 | 0.26957 | 0.99103 | 96.5405 | 0.8739 | -1.20E+03
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9 0.045917 | 2443 0.3 0.99007 | 96.556 | 0.8743 | -1.20E+03
10 0.03899 | 2992 | 0.27826 | 0.99103 | 96.5714 | 0.8852 | —1.20E+03
11 0.037647 | 3182 | 0.27391 | 0.99039 | 96.4942 | 0.8743 | -1.17E+03
12 0.031588 | 851 0.25217 | 0.99359 | 96.7259 | 0.885 |-1.24E+03
13 0.033921 | 2550 | 0.26087 | 0.99183 | 96.5869 | 0.8818 | —1.21E+03
14 0.033946 | 1898 | 0.26087 | 0.99247 | 96.6486 | 0.8776 | -1.22E+03
15 0.031576 | 1547 | 0.25217 | 0.99327 | 96.695 | 0.8756 | -1.27E+03
16 0.040309 | 3023 | 0.28261 | 0.99055 | 96.5405 | 0.8737 | -1.17E+03
17 0.036346 | 2826 | 0.26957 | 0.99007 | 96. 4479 | 0.8828 | -1.20E+03
18 0.037654 | 3758 | 0.27391 | 0.99055 | 96.5097 | 0.8746 | -1.17E+03
19 0.044451 | 5178 | 0.29565 | 0.98975 | 96. 5097 | 0.8786 | -1.08E+03
20 0.045748 | 6258 0.3 0.98703 | 96.2625 | 0.8634 | -1.08E+03
21 0. 04178 1806 | 0.28696 | 0.99263 | 96.7568 | 0.889 |-1.19E+03
22 0.039005 | 2392 | 0.27826 | 0.99135 | 96.6023 | 0.879 |-1.16E+03
23 0. 045846 | 5988 0.3 0. 98879 | 96. 4324 0.8561 | —1. 00E+03
24 0.043146 | 2044 0.2913 | 0.99199-| 96.7104 | 0.8718 | -1.16E+03
25 0. 046006 | 6047 0. 3 0.99167 | 96.7104 | 0.85 | -1.05E+03
26 0. 033889 | 3936 | 0.26087 | 0.99103 | 96.5097 { 0.8852 | -1.17E+03
27 0.040417 | 1580 | 0.28261 | 0.99279 | 96. 7568 | 0.8844 | -1.20E+03

Table 5.7 ANN Performance Results of 19427 Data with 13 Input Variables

Table 5.8 lists Hosmer-Lemeshow test tesults (C-value, degree of freedom and P-value of

training, testing, and the 19427 data set) of the 27 ANN models.
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train

8
27 test 16.71 test 8. test <0.01
19427 10.60 19427 8 19427 0.23

Table 5.8 Hosmer Lemeshow Test Results of ANN Models with 13 Input Variables

From table 5.7, a single layer ANN model and double -‘layer ANN ‘models with the hidden
nodes’ number of 4,5, 15, are considered é good fit on observed data. The P-values of training,
testing and the 19427 data sets are larger than 0.05. These models are clinically acceptable to
predict mortality probability. Among those models, ANN structure with 15 hidden units has
the best goodness of fit result. Table 5.9 is a Hosmer-Lemeshow contingency table of this
structure on 19427 data set. Fig 5.1 shows a ROC graph of this model on both training and
test sets. For a probability model, higher sensitivity does not represent better goodness of fit.
From table 5.7, we can see that ANN models with 9, 12, 14, 25 hidden nodes have a sensitivity

of 0.3. This value is slightly higher than the sensitivity of other models. However, the goodness
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of fit of these models are not acceptable. These models cannot be used to estimate the

probability of mortality.

- Probability Group | Expected Death Observed Death Expected Survival | Observed Survival | Total Cases in the

Group

<0.1 - 219.223 219 17526.78 17527 17746
0.1-0.2 101.0847 106 614.9153 610 716
0.2-0.3 77.35324 74 239.6468 243 317
0.3-0.4 67.3008 71 124.6992 121 192
0.4-0.5 66.92561 57 83.07439 93 150
0.5-0.6 61.91809 60 52.08191 54 114
0.6-0.7 48.2483 46 26.7517 29 75
0.7-0.8 42.7586 41 142414 16 57
0.8-0.9 34.3627 35 6.6373 6 41
>0.9 17.7892 18 1.2108 1 19

Table 5.9 Hosmer-Lemeshow Contingency Table of an ANN with 15 Hidden Units on the

19427 Data Set (H-L C-value=4.27; Degree of Freedom=8; P-value=0.83)
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Fig 5.1 ROC Graph of the ANN model with 15 hidden units (upper cutve is for the training

set, the other curve is for the test set)

5.3 Comparison of Models developed from different Prior Distributions

Statistical comparison between 13-variable models developed by 5102 data set (mortality rate

9.5%) and models developed by 19427 data set (mortality rate 3.75%) is shown in table 5.10.

Logarithmic | Sensitivity (%) | Specificity (%) CCR (%) | ROCArea

Sensitivity (%)

5102 4.96x+0.97 31.14+2.86 | 97.68+4.29 | 91.4630.34 | 0.87+0.004

19427 3.6510.64 26.88+2.23 | 99.16+0.16 | 96.60+0.11 | 0.88+0.009

Table 5.10 Mean and Standard Deviation of Performance Comparison for 13-variable Models
Developed by 5102 Data Set and 19427 Data Set (the constant predictor of the 5102 set is 90.5

and the constant predictor of the 19427 set is 96.4)
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Table 5.10 shows that using the maximum likelihood estimation method encountered
problems with imbalanced outcome distributions. The sensitivity is relatively low. Average
sensitivity in the 19427 data set is slightly lower than average sensitivity in the 5102 data set.
On the other hand, using the method presented in this thesis, we successfully obtained
probability prediction models from training sets with different prior mortality distributions.
Low sensitivity and imbalanced data set did not affect the development of a probability model

as long as the prior distributions in training and test sets were consistent.

5.4 Comparison of Two Approaches for Improving Sensitivity

According to Bayes rules, the prior probability is a factor used to calculate the postex:ior.
probability. In training and test sets with inconsistent prior mortality distributions, a model
developed by the training set is unable to approximate the true postetior probability of
mortality in the test set. Therefore, inconsistent prior distributions between training and test
sets will cause failure to develop a probability estimation model. The sampling approach
currently used by MIRG alters the prior distribution of outcomes. Although it results in the
mmprovement of test sensitivity, this method is yet unavailable for the problem in this thesis.
For this purpose, we present two approaches to improving sensitivity without changing the
prior distribution in a training set: adjustment of a cutoff point and adjustment of a neural
network cost function. Table 5.11 presénts the results of adjusting a cﬁtoff point between 0
and 0.5. It uses a 13-variable ANN model with 15 hidden units as an example. The original
position of cutoff point for the model was 0.5. We moved a cutoff point from 0.5 to 0.15.
Sensitivity increased while values of the cutoff point decteased. This approach does not affect
the model’s probability estimation, because moving a cutoff point happens after model

development and adjustment is within a predicted probability range.
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Cutoff 0.5 0.4 0.35 0.25 0.15

Sensitivity % 25.2 33.5 37.8 47.8 59.1
Specificity %o 99.3 98.7 98.3 91.7 95.9
CCR % 96.7 96.4 96.2 95.9 94.6

Table 5.11 The Adjustment of a Cutoff Point for Improving Test Sensitivity

The second approach, adjusting a cost function by adding a scalar a to the error term caused
by a dominant outcome (ie. the survival outcome), takes place during a2 model generation
process. Therefore, whether ANN models trained by the second approach are able to estimate-

the mortality probability is unknown.

To train the neural network as the second method, we first add a scalar term to the ANN cost

function. The new cost function is written as follows:
L(6) =In[L(®)] = Yy, *InO(x) +a(l-y) *In(1 - O(x))) (1)
i1

As the same mannet of detiving the weight update formula in section 4.2, the weight update

formula for updating weights and bias from hidden layer to output layer is written as follows:
AW, =Y (di(l - O(xi)) + a(di —-1)O(xi))x,, ()
i=1

The weight update formula for updating weights from input layer to hidden layer is written as

follows:

AWji = 13°(d,(1- O(Xn) + a(d, ~DOXm)) * Wiy * ' (¥ (m) *Yi(n) ()
a=]
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We use the two new weight update formulas in the ANN simulation tool to train neural
networks. Table 5.12 still uses the aforementioned 13-variable ANN model with 15 hidden
neurons as an example. It demonstrates that sensitivity was improved while a was reduced.

Results show that the second approach can increase a model’s sensitivity.

a= 1 0.6 0.45 0.25 0.15
Sensitivity % 25.2 33.9 42.2 56.1 63
Specificity % 99.3 98.8 98.2 97.2 94.8
CCR % 96.7 96.5 96.2 95.7 93.7

Table 5.12 The Adjustment of an ANN Cost Function for Improving Test Sensitivity

5.5 Evaluation of Goodness of Fit on the Second Approach

As aforementioned, changing a cutoff point does not affect goodhess of fit. The goodness of
fit will remain unchanged wherever the value of a cutoff point is. The second method, adding a
scalar to 2 dominant error term in an ANN cost function, alters the cost function agajnst the
original likelihood function. Training neural networks with the altered cost function will not
provide the rigorous maximum likelihood estimation on the training samples. Wil ANN
outputs approximate the postetior probability of class membexship? We used «=0.3 as a
scalar to an ANN cost function in ordér to increase test sensitivity to 50%. The 13 variables

were employed as ANN inputs. 27 ANN structures were trained. Table 5.13 lists resulting

ANN models.
Num of Log-sensitivity Seansitivity Specificity Test CCR Test ROC C-value for
Hidden index 19427 set
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0(single) | 012759 | 047391 | 097486 | 957066 | 0.9034 680.18
2 0.16946 | 053478 | 0.96845 95.305 0.8968 655.07
3 0.15359 0.51304 0.97086 95.4595 0.8969 675.21
4 016377 | 052609 | 097262 | 956757 08982 | 63515
5 0.16054 0.52174 0.972%4 95.6911 0.8968 0692.07
6 014173 | 0.49565 0.9731 95.6139 0.901 651.51
7 016705 | 0.53043 09723 | 956602 0.9046 769.81
8 016781 | 053043 | 007534 | 959537 0.9033 736.10
9 015432 | 051304 | 097406 | 957683 0.9026 740.81
10 0.16753 0.53043 0.97422 95.8456 0.9058 716.30
11 016818 | 053043 | 097678 | 96.0027 0.9062 750.61
12 0.16405 0.52609 0.97374 95.7838 0.9047 704.48
13 0.15758 0.51739 0.97422 95.7992 . 0.9005 722.78
14 015732 | 051739 0.9731 95.6911 0.8995 788.83
16 0.16741 0.53043 0.97374 95.7992 0.906 688.90
16 017429 | 053913 | 097374 | 958301 0.9041 686.52
17 0.15407 0.51304 | 0.97294 95.6602 0.9024 702.89
18 0.15739 0.51739 0.97342 95.722 - 0.9083 735.56
19 0.16448 0.52609 0.9755 95.9537 0.9038 657.74
20 0.19237 0.56087 0.97358 95.8919 0.8986 749.72
21 0.17794 0.564348 0.97422 95.8919 0.907 690.11
22 015436 | 051304 | 097422 | 957838 0.8982 671.48
23 0.16745 0.53043 0.9739 95.8147 0.9046 753.29
24 0.16412 0.52609 0.97406 95.8147 0.894 732.51
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25 0.17136 0.53478 0.97582 96.0154 0.9059 649.26
26 0.16786 0.53043 0.9755 95.9691 0.9074 662.16
27 0.17103 0.53478 0.97454 95.8919 0.9061 685.51

Table 5.13 ANN performance results for adjustment of a cost function

From table 5.13, we know that sensitivity for most of ANN models increased to 50%. This is a

significant increase compared to the results in table 5.7. However, Hosmer-Lemeshow

C-statistics for these models are much greater than 15.51 (a C-statistics value when

P-value=0.05 and degtee of freedom=8). This means that P-value of each model is less than

0.05 and no models are able to estimate the NICU mortality probability. Therefore, although-

the outcomes’ prior distributions in training and test sets are consistent, the apptoach of

adjusting an ANN cost function cannot be used to develop an acceptable probability

estimation model.

91




Chapter 6 Conclusion and Future Work

6.1 Conclusion

A probability model has great utility in quantitating the severity of illness in the discussions
between patients’ families and healthcare service providers [Groeger et al 2003]. This thesis
presents a method for estimating the probability of mortality in infants admitted to the NICU
using physiological vatiables readily obtained on admission (first 12 hours). Artificial neural
network models developed in the thesis not only classify distinct outcomes (survival or death),
but also predict the probability of NICU mortality. General conditions for a neural netwotk to
estimate the postetior probability of class membership were discussed in chapter 2. These
conditions closely relate to the concept of maximum likelihood in the Bayesian framework.
The maximum likelihood estimation is a fundamental approach in Statistics. It is used for
estimating an unknown distribution of a population with a set of observed data randomly
drawn from the population. We apply it hete to the context of neural networks. A neural
network cost function is modeled as a likelihood function so that training is able to find the
maximum likelthood. For three-layered neural netwo;:ks, by teferring to the traditional
back-propagation algorithm, a weight update formula for updating the weights and bias of
hidden neurons was derived in Chapter 4. Contrary to the traditional backward error propagation
algorithm, the new weight update formula is based on gradient ascent. ANN models
developed in our research were primarily evaluated by two performance measures: the area
under ROC curve and the Hosmer-Lemeshow goodness-of-fit test. The fitst one shows a
model’s discrimination ability. It indicates if the model will assign a higher probability to the
babies who are going to die than to the babies who are going to sutvive. The second one
validates the goodness-of-fit for probability estimation based on the sample data that we

obtained. Test results indicate if there exists correspondence between model predicted
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outcomes and real outcomes. We discussed these two performance measures in detail in

Chapter 4.

Data used in our research came from the CNN database. Two data sets with different
mortality distributions were extracted from the CNN database: a 5102 data set (Le. a data set
contains 5102 patient’s records extracted from the CNN database) with mortality ratio of 9.5%
and a 19427 data set with mortality ratio of 3.7%. The first set contained sicker babies than the
second one [Ennett 2003]. The mortality distubution of the second set is close to the
distribution in real NICUs. Two sets of variables were employed as the neural network inputs:

8 SNAPPE-II vatiables and a set of 13 variables developed by MIRG researchers.

To determine which set of variables are better for the development of probability estimation
models, we first apply both sets on the 5102 data set. Initial ANN experiment results with t;he
5102 data set showed that the 13-variable mortality predictors slightly outperformed
SNAPPE-II variables in estimate mortality probabilities. Therefore, the 13-variable input set
was further applied to the 19427 data set, the entire data set of the CNN database. ANNs were
trained to predict mortality probabilities in 19427 data set. ANNs with hidden neuron number
0, 4, 5, 15 are able to estimate the probability of mortality in CNN database. Expetimental
results prove that the maximum likelthood method proposed in the thesis was successfully
applied on CNN database for the development of probability estimation model of NICU

mortality.

Experiments showed that ANNSs trained with the maximum likelihood method were affected
by the problem of imbalanced outcome disttibutions. A low mortality distribution in a training

set resulted in a low sensitivity. For increasing sensitivity without changing ptior distributions
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in training sets, two approaches were discussed in Chapter 4 and 5. One is by adjusting a

neural network cost function. The other is by moving a classification cutoff point.

Further experiments showed that both approaches significantly improved sensitivity. However,
the method by adjusting a cost function could not develop any clinically acceptable probability
prediction models. Hence, a model with high sensitivity may not result in good fit. The cutoff
point approach can separate groups of dichotomous outcomes by setting the point within a
range of estimated probabilities. An ANN-based probability prediction model trained from an
_ imbalanced data set can apply this approach to obtain a good sensitivity and specificity, thus

leading to a mortality-screening tool.

6.2 Contribution

Academic contributions are listed below based on thesis results.

1) This thesis supplements MIRG’s previous ANN tesearch and models by using a2 new
approach that allows to estimate the probability of NICU tﬁortality, replacing the death
or survival dichotomous output. A gradient-ascent-based weight-update algorithm was
derived. An ANN-PPF tool based on the formula for neural netwotk simulation was
developed and successfully used in this research. This provides new and important

information for the physicians usmg out tools.

2) The thesis tested and confirmed that the 13-variable mortality predictor model
developed by Ennett et al. perform better than the SNAPPEII variables developed by
logistic regression and can be successfully used with this new ANN tool. This model,

updated to output probability of mortality can be used either alone ot in concert with
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the diagnosis of clinicians may be very useful in processes related to NICU resource

utilization and review and patient management.

3) We presented two approaches for improving sensitivity of ANN models. Although the
adjusting cost function method cannot be applied on probability models according to
the experimental results, it can replace MIRG’s sampling approach for dealing with

skewed data. This method could be of interest to MIRG’ researchers in the future.

4) The thesis is the first application of maximum likelihood based ANN approach and
Hosmer-Lemeshow goodness-of-fit test on NICU data to develop probability-

prediction models.

6.3 Future Work

Probability itself is an important numerical decision support tool in a clinical environment. The
method described in this thesis can potentially be used for estimating many other NICU
outcomes. Future wotk will add probabi]ity predictions to ventilation duration and to the
occurrence of complications such as neuro-image abnormality, necrotizing entero-colitis, and
broncho-pulmonary dysplasia. We intend to apply the maximum log-likelihood stopping

criterion to ANN training.

Artificial neural networks are not the only choice for developing clinical probability prediction
models. As we presented in Chapter 3, many approaches such as logistic regression, kernel
-based methods, Bayesian networks, naive Bayes classifier, etc. can be applied based on

problems that we have. In chapter 3, in addition to the literature review, some ideas for using
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these methods wetre proposed. The ultimate goal for our reseatrch is to develop reliable and
usable clinical decision suppott systems and tools. Thetefore, any potential solution should be

compared and investigated in future studies.
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