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Abstract

This thesis demonstrates the application of a feedforward backpropagation-trained artificial
neural network using the weight-elimination cost function to the estimation of in-hospital mortality for
coronary artery bypass grafting patients from the San Francisco Heart Institute in Daly City, California,
USA. The highly-skewed a priori statistics due to the low mortality rate present difficulties for modelling
this data. Artificial training and test datasets with higher mortality rates were developed to improve the
classification performance of the artificial neural networks. Sensitivity was considered the most
important measure of performance for this work. Given that current mortality risk models are unable to
accurately identify high-risk patients (those who do not survive the surgery), focussing on increasing the
sensitivity rate will indicate when more of the patients who are difficult to classify are correctly
identified. The final result was an increase in sensitivity when training with a dataset with a higher
mortality rate than the test set. This dataset modification approach resulted in only small changes for
other performance measures (specificity, predictive positive value, predictive negative value, and correct

classification rate), and thus helped to achieve the main goal of the study.
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“In attempting to arrive at the truth, I have applied everywhere for information, but in scarcely
an instance have I been able to obtain hospital records fit for any comparison. If they could be obtained,

they would enable us to decide many other questions than the one alluded to.”

— Florence Nightingale, Notes on Hospitals, 1873



Chapter 1: Introduction

The arrival of the information age spawned a renewed interest in the prediction of future
outcomes. There is an unspoken belief that a “magic combination” of information exists that will make
reliable predictions. This search for the “magic combination” has led to an accumulation of data on
specific events. For example, some medical researchers believe that if doctors could identify the higher
risk patients and the factors causing this increased risk, precautions could possibly be taken to reduce
or eliminate this threat. This type of risk stratification has been investigated concerning coronary artery

bypass grafting (CABG) surgery.

The search for an effective method of mortality risk stratification for coronary artery surgery
began in 1986 after the Health Care Financing Administration in the United States began releasing raw
statistics on the mortality rate of Medicare coronary artery bypass surgery patients in American hospitals.
The stated objective was to inform patients about the quality of care at hospitals, and to help them make
knowledgeable decisions to attain the best service and treatment possible [Ebert 1989]. This mortality
data, from the point of view of the hospitals and surgeons, did not consider the patient’s severity of

illness before undergoing surgery.

Categorizing the patients into different levels of risk provides a more accurate view of the quality
of surgical care, and can potentially be used as a decision aid to assess a patient’s risk of mortality before
surgery. Presently, these risk assessment models are not sufficiently accurate at the individual level to
permit use in a clinical setting. The models are used to observe changes in the characteristics of the
patient population over a period of years, effects of changes in surgical, pre- and postoperative
procedures, and statistical variations from institution to institution. The heart surgery patient population
is also a particularly difficult group to classify. It appears that there are few defining characteristics that

easily identify whether a patient will survive the surgery or not {Orr 1997].



As the processing power and storage capacity of today’s computers grow, so does the need for
an effective method of interpreting this data. Medical researchers have tried various methods of risk
stratification using additive models, statistical approaches, and a form of artificial intelligence called
artificial neural networks (ANNs). Additive models are intuitive, since understanding how having more
risk factors increases the risk of death is easy. Statistical techniques are commonly relied upon to derive
patterns in large amounts of data to predict outcomes for new patients. ANNs, a newer approach whose
popularity resurged in the late 1980's, can use nonlinear modelling algorithms to find the most suitable
model to fit the data. Schematically and functionally based on their biological counterparts, ANNs have
artificial neurons and variable weights to simulate the actions of the synapse to permit learning. This
form of artificial intelligence has achieved success in other medical settings [Baxt 1991, 1994a, 1994b,
Buskard 1994, Buskard er al. 1994, Frize et al. 1995, 1996, 1997, Trigg 1997], so improvements in

outcome predictions for CABG surgery patients are anticipated.

1.1 Motivation and Significance of the Research

In the past decade, many risk models have been developed and updated to estimate the risk of
mortality for coronary artery surgery patients. To date, however, no model has gained widespread
acceptance due to poor generalizability to institutions other than the originating one. Most researchers
have found that the best models are institution-specific. In a discussion about the search for the best

coronary artery risk model, W.C. Nugent [1995] clearly described the situation by saying:

“Rather than arguing whether one model is preferable to another, the central question is whether
a validated mathematical model is preferable to no model at all in helping to make clinical
decisions. The answer to this is irrefutably yes.”

With the medical advances that have increased the mean age of our society, a new population
is demanding coronary artery surgery. These individuals are older, with more health problems, have more
repeat surgeries, poorer ventricular function, and more diffuse disease [Keon & Menzies 1992]. Even
with advances in surgical techniques and myocardial protection, surgeons still have difficulties
combatting the increased risk of operative death and morbidity for this new, frail population. Despite
this, nearly all medical institutions discussed in the literature report an open-heart surgery mortality rate

of less than 5 percent.



Usually, coronary artery surgery mortality models can easily make accurate predictions about
low-risk patients, while the higher-risk patients are poorly stratified. The challenge presented by the
CABG database is the identification of these patients who are at a high risk of death. Although a low
mortality rate is desirable from a medical point of view, the small number of nonsurvivors presents a
serious challenge for risk prediction techniques. Having too few samples poses several problems. Most
notably for an ANN, this means there is not likely enough information to learn which combination of
factors will lead to death. This problem of a small representative sample of one outcome is not unique
to coronary artery surgery. In many other fields, prediction of an underrepresented class is desirable, but
so far no foolproof solution exists. If a solution to the small amount of information available to
researchers about coronary artery surgery mortality rates could be found, the approach could possibly

be suitable in other domains as well.

1.2 Thesis Objecﬁve

This study’s approach will use a feedforward artificial neural network (ANN) trained with the
backpropagation learning rule and the weight-elimination cost function to predict the in-hospital
mortality of CABG surgery patients at the San Francisco Heart Institute (SFHI) in Daly City, California.
The effect of changing the distribution of the training and test datasets by entering the cases of the
underrepresented class multiple times into the artificial dataset will be examined. Artificially changing
the a priori statistics of the datasets is an attempt to combat the problems that arise with the low

representation of the nonsurvivors of CABG surgery when predicting in-hospital mortality using ANNSs.

As a second objective, the largest network weights at the point of optimal performance of the
ANN will be extracted to identify the variables that have the most influence on the predictions of the
outcome. This goal will be accomplished using the weight-elimination error cost function. These
variables will be extracted from the database, and the performance of the ANN with only these “most

important” variables will be evaluated.

The application of this ANN algorithm with weight-elimination to a medical database has given
successful results in a previous study [Trigg 1997, Frize et al. 1997]. In her thesis, Trigg’s problem of
identifying intensive care unit (ICU) patients requiring 8 or more hours of mechanical ventilation

involved an approximately 70-30 percent distribution of the outcomes. This is a much larger percentage

4



of the underrepresented category than the problem presented by the CABG database. For CABG surgery
outcomes, the patients who do not survive the operation generally represent less than S percent of the
database. This poses serious difficulties for the intended ANN to be investigated, as shown by
preliminary results done by Trigg [1997] and in a conference paper by Ennett and Frize [1998]. Ennett
and Frize [1998] discovered a region of inconsistent network performance (i.e., sometimes the network
would learn patterns and other times it would classify everything as belonging to the group with the
highest a priori probability) when the underrepresented class made up approximately 15 percent of the
cases. At representations of less than 15 percent, the ANN failed to learn anything. Instead, it classified
all patients as belonging to the larger outcome class (i.e., those patients requiring less than 8 hours of
artificial ventilation). A copy of the full paper by Ennett and Frize [1998] is included in Appendix A.}
In theory, this technique of changing the a priori statistics of the training set may provide a solution to

the challenges faced when dealing with a drastically underrepresented outcome in a two-class problem.

1.3 Thesis Outline

This section delineates the chapters briefly to identify the topics covered in each section of this
thesis. In Chapter 2, an introduction to the basic concepts covered in this thesis is provided. There is a
brief description of the medical environment being investigated, followed by a description of the analysis
techniques that are commonly used for evaluating risk models. Furthermore, a review of the earlier work
by the research groups ensues, and the various techniques that other researchers have employed to
separate the CABG patients into categories of increasing risk are mentioned according to the type of

model involved: additive models, statistical techniques, and artificial intelligence.

Chapter 3 outlines the problem formulation. First, a discussion of the challenges involved with
CABG surgery databases that one must keep in mind arises, and a list of possible solutions for these
difficulties is presented. The next part discusses advancements that have occurred in ANN research,
followed by an overview of the SFHI database including statistical descriptions of the information
contained in the database, and a justification of the choice of the reduced dataset. Then, the techniques

that can be employed for identifying the most important variables are discussed.

! Used with permission, see Appendix B.



Chapter 4 justifies the ANN architecture that will be employed in developing the mortality
prediction model, and the techniques used to create the training and test sets. Various sampling
techniques are described for creating the artificial datasets. There is a short discussion about the choice

of experiments selected to obtain useful and concise results.

In Chapter S, the general results of the experimental simulations and their evaluation are
presented. A description of the network parameter optimization ensues. The results of each particular
set of experiments are analyzed separately to extract the important information that was found. The thesis
results are compared with previous work by Trigg [1997] and the SFHI research group [Pliam et al.
1997] to validate the findings. Finally the section concludes with some general comments about the

experimental results.

Chapter 6 summarizes the final results of the work completed, and identifies the areas where new
information was uncovered. Finally, suggestions for future work ideas in this area of medical research

and artificial neural networks complete this thesis.



Chapter 2: An Overview of Relevant Concepts

For a more thorough understanding of the medical aspects of the thesis topic, some background
information about the medical environment involved with this research is provided. A description of the
techniques that researchers use to analyse the performance of the existing coronary artery risk
stratification models provides the groundwork for comparing different models. A review of the previous
work accomplished by the research groups involved, the Medical IDEAS Research Group (MIRG,
IDEAS = Intelligent Decision Aid Systems) and the San Francisco Heart Institute (SFHI) research group,
serves as a backdrop for this thesis work. Before beginning a discussion of the methodology, knowing
what techniques other researchers have tried is important, as well as how well these approaches have
succeeded in stratifying the patients into the appropriate risk categories. There are three main types of
models for risk stratification: additive models, statistical techniques, and artificial neural networks.
Within each category of models, descriptions of several examples that are commonly used as benchmarks

by which to compare newer models are provided.

2.1 Medical Context

The poor diet and sedentary lifestyle of a typical North American have allowed the incidence
of coronary artery disease (CAD) to flourish and become Canada’s number one killer. These are not the
only factors that can increase a person’s chance of developing this disease, however, they are key players
in the disease’s onset. CAD can begin as angina pectoris which occurs when the coronary arteries
become constricted or blocked preventing an adequate supply of blood to the heart muscle. Without

sufficient oxygen, myocardial infarction (MI) or sudden death could result [Youngson 1992].



Initially, medications such as nitrates, beta-blockers, and calcium inhibitors can treat patients
with angina pectoris [Maurice & Lancelin 1980]. Medical treatment alleviates the pain associated with
angina, and although it reduces the chance of occurrence of MI and sudden death, patients are still at risk.
As the disease progresses to involve multiple cardiac blood vessels, or the left ventricular function
becomes impaired, percutaneous transluminal coronary angioplasty (PTCA) and/or coronary artery
bypass graft surgery (CABG) may be necessary. An angioplasty offers a less invasive approach to
treating CAD. It has many of the same benefits of CABG, but is not quite as effective. CABG can offer
substantial or complete pain relief, and the risks of MI and sudden death are drastically reduced. These
improvements allow the patient to enjoy a better quality of life. At the same time, however, surgery

introduces new risks such as operative death, graft occlusion, aortic dissection and stroke [Miller 1977].

A patient with heart disease may undergo isolated CABG surgery or acombined CABG surgery.
“Isolated” surgery means that the only purpose of the operation is to perform the CABG procedure. A
“combined” surgery simply indicates that more than one procedure is being performed. This means that,
in addition to the CABG operation, the surgeons will also perform another procedure such as valve
replacement or repair, or an endarterectomy, among other procedures. All surgical procedures have an

inherent risk of morbidity and mortality (caused by unforeseen complications).

Recall that the mortality rate for CABG surgery is close to 5 percent. This is a low mortality rate,
and shows that surgeons are generally successful at recognizing suitable candidates for coronary artery
surgery. A morbidity outcome such as a stroke or an infection resulting from the surgical procedure can
sometimes be corrected using medical expertise, but death cannot be reversed. Knowing this, there is no

question that preoperatively identifying whether a patient will survive surgery is critical.

2.2 Classifier Evaluation Techniques

To assess the validity of a risk stratification model, the approach must be evaluated using
commonly accepted measures of performance. Below is an overview of several measures that are
generally accepted as effective and relatively unbiased. The typically uneven a priori probabilities of
the medical output variables adds to the challenge of developing an effective model [Penny & Frost

1996]. Given the highly skewed data from the SFHI, finding a measure that is not highly influenced by



the low mortality rate is difficult. It is hoped, however, that using several validation techniques will

provide a better overall picture of the model’s performance.

2.2 (a) Constant Predictor

A constant predictor is a basic statistical benchmark that classifies all cases as belonging to the
class with the greatest a priori probability [Frize et al. 1995]. To illustrate this, consider the case of
CABG surgery. The outcome of interest is in-hospital death. The percentage of patients in the training
set who die is 3.7 percent (meaning that 96.3 percent survive the surgery), and in the test set, 3.8 percent
of patients die. A constant predictor would classify all patients in the test set as surviving, and it would,

therefore, correctly classify the patients 96.2 percent of the time.

2.2 (b) Contingency Table

Table 2.1 describes a truth table. The correct classification rate (CCR), or accuracy, identifies
the rate at which the model correctly classifies the data into their proper categories. The CCR is
calculated by summing the number of cases that were correctly classified into their respective classes
(the number of true positives, TP, plus the number of true negatives, TN, and dividing by the total
number of cases in the dataset (TP+TN)/total cases). The sensitivity of the model tells the rate at which
a subject who dies following surgery is classified as dying. The formula for sensitivity is TP/(FN + TP)
where FN represents the number of false negatives. Specificity is the rate at which a patient who survives
is classified as surviving, and can be calculated using the following formula: TN/(TN + FP) where FP
is the number of false positives. Both the sensitivity and specificity are properties of the model’s test.
The predictive positive value (PPV) is the rate at which the cases are classified as dying following
surgery, TP/(FP + TP), and the predictive negative value (PNV) is the rate at which the cases are
classified as surviving the surgery, TN/(TN + FN). These parameters depend on the prevalence of the
situation under investigation [Penny & Frost 1996]. Although these may be effective means of measuring

performance in some cases, the prevalence of the outcomes can be influential.

Table 2.1: Contingency table

Correct Output
Not Present Present
Model Output Not Present true negative (TN) false negative (FIN) TN +FN
Present false positive (FP) true positive (TP) FP+ TP
TN + FP FN+TP total cases




An important point to consider is the cost of misclassification. There may be different costs
associated with the misclassification of a patient. For example, predicting that a patient will not survive
surgery (but the patient actually lives) has a different associated cost, than foretelling survival, when in
actual fact the patient will die. In this situation of different misclassification costs, the CCR is not
necessarily the best measure of accuracy [Kattan & Beck 1995]. Although this is the situation with
CABG data, the CCR will be reported knowing the limitations of its interpretation. Also, a greater focus
will be on the sensitivity rate, since this measure is more sensitive to the correct classification of the
nonsurvivors of coronary artery surgery who are more difficult to classify. Finding a satisfactory balance

between the sensitivity, specificity and CCR would be ideal.

2.2 (c) Mean Predicted Mortality

This measure is calculated by simply summing the raw predicted mortality values for each case,
and dividing by the number of cases. The mean predicted mortality is the average predicted risk of all
patients in the group. It can offer an overview of the type of patients in the test set such as whether there
were a large number of higher-risk patients (indicated by a higher mean predicted mortality), and it can
give an idea of how well the model is calibrated to the test data by comparing the mean predicted

mortality with the actual mortality rate.

2.2 (d) Receiver Operating Characteristic Curves

The area under the receiver operating characteristic curves (ROC curves, or the C-index)
assesses the ability of the model to discriminate between outcomes. Since this measure does not require
a predefined decision threshold, it may also be used to discover the optimal cutpoint for the test
[Forsstrom & Dalton 1995]. It is a plot of the model’s sensitivity versus one minus its specificity. In
medical terminology, the area under the ROC curve is the probability of a positive test given no disease
versus the probability of a positive test given the disease. The generated ROC curve is a visual
description of the operating points and potential tradeoff between the true and false positive rates. This
curve is obtained by varying the threshold value of the output node across its range of values [Woods
& Bowyer 1997]. Despite being a well-accepted measure of performance, the C-index can still be

influenced by the prevalence of the outcome of interest [Buchman er al. 1994].

ROC curve analysis only works for two output class problems since the generated curve is two-
dimensional. Figure 2.1 shows several sample ROC curves. A perfect model would be represented by

an ROC curve that is a step function. This would indicate that all values of the true positive rate are equal
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to one (i.e., no classification error). The ROC curve of a useless classifier is a 45-degree positive
diagonal line, where the true positive rate equals the false positive rate, and offers no improvement over
random guessing. Thus, the closer the ROC curve resembles a step function, the better the model is.

Typical C-index values for coronary artery surgery models range from 0.70 to 0.80.
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Figure 2.1: Sample ROC Curves

2.3 The Medical IDEAS Research Group

MIRG is a multidisciplinary research group that draws on the skills and knowledge of the
engineers, computer scientists, statisticians, physicians, and students involved. MIRG’s objective is to
use artificial intelligence to integrate several decision-aid systems in a way that fits well with the way
physicians work. Applied to medicine, artificial intelligence should simulate common clinical thinking
toaid and support decision-making and patient management processes. Among MIRG’s ongoing projects
is the application of ANNSs to the estimation of clinical outcomes. The ANN simulates the clinician’s
approach: “And for this particular patient, this is what I think will happen” [Frize et al. 1995]. MIRG
has explored various medical domains, including adult and neonatal ICUs, chronic arthritis management,

and childhood cancer.

MIRG research is guided by its principal investigators (university professors and clinicians), and

progress is made through the completion graduate level theses and term projects, in addition to
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undergraduate senior theses. This section briefly outlines the work completed by former master’s level

graduate students.

2.3 (a) Tim Buskard’s Work

Using a database of 1322 medical and surgical adult intensive care unit (ICU) patients from the
Doctor Everett Chalmers Hospital (DECH) in Fredericton, New Brunswick, the preliminary work with
ANNs by Tim Buskard involved the retrospective estimation of duration of artificial ventilation,
mortality, and length of stay [Buskard 1994, Buskard et al. 1994]. Mortality and length of stay are
common outcomes to investigate in an ICU setting, however, the prediction of the duration of artificial

ventilation appears to have been a novel outcome of interest.

Based on his literature search to find the most effective ANN, Buskard chose to use a
feedforward backpropagation ANN. Buskard attempted to classify patients into 10 output classes for the
variable “length of stay” (0, 1, 2, 3, 4, S, 6, 7, 8-14 and >14 days), and 12 output classes for “duration
of artificial ventilation” (0, 0-12, <12-24, <24-48, <48-72, ..., <336-504 and >504 hours) using 41 input
parameters. The ANN was trained on two-thirds of the cases, and tested on the remaining one-third of
the database. With so few training examples and so many output classes, the ANN was vulnerable to
overfitting (or memorization). The overfitting to the training set was evidenced by the divergence of the
CCR curves of the training and test sets after only a few hundred epochs. Although the ANN achieved
higher CCRs than a constant predictor, the improvements were marginal. These results could be

attributed to the complexity of the model.

Buskard’s work showed that a feedforward backpropagation ANN is an effective classification
tool for the medical environment. He also discovered that a poor balance of the number of inputs, output
classes and training data (i.e., the complexity of the model) leads to overfitting to the training set, and

poor generalization to the test set.

2.3 (b) Heather Trigg’s Work

Heather Trigg (nee McGowan) continued the work of Buskard by attempting to eradicate the
problem of overfitting. She used two new approaches to classify the data: weight-elimination and high-
low node represeﬁtation [Trigg 1997, Frize er al. 1997]. Her objective was to improve the CCR without
losing potentially useful information from the database or waiting for enough additional patient cases

to be collected. The weight-elimination approach (described in more detail in Section 2.5 where the
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basics of ANNs are introduced) was supposed to prevent overfitting by removing irrelevant weights. The
goal of the high-low node data presentation technique was to see if isolating whether a parameter was
higher-than-normal, normal, or lower-than-normal would improve the classification accuracy. This idea
was based on the fact that several physiological parameters have different health effects depending on
these characteristics [Frize et al. 1996, 1997]. Trigg used the same database as Buskard with a few
additional cases (1491 total), and the cases were separated into medical and surgical ICU patients. Since
the surgical (postoperative) patients have more common physiological characteristics than medical

(nonpostoperative) patients, Trigg chose to present the postoperative patient cases (883) to the ANN.

To focus on the performance of the ANN for the two situations under consideration, only two
outcomes were investigated: less than 8 hours of artificial ventilation, and greater than or equal to 8
hours of artificial ventilation. Trigg used a total of 51 input variables for the regular data presentation,
and 65 inputs for the high-low node technique. Unfortunately, Trigg discovered that the high-low node
representation did not improve the CCR of the ANN for this particular database, however, the double-
layered ANNs slightly improved the performance for this data. The optimal network performance
occurred using a double-layered ANN with weight-elimination (CCR = 91.8 percent). Trigg's
configuration achieved a statistically significant improvement over the minimum distance classifier
(CCR =86.1 percent) and the constant predictor (CCR =71.1 percent). The combination of the high-low
node representation and weight-elimination techniques with a single-layered network allowed the most
important variables for predicting artificial ventilation of more than eight hours to be extracted from the
network [Trigg 1997, Frize et al. 1997, 1998]. The most important parameters were defined as those with

the largest absolute values after weight elimination.

A double-layered network offered a slight improvement in the CCR for the ICU database.
Trigg’s most interesting discovery, however, was the extraction of the largest weights from the ICU
database remaining in the single-layered ANN after weight-elimination. Theoretically, weight-
elimination will cause the weights of the least influential variables to drop to zero, ultimately falling out
of the model’s equation. This finding is important because it suggests the potential for the ANN to select

the significant variables for outcome prediction without bias from the researcher.
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2.4 The San Francisco Heart Institute Research Group

Pliam and his colleagues, a group of researchers at the SFHI, compared existing coronary artery
surgery risk models against each other using their own database. They developed a logistic regression
formula from the results, and assessed their predictive accuracy with ROC curves {Pliam et al. 1997].
When the SFHI research group analysed the current methods of predicting mortality for CABG patients,
they looked at additive models (the Parsonnet model and the Cleveland Clinic model), and statistical
models (Bayesian theory and logistic regression). Two of the risk models using Bayesian theory (STS1
and STS2) were taken from the literature. These models were developed on two different databases, one
being a database from a single hospital and the other from the Society of Thoracic Surgeons (STS) Adult
Cardiac National Database. Pliam et al. [1997] also developed Bayesian and logistic regression models
based on the SFHI database. The observed mortality rate for the SFHI patients with combined CABG
procedures (CABG only, CABG plus valve surgery, CABG plus repair surgery) was 4.0 percent in the
test set, while that of the isolated CABG patients was 3.7 percent.

A summary of the variables used in each risk model investigated by the SFHI Research Group

is found in Table 2.2. Some models were developed using specific patient populations, such as isolated

CABG surgery, and Table 2.3 describes which models are intended for which population.
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Table 2.2: Risk factors in additive and statistical CABG surgery risk studies

Risk Factor Parsonnet | Cleveland | Edwardser | SFHI | SFHI STS STS
Model Clinic | al Bayes’ | Bayes’ | Log Reg | Version 1 | Version2

Age X X X X X X X

Female gender X X X X X

Date of surgery X

Valve (aortic/mitral) surgery X X X

CABG plus valve surgery X

Emergency/urgent surgery X X X X X X X

Repeat operation X X X X X X X

Prior vascular surgery X

Renal failure/dysfunction X X X

Dralysis dependency X

Elevated creatinine level X

Left ventricular function X X X X

Left ventricular aneurysm X X X

Left main disease X X X X X

Low ejection fraction X X X

Mitrz! insufficiency X

Aortic stenosis X X X X

Coronary dissection X

Valvular disease X X X X

One-, 2-, & 3-vessel disease X X X X

Pulmonary hypertension X

Hypertension X X X X

Preoperative intraaortic balloon pump (IABP) X X X X

Previous myocardial infarction (MI) X X X X

Acute evolving MI X X

MI-When X

Congestive heart failure X

Unstable angina X X

Cerebrovascular disease X X X

Peripheral vascular disease X X X

Morbid obesity X X X X

Weight 65 kg/small stature X X

Chronic obstructive pulmonary disease (COPD) X X X X

Diabetes X X X X X

Cardiogenic shock X X X X X

Current tobacco abuse X X X

> 100 pack-years smoking X X

Nonsmoker X

Intravenous (IV) nitrates X X

[V inotropic support X X

Cardiopulmonary resuscitation X

PTCA emergency X X X

Prior/failed PTCA X X X

Hypercholesterolemia X

Previous cerebrovascular accident (CVA)/CVA X X X

Cardiomegaly X

Anemia X X

Catastrophic states X

Rare circumstances X

Total number of variables 17 14 23 29 13 20 21
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Table 2.3: Datasets used in additive and statistical coronary artery surgery risk studies

Data Set Parsonnet | Cleveland | Edwardsetal SFHI SFHI STS STS
Model Clinic (Bayes’) (Bayes’) | (LogReg) | Version1 | Version2
lisolated CABG surgery X X X X
CABG plus valve surgery X
All open-heart surgeries X X X

The results of the SFHI research group showed that separating the patients with isolated CABG
surgery from those with combined procedures did not improve the model’s performance. Including
patients undergoing combined procedures increases the range of patients that can benefit from this
model. Pliam et al. [1997] concluded that these CABG models could accurately classify outcomes about
80 percent of the time. Sometimes differences in risk model performance can be attributed to the
differences in the particular variables selected as risk factors [Nugent 1995]. The SFHI database did not
always have the same variables as required for the models from literature, but Pliam et al. [1997] detailed
how they dealt with the missing data by either following the instructions outlined in the articles of how
to treat the missing data, substituting with a variable which offers similar information, or omitting the
variable completely. Table 2.4 provides a summary of their results using the SFHI database [Pliam et al.
1997].

Table 2.4: Summary of SFHI results using various risk stratification models

Risk Model Mean Predicted Mortality C-index
Parsonnet 9.0+8.0 0.80=0.02
Cleveland Clinic 6.0=6.0 0.80=0.02
SFHI Bayesian 76=x156 0.83 =0.02
SFHI logistic regression 51277 0.80=0.02
Parsonnet (isolated CABG) 84=74 0.80=0.03
Cleveland Clinic (isolated CABG) 57+59 0.80=0.03
SFHI Bayesian (isolated CABG) 65+139 0.83=0.02
SFHI logistic regression (isolated CABG) 45265 0.79 £0.03
STS Version | (isolated CABG) 9.6=9.1 0.77 =0.03
STS Version 2 (isolated CABG) 3.0+3.3 0.81 +0.02

The findings of Pliam and his colleagues [1997] highlight that it is not necessary to separate
isolated CABG patients from those with combined procedures when using additive or statistical models
for risk stratification of coronary artery surgery patients. This is an interesting discovery since it is often

believed that a more homogeneous database will improve the model’s performance.
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2.5 CABG Surgery Risk Stratification Approaches

A literature search revealed several modelling strategies applied to the problem of assessing risk
of death following CABG surgery. The models described in the subsequent sections represent only a
sampling of the numerous coronary artery surgery risk models available in the literature. These models
include additive models, statistical methods, and ANNs. Examples of the most commonly used models

in each category are also described briefly.

2.5 (a) Additive Models

Additive models are sometimes preferred to other modelling techniques because they are more
intuitive for clinicians (the cumulative effect of more risk factors can easily be associated with added
risk), and can be computed using only a basic calculator. Typically, additive mudels do not perform well
on higher-risk patients. Their risk of death may be considerably underestimated which is unacceptable
in practice because the intention of risk models is an easier identification of these higher-risk patients
(Clark 1996]. Despite this limitation, the two additive models compared by Pliam et al. [1997] will be
briefly discussed. The Parsonnet and Cleveland Clinic models are among the earlier CABG surgery
mortality risk models developed, and have been used as benchmarks by which to compare the

performance of newer techniques.

2.5 (a) i. Parsonnet’s Model

The univariate additive model developed by Parsonnet and his colleagues [1989] is among the
most referred to coronary artery surgery mortality models in the literature and many institutions have
attempted to implement it. Several research institutions based their initial data collections on the risk
factors identified by the Parsonnet group [Higgins er al. 1992, Edwards ez al. 1994a, Pliam et al. 1997,
etc.]. The main goal of this model was to stratify open-heart surgery patients into mortality risk
categories using readily available data for input variables. Parsonnet et al. [1989] defined mortality as
death within 30 days of surgery. It is important to note that this additive model was designed to predict
operative mortality of open-heart surgery patients, that is, patients undergoing any type of heart surgery
including CABG.

The Parsonnet model was derived using a retrospective analysis of 3500 consecutive open-heart
surgery procedures at the Newark Beth Israel Medical Center spanning five years (1982-1987).

Univariate regression analysis identified 17 significant mortality risk factors, as outlined in Table 2.2.
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A variable had to meet certain inclusion criteria before being accepted as a risk factor. The inclusion
criteriahad to demonstrate predictive value by univariate analysis, universal availability forevery patient
and at every institution, freedom from subjectivity or bias, and the variable must be simple and direct

(i.e., not derived from other information) [Parsonnet et al. 1989].

Parsonnet er al. [1989] chose to weigh the risk factors based on the value of the odds ratio that
compares the chance of mortality with the specific risk factor. The additive model was developed in the
formp=k,+k,+...+ky;, where p is the predicted probability of operative mortality and k, to k,, are the non-
zero risk scores assigned to each applicable risk factor. If the risk factor is not present in the patient’s
case, then it is excluded from the calculation. The model classified the patients as belonging to one of
five groups of increasing risk: good (0-4%), fair (5-9%), poor (10-14%), high (15-19%), and extremely
high (220%). The mean predicted operative mortality was 10.4 percent and the mean observed operative
mortality was 8.9 percent for the test set of 1332 patients from the originating institution [Parsonnet er
al. 1989]. There was no mention of the mortality rate for the training set. This mortality rate is notably
higher than those reported at most other institutions (where the mortality rates are usually less than §

percent).

The additive Parsonnet model was tested at two other clinical institutions with satisfactory
results (Parsonnet er al. 1989]. Although Parsonnet’s model attempts to be objective, two of the risk
factors (“catastrophic states” and “other rare circumstances”) rely on the individual physician's opinion
to assign weights to these factors [Higgins er al. 1992]. These subjective risk factors hinder the mode!’s
generalizability because these variables are ill-defined and may be interpreted differently by different

surgeons.

2.5 (a) ii. Cleveland Risk Model

Higgins eral. [1992] from the Cleveland Clinic Foundation developed an additive model referred
to as the Cleveland Risk Model. Again, this is another model that has been a benchmark for CABG
surgery model performance. The Cleveland group felt that, although mortality was an important outcome
for investigation, morbidity was perhaps a better indication of the quality of care provided by the
hospital. Based on this observation, their additive model aimed to separate CABG patients into different
levels of morbidity and mortality risk based on their preoperative severity of illness using data that
spanned 1986 to 1990. The model only identified the risk of morbidity in general, not the specific

morbidity for which the patient was at risk. The outcomes that Higgins er al. [1992] considered as
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morbid were myocardial infarction, use of intra-aortic balloon pump (IABP), mechanical ventilation for
three or more days, neurological deficit, oliguric or anuric renal failure, and serious infection [Higgins
et al. 1992]. This summary will discuss the mortality risk model. The research group defined mortality
as death during the hospitalization for surgery, regardless of length of stay, or within 30 days of hospital
discharge. An additional goal when selecting risk factors for the additive model was that the items be
routinely collected prior to surgery to avoid the need for special testing, and that the factors be relatively

free of physician judgement.

CABG operations accompanied by additional surgical procedures, such as carotid
endarterectomy and heart valve replacements, were included within the definition of “CABG surgery.”
This is simply because the population undergoing these procedures, in addition to CABG, represents an

important portion of the surgical patients in actual practice (according to Higgins er al. [1992]).

Using univariate and logistic regression analysis on the 5051 patient cases in the training set, the
significant risk factors related to perioperative mortality were identified as listed in Table 2.2. The
univariate odds ratios, the degree of significance in the logistic model, and clinical considerations lead
to the selection of the weight for each risk factor. The value of the weight for each factor was varied to
optimize the performance of the additive model. A panel of several physicians involved in the study
provided input for the selection of the final weight for each risk factor. Weight values for the risk factors
range from 1 to 6 points to predict mortality and morbidity. Theoretically, this simple additive score has

a maximum severity score of 31 points.

The model was developed based on a mortality rate of 2.5 percent, but 3.6 percent of patients
in the test group died postoperatively (n = 4169). The patient risk scores were categorized into nine
different categories of increasing risk (scores of 0, 1, 2, 3, 4, 5, 6, 7-9, 210). The differences in the
distribution of the high-risk patients lead to a greater occurrence of higher-risk patient scores (score >

5) in the test group.

2.5 (b) Statistical Models

The framework of statistics is the calculation of probabilities. This discipline is regulated by
theorems, demonstrations, assumptions, and hypothesis testing [Vicino 1998]. Although statistical
models are the most commonly used technique, they are less intuitive than additive models. The

mathematical equations for Bayes’ Theorem and logistic regression models are complicated to calculate
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by hand, and in a clinical situation would require a programmable calculator or a computer program.
Despite the added complexity (compared with additive models), medical researchers have relied heavily

on statistical techniques to model this type of medical data.

2.5 (b) i. Bayes’ Theorem

This statistical technique was made popular among medical researchers by Edwards ez al. [1987]
who provided the basic principles in an article where he simplified this approach. The theorem of Bayes
uses information theory principles, combining the effects of several factors affecting a single patient. The
main advantage of Bayes’ theorem is its ability to predict outcomes for an individual patient. The a priori
probabilities for a training group of patients are applied to Equation 2.1. The absence or presence of the
particular risk factors results in the calculation of a risk probability for the patient. This technique uses
the distribution of risk factors among a reference group to predict the probability of a future event. In
the case of predicting the risk of mortality associated with coronary artery surgery, operative death is the
outcome probability of interest, and the a priori statistics of the most significant risk factors are used as
the input information. As with most other statistical models, the patient risk factors must first be

identified using regression analysis to observe their relationship with mortality.

The predictive risk equation of Bayes’ theorem is:

J

[11a,P(,1D)+ (1~ a))(1- P(SID)I}P(D)f (P)

P =L 2.1
Z[_'[{a,P(S,ID,)+ (1- a)(1- P(S,1D)N}P(D,)

i=l j=1

where P, is the probability of outcome /, D; corresponds to one of  possible outcomes, S; corresponds
to one of the J risk factors, P(S;1D,) is the conditional probability that risk factor S, is present in outcome
D, and f(P) is an exponential correction factor. The toggle parameter a, = 1 when the associated risk
factor S, is present; otherwise a; = 0. The prior probabilities are denoted by P(D,) [Edwards et al. 1987].
For the coronary surgery mortality risk model, P; would be the probability of an operative death. This
probability is calculated by dividing the number of deaths by the total number of patients. In the simplest
terms, the conditional probabilities are the fraction of patients with outcome D, who have risk factor S;

present [Edwards et al. 1987].
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Bayes’ theorem uses a conditional probability matrix (CPM) to relate the rate of occurrence of
a particular event with the desired outcome in the training set. These probabilities in the CPM become
the constants of the Bayesian equation (Equation 2.1), and the presence or absence of these events are
the equation variables. Once these probabilities in the training database are calculated and put into the
Bayesian equation, the model is tested against a new population (test set) to observe its predictive

capability.

The major drawback of Bayes’ theorem, however, is that it only provides a snapshot of the
frequency of the risk factors at the time of the training set data collection. The Bayesian equation
assumes that the population is unchanged over time, since it does not take into consideration changes in
treatment patterns or surgical techniques. To keep the equation up-to-date, the CPM should be updated

once every few years, or when substantial changes are made to procedures.

2.5 (b) ii. Logistic Regression Model

The most popular method of regression analysis used by medical researchers is logistic
regression [Kleinbaum ez al. 1998). Its popularity is based on its ability to model dichotomous dependent
variables, as well as to produce an output that varies between 0 and 1 that resembles a probability
estimate. This is particularly useful in the medical field because researchers would often like to provide
a probability of risk for a certain person to have a particular disease, for example. Logistic regression
is structurally equivalent to a feedforward ANN with linear inputs and one output unit with a sigmoidal

nonlinear transfer function [Lippmann et al. 1995].

The logistic model is described in Equation 2.2 as the probability of occurrence of one of the two
possible outcomes [Kleinbaum et al. 1998]. This regression model can describe the association between
several predictor variables X, X,, ..., X, and a dichotomous dependent variable Y, where Y is usually
coded as 1 or O for its two possible outcome categories. The parameters S, 8,, B, ... Bi are the regression

coefficients that need to be estimated using the training dataset.

1
1+ expl:-[ﬂo+ 2" ,BI.X,J

pr(Y=1)=
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2.5 (b) iii. Society of Thoracic Surgeons’ Risk Models

Edwards eral. [1987] continued their research by developing models using the Bayesian theorem
as outlined in Section 2.5(b)i. [Edwards et al. 1988, 1994a], and the method of logistic regression
described in Section 2.5(b)ii. [Shroyer et al. 1998, 1999]. Data collection in the United States for the
STS Adult Cardiac National Database began in 1980. Practice groups, hospitals, and surgeons participate
on a voluntary basis. The STS cardiac database contained approximately 1.2 million patient records in
1997, and approximately 500 sites submit data to the STS database [Shroyer er al. 1999]. The STS
models by Edwards er al. [1988, 1994a] and Shroyer et al. [1998, 1999] are based on isolated CABG
surgery patients to maintain a more homogenous database. Edwards and his colleagues saw the
opportunity to develop a risk stratification model using a national database. Collecting information from
institutions across the country may be advantageous, because they believed they could then develop a

generalized model that would be universally applicable.

The first model using Bayes’ Theorem, STS 1, was based on isolated CABG surgery patient data
atone institution. The 700 cases of patient data for STS1 were collected between January 1984 and April
1987. They were arranged in the database chronologically, and the first 300 patients comprised the
training set. The remaining 400 patients were sequentially evaluated in groups of 100 patients, after
which the group was incorporated into the training set, and the model was updated. The objective was
to observe the model’s performance as it was revised with time. The 20 risk factors were chosen based
on clinical intuition, and mortality was defined as death within 30 days of CABG. The mortality rate of
the test group was 4.75 percent. Here, the patients were sorted into categories of risk: <3, 5-25, 25-50.
>50, >80, >90 percent. Edwards er al. [1988] did not use any statistical techniques to evaluate their
models. Instead, they compared the predicted versus observed mortality rates for the risk categories, and

concluded that all risk groups agreed [Edwards ef al. 1988].

In the early years of the STS Database (1980-83), only a few institutions were collecting data.
Moreover, the mid-1980's saw a well-recognized change in the CABG population, so Edwards et al.
[1994a] chose to only use records of isolated CABG from 1984 to 1990 to develop the second Bayesian
model (STS2). For the STS2 Bayesian model, the risk factors for isolated CABG surgery were selected
based on the results of univariate analysis and multivariate analysis using stepwise logistic regression.
The mortality rate for the entire population was 3.2 percent (n = 78,927), and the Bayesian model

grouped the patients into five mortality risk categories (0.0-2.05, 2.05-3.9, 3.9-6.75, 6.75-11.90,>11.90
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percent) [Edwards et al. 1994a). The parameters deemed important for both STS1 and STS?2 are shown
in Table 2.2.

Research continued with the STS National Database, and two logistic regression isolated CABG
models were developed: the 1995 Coronary Artery Bypass Risk Model [Shroyer et al. 1998] and the
1996 Coronary Artery Bypass Risk Model [Shroyer et al. 1999]. These models used data from 1990-95
and 1990-96, respectively. The training set for the 1995 model had 69 458 patient cases with a 3.1
percent mortality rate, whereas the mortality rate for the 87 271 patients in the 1996 model was 3.2
percent. The most noticeable change was the inclusion of racial background as a risk factor. Between
the two new models, New York Heart Association class IV, use of steroids, use of digitalis, and serum
creatinine level were risk factors that the STS had not previously considered. These factors had been
used in risk models developed at other institutions. In each model, patient risk was separated into one
of seven risk categories (0-2.5, 2.5-5.0, 5-10, 10-20, 20-30, 30-50, 50-100 percent) [Shroyer er al. 1998,
1999].

As discussed previously, the main drawback to using the STS database is the fact that it is a large
database. Sometimes important relationships can be washed out in large databases, or other insi gnificant
relationships can be inflated so that they appear to be more influential than they actually are. Prudence
is the key when working with large sets of data. Also, most hospitals participating in STS database
collection are large institutions, so the dynamics of smaller hospitals are not as obvious (Ebert 1989].
Edwards er al. [1994b] recognized this problem, but believed that the bias would have less influence

once more smaller practices were incorporated into the STS database.

2.5 (c) Artificial Neural Networks

Artificial neural networks (ANNs) are a form of artificial intelligence — “computers that learn.”
The main inspiration for the development of ANNs was likely the desire to mimic human thought
processes with an artificial system. Ideally, the artificial system could perform sophisticated, even
“intelligent,” computations in a similar manner to the routine functioning of the human brain. The

development of ANNs also may be an attempt to shed light on the inner workings of the human brain.

ANNs are “parallel, distributed, adaptive information-processing systems that develop their
functionality in response to exposure to information” [Penny & Frost 1996]. The popularity of ANNs

applied to medicine began in the early 1990’s following their reintroduction into the realm of prediction
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techniques in the mid 1980’s by Rumelhart et al. [1986a, 1986b]. The advantage that ANNs offer over
statistical techniques is that the model does not have to be explicitly defined before the experiments
begin. ANNs can grasp the relevant data to develop the model, whereas to derive a statistical model,
prior knowledge of the relationships between the factors under investigation is required [Blum 1992,

Livingstone et al. 1997].

Recall that the structure and function of ANNs are based on the interconnected network of the
brain. Like a biological neural network, the ANN has simple processing units called artificial neurons,
or nodes, as illustrated in Figure 2.2. The node has inputs where the known information about the
situation is introduced. These correspond to the receiving ends of the synapse of a biological neuron. The
inputs are then each multiplied by a corresponding weight, or “synaptic connection.” The values are then
summed in each processing unit, and fed through a transfer function to scale the output to a value within
a limited range (i.e., between O and 1, or between -1 and ). Each neuron has a bias input that is always
equal to one. The bias input also has a weight associated with it to determine its impact on the network.
The bias input is multiplied by its weight (resulting in a value that is not necessarily 1), and its function
is comparable to a nonzero intercept in statistics [Kattan & Beck 1995]. The bias weight provides a
threshold above which the node is activated [Penny & Frost 1996]. The node’s output becomes the input
of the next layer, or if already at the output layer, the resulting signals are the network output

(Itchhaporia et al. 1996].

bias input
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Figure 2.2: Diagrammatic representation of an artificial neuron
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The number of artificial neurons in a hidden layer greatly influences the performance of the
network. If there are too few nodes, there will not be sufficient resources to solve the problem, and
underfitting results. On the other hand, too many nodes may cause long training times, and possibly
memorization rather than generalization (“overfitting”) [Masters 1993]. Despite this, the number of
nodes and inputs should not be arbitrarily reduced simply to avoid overfitting, because underfitting may

occur. Hence, a method of network pruning should be employed to reduce the network size.

The nodes in a network are connected in parallel to create layers as shown in Figure 2.3. As seen
in the diagram, a node is connected to every node in the layer below it. A network can be described in
a short form that indicates the number of inputs, nodes in the hidden layer(s), and outputs. For example,
the ANN in Figure 2.3 would be described as a 4-3-1 network, because it has four inputs, three nodes

in the hidden layer. and one output node.

INPUT HIDDEN LAYER OUTPUT

Figure 2.3: Architecture of a simple feedforward artificial neural network (4-3-1 network)

In a feedforward ANN, otherwise known as a multilayer perceptron (MLP), the information
travels forward from the inputs to the outputs. If any of the outputs are fed back as inputs to previous
layers, the network is called a “feedback” or recurrent ANN [Fausett 1994, Jang et al. 1997]. Typically,
when reporting the number of layers in a network the input layer is not included because the raw data
is entered at this level and no data manipulation occurs. Depending on the database, the network may
or may not require hidden layers. Hidden layers allow more complicated problems to be solved, however,
training is more difficult because there are more parameters to optimize. Finally, the output layer reveals
the values of the interlayer weights that relate inputs to outputs for the given database [Itchhaporia er al.

1996].
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An ANN with no hidden layers is a single-layered ANN, and is similar to the generalized linear
model from statistics. A network with one hidden layer (thus, a double-layered ANN), however, can
adequately describe almost any function to any desired degree of accuracy, given that the function and
its derivative are continuous, and the ANN uses sufficient hidden units [Hornik e al. 1989, Fausett 1994,
Penny & Frost 1996]. As of yet, no one has proved with substantial evidence that more than one hidden

layer improves the predictive performance of a network [Penny & Frost 1996).

The information from the input signal progresses through the network layer by layer. Since the
training time increases exponentially with the number of inputs and nodes, and polynomially with the
number of training samples, refining the network :o include only the most pertinent information is
essential [Penny & Frost 1996]. The two main training techniques for ANNs are supervised learning and
unsupervised learning. With supervised networks, the ANN is given the known output of the training set,
and using that information, it compares its own calculated result, and updates the network accordingly;
it learns by example. Unsupervised leaming can be used for database classification, function

approximation, pattern recognition, and data compression [Fausett 1994].

Backpropagation Learning Algorithm

Several different algorithms can train a network. The most commonly used training algorithm
is error backpropagation, otherwise known as the generalized delta rule. Other algorithms include
probabilistic, generalized regression, cascade-correlation, and conjugate descent methods.
Backpropagation was originally published in a doctorate dissertation by Werbos [1974] in 1974. This
work, however, did not receive the attention it deserved until it was independently discovered and

published by Rumelhart er al. in 1986 [Rumelhart er al. 1986a, 1986b)].

The training algorithm defines how the ANN leamns, and thus depends on the purpose of the
ANN ([Itchhaporia er al. 1996]. Backpropagation is similar to the steepest descent method of
optimization, where the function is the error, and the variables are the weights of the network [Fausett
1994). The backpropagation training algorithm’s name comes from the way it learns pattern recognition.
First, the data is presented in the input layer, the information feeds forward through any hidden layers
present. and finally yields an output response. The connection weights at the output layer are commonly
initialized with small random values. The true outputs are called targets. After comparing the system’s
output value to the target value, the weights are tuned accordingly. The sum of squared errors cost

function is commonly used, and it is described by Equation 2.3.
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SSE = Z(targetk - prediction, )’ (2.3)

keS

In this equation, target, is the true (or desired) value of the time series at time k, and prediction, is the
actual (or observed) output of the network for time k. Weight adjustments either minimize the overall
error or reinforce the important weights. Then, the output error is propagated backwards through the
network to the input layer to adjust the weights in each node [Livingstone et al. 1997]. Each cycle of
presenting every training pattern to the network exactly once is called an epoch or an iteration. A step-
by-step description by Baxt [1991] including the mathematical equations involved with training a

feedforward backpropagation ANN can be found in Appendix C.2

The main drawback of the backpropagation algorithm is the possibility of finding only a local
minimum, as opposed to the global minimum using the modified gradient descent methodology
(Rumelhart et al. 1986b]. To deal with this dilemma, Penny & Frost [1996] recommend training the
network several times using different initial weight settings as selected by a random number generator.
The learning rate controls the size of the step taken in the direction of the gradient. Although high values
speed up the learning process, if the learning rate is too high, it may oscillate around the global minimum
unable to converge. Another adjustable factor used in training a network is the momentum term. The idea
is to add a proportion of the previous weight-change value to the new value, thereby giving the algorithm

some “‘momentum” to prevent it from getting caught in local minima [Penny & Frost 1996).

The most useful activation or transfer functions are continuous, differentiable, and monotonically
nondecreasing [Fausett 1994]. Both the logarithmic and hyperbolic tangent transfer functions (and their
derivatives) meet these requirements, thereby simplifying many ANN training algorithms. Figure 2.4
illustrates each of these functions. Due to their nonlinearity, these transfer functions have saturation
values meaning that after a certain point of stimulation, the output is no longer affected [Itchhaporia et
al. 1996]. The logarithmic, or log-sigmoid, function is commonly employed in an outcome prediction
setting, and its output ranges from O to 1. The hyperbolic tangent (tan-sigmoid) function, however, offers
a sharper transition between its output values that permits faster learning. Also, the network can learn
information when a feature is absent, since the output range is -1 to +1, and the transition region crosses
zero. Even with a nonlinear transfer function, a single-layered ANN can only develop linearly separable

functions [Penny & Frost 1996]. This occurs because stratification into classes depends on a threshold

2 Used with permission, see Appendix B.
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that usually corresponds to the transition point of an activation function. Consequently, feeding the

signals through a transfer function, linear or not, will not change thie class to which the case belongs.
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Figure 2.4: Hyperbolic tangent (Tanh) and logistic (Logsig) transfer functions

According to Richard & Lippmann [1991], the output of all ANNs can be interpreted directly
as an a posteriori probability estimate, in other words, a probability of risk. If the a priori probabilities
are artificially altered for training (as is intended in this thesis), then the outputs can be scaled by the
ratio of the true to training prior probabilities to attain the true posterior probabilities. For example, if
the prior probability of class A was artificially made 0.50 during training by sampling this class
frequently and the true prior probability was 0.001, then the output of the network for that class should
be multiplied by 0.001/0.50.

Weight-Elimination Cost Function

One approach to solve the problem of overfitting is to add a complexity term to the cost function.
Two cost functions have proven to reduce memorization: weight-decay and weight-elimination [Weigend
et al. 1990a, 1990b, 1991a, 1991b, Krogh & Hertz 1992]. Weight-decay was originally proposed by
Hinton and Le Cun in 1987 [Weigend ez al. 1990a]. This cost function limits the size of the connection
weights, thereby penalizing large weights. The effect is a more stable network, because the output has

less variance. Since weight-decay is actually contained within the weight-elimination formula, this
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discussion will focus on weight-elimination. Contrary to weight-decay, weight-elimination tries to reduce
the small weights to zero (in other words, eliminating the small weights from consideration). This
approach is well-suited for network pruning by eliminating variables that offer little or no assistance in
predicting the correct outcome [Weigend er al. 1990a, 1990b, 1991a, 1991b, Trigg 1997, Frize e al.
1997, Ennett & Frize 1998]. The small weights only add unwanted “white noise” to the model. These
cost functions work best when using a large initial network structure, relatively small initial weights, and

arelatively small learning rate [Weigend et al. 1990a, 1990b)].

The penalty term in weight-elimination (the second term in Equation 2.4) “counts the number
of parameters, and minimizes the sum of performance error and the number of weights by

backpropagation” [Weigend et al. 1991a].
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E(W)is the combined cost function that includes the initial cost function, E,(W) (typically, the SSE), and
the weight-elimination term (the second term in Equation 2.4). Here, W represents the weight vector, A

is the weight-decay constant, and w; indicates the individual weight of the ANN.

The role of the weight-decay constant, A, is to determine the relative importance of the weight-
elimination term, in other words, how strongly the weights are penalized. Larger values of A mean that
a weight must be closer to zero to be considered a part of the “noise” distribution. Also, larger A values
increase the “pressure” on small weights to further reduce their size. The network is sensitive to the value
of the decay constant. Choosing a value of A that is too small will not affect the network. When X is too
large, all weights are forced to zero. A value of A that works well for a problem that is easily identified
may be too large for a more challenging situation, or the ANN may need different values of A depending
on the particular problem region it is dealing with [Weigend et al. 1991a]. Weigend et al. [1990a, 1990b]
recommended starting network training with A at zero, so that the ANN could initially take advantage
of all input variables, and then slowly increase the value of A until the network’s performance begins to

decline. At that point, adjust A accordingly to optimize the performance [Weigend er al.1990a, 1990b].
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The scale parameter, w,, defines the sizes of “large” and “small” weights. This scale parameter
must be chosen by the user. When w, is small, the small weights will be forced to zero resulting in fewer
large weights (i.e., weight-elimination). A large w, causes many small weights to remain, and limits the

size of large weights (i.e., weight-decay) [Weigend et al. 1991a, 1991b].

Weigend et al. [1991a] state that the learning algorithm should “change the weights according
to the gradient of the entire cost function, continuously doing justice to the tradeoff between error and

complexity.” Therefore, the weight update (in continuous time) will be described by Equation 2.5.
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Although the weight-elimination technique deletes the least important input variables, this
approach, among others [Chauvin 1989, Hanson & Pratt 1989, Mozer & Smolensky 1989], needs to have
its “pruning” coefficients finely tuned using an iterative procedure, and the learning process is
significantly slower [Le Cun ez al. 1990]. Rather than focussing on the theory that “magnitude equals
saliency,” Le Cunand his colleagues [1990] suggested a theoretically justified saliency measure that they
called “optimal brain damage.” This theory computes the saliency measures by determining the second
derivative of the cost function with respect to the input parameters. Optimal brain damage successfully
eliminated three-quarters of the parameters of a practical network trained using a backpropagation ANN
used to recognize handwritten digits (from 10,000 initia! parameters to 2600 parameters). Although this
approach was successful at handwritten zip code recognition, the experiments carried out in this thesis

will apply weight-elimination, while further exploration into this technique will be left as future work.

Network Generalization

The main objective of developing models with ANNG is to apply the system to an unseen dataset,
and achieve a level of performance similar to that of the training set. Generalization to a test set depends
on a good balance between the complexity of the model, and the richness of the data in the training set.
As the complexity of the model increases by adding more layers, more inputs variables, or more nodes,
so does the possibility of overfitting the model to the training set. At present, no well-defined guidelines

exist for selecting a particular ANN architecture. The number of hidden layers and hidden nodes, the
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pattern of neuron connections, and the type of activation function of an optimal network are discovered
using an ad-hoc approach. A set of guidelines for ANN formulation are, however, under development
[Tichhaporia et al. 1996].

The training set should be sufficiently large to be a representative sample of the population of
interest. There are two types of generalization: interpolation and extrapolation. Interpolation is the safest,
since the model makes a prediction for a case that it has never seen before, but is closely related to the
training data. This means that the model can base its output on other information in the database.
Extrapolation occurs when the test pattern is outside the range of the training data, or within a large
“hole” in the training set. Here, the model attempts to use “rules” that do not apply to the test pattern,
thereby making extrapolated outputs unreliable. If the training set contains enough cases, there is less
need for extrapolation [CVOR 1997]. Unfortunately, today in the medical domain, the databases rarely

contain enough patient cases to cover all possible situations.

There are two commonly used criteria for stopping ANN training on a training set: setting
bounds on the change in error and early stopping. The idea behind the first approach is to stop training
once the change in error is less than a predetermined value. Although the advantage of this technique is
that the stopping criterion does not depend on the test set, by the time the network reaches the point
where the change in error is small, the network may have overfitted to the training set, thereby reducing

the model’s ability to generalize.

Early stopping is a commonly used approach to finding the best-performing ANN model. It
requires at least two subsets of a database: one for training and the other for testing. Early stopping
means that training is stopped once the test set error rate begins to rise. This approach seems to prevent
both overtraining and overfitting [Livingstone er al. 1997]. Below is a “recipe for success” for
developing a useful ANN model using early stopping as described by the Consortium for Virtual
Operations Research (CVOR) on a West Virginia University webpage [CVOR 1997].

“1. Divide the available data into training and test sets.

2. Use a large number of hidden units.

3. Use very small random initial values.

4. Use a slow learning rate.

3. Compute the test set error rate periodically during training.
6. Stop training when the test set error rate starts to go up.”

To look at the network performance on another set to choose when to stop training is sometimes

considered “cheating,” so it is generally recommended to have a third set (from the same sample) to
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validate the network. After determining the best performance of the training set on the test set, its
generalization performance is evaluated using the validation set. The main advantage of early stopping

is that it is fast and easy to apply to a network where the number of weights far exceeds the sample size.

Medical researchers have used ANNSs to predict surgical and ICU outcomes, to predict lengths
of stay in the ICU following coronary artery surgery, to recognize the presence of an acute myocardial
infarction, coronary artery surgery outcomes, and several other medical outcomes with varying degrees
of success [Baxt 1991, Frize er al. 1993, 1995, 1997, Tu & Guerriere 1993, Buskard er al. 1994, Orr
1997, Trigg 1997, Frize et al. 1997]. It is generally accepted knowledge that ANNSs are particularly
useful when there are nonlinearities in the data [Penny & Frost 1996]. Since medical data are believed
to often contain nonlinear relationships between the input variables and the outcome, ANNs are a logical

choice for analysis of the medical domain [Baxt 1994b].

Some researchers have reservations about using ANNs. The information the ANN learns is
contained within the interlayer connection weights, so their complex mathematical structures are often
reduced to the idea of a “black box.” Since the knowledge is distributed across the weights, determining
it exactly what was learned by the ANN is difficult [Forsstrém & Dalton 1995]. The computational
complexity of these algorithms is enormous and makes ANNs appear overwhelming. However, every
decision made by the ANN is based on mathematical reasoning and computer algorithms created to
simulate the learning and decision processes that occur in the human brain. The following section

outlines some common types of ANNSs used in medical research.

2.5 (¢) i. Multilayer Perceptrons

Lippmann & Shahian [1997] applied the patient cases from the STS database to single-, two- and
three-layer multilayer perceptron (MLP) networks, otherwise known as feedforward backpropagation
ANNs. These MLP networks were trained using stochastic gradient descent with early stopping. The STS
database contained 80,606 patients who underwent CABG surgery in 1993. The training and test sets
were randomly split approximately in half. The outputs were separated into six mortality risk categories
using 36 predictor variables: 0-2.5, 2.5-5, 5-10, 10-20, 20-30, 30-100 percent. The mortality rate for the
training set was 3.4 percent [Lippmann & Shahian 1997).

The networks showed poorer calibration for the two- and three-layer MLPs, however, all

classifiers had approximately the same performance with all ROC curves being about 76 percent. Grover
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etal. [1995] expressed an opinion that an ROC value of greater than 80-85 percent for CABG mortality
may never be achieved. Warner [1997] suggested that these poor results obtained by Lippmann &
Shahian [1997] may be attributed to the absence of complex nonlinear relationships among the variables

presented to the networks.

2.5 (c) ii. Probabilistic Neural Networks

Orr [1997] attempted to predict mortality following open-heart surgery using a probabilistic
ANN. In 1990, Specht [1990] developed the probabilistic neural network (PNN) which uses the Bayesian
pattern classification technique. Although Bayesian theory is familiar to medical researchers, few have
employed PNNs in medical situations. Where PNNs have been used, researchers have achieved good
performance (cardiac surgery ICU length of stay by Orr e al. [1995a], and prediction of chronicity in
asurgical ICU by Buchman er al. [1994]). Unlike backpropagation ANNS that require iterative learning,
PNNs only rieed a single pass of the training set to learn the required information and are less vulnerable
to memorization. Orr [1997] states that the training time is drastically reduced with PNNs, however, this
statement is misleading. Although a PNN only requires a single pass to train the network, it is time-
consuming to estimate the bandwidth of the probability density function [CVOR 1997]. A smoothing
factor defines the width of the calculated Gaussian curve for each probability density function. Small
changes in the smoothing parameter do not have major effects of the PNN’s accuracy, however,
inappropriate calculation of this factor may prevent the network from generalizing. The objective of the
smoothing factor is to reduce the effect of variables that have only a minimal correlation with the desired

outputs [Orr 1997].

Orr used a commercially available PNN (NeuroShell 2 ~ Ward Systems Group, Frederick, MD)
to perform his experiments, and preprocessed the data to reduce the influence of outliers. To avoid
overfitting, Orr minimized the number of variables used in the final model. The seven chosen variables
were: age, gender, ejection fraction, IABP placed preoperatively, reoperation, not CABG, and creatinine
level. Orr selected these variables from a list of those frequently used by other researchers only if the
variables were easily collected, quantifiable, and unambiguous (i.e., no subjectivity) [Orr et al. 1995b).
The database included 1477 patients who underwent cardiac surgery between 1991 and 1994.
Postoperative death was defined as death during hospitalization. The mortality rates for the training, test
and validation sets were 4.65, 4.21, and 4.11 percent, respectively [Orr 1997]. The PNN achieved an

overall accuracy of 91.5 percent in the training set, 92.3 percent in the test set, and 88.2 percent in the
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validation set. The areas under the ROC curves were 0.72, 0.81, and 0.74, for the training, test, and

validation sets, respectively [Orr 1997].

The fact that PNNs require storage of the entire training set in memory can potentially account
for its lack of popularity among researchers, however, the increasing storage capabilities of today’s
computers should eliminate this problem. Although PNNs have been identified as less suitable for the
higher-dimensional classification problems that are commonly encountered in medical decision making
[Orr 1997], they can convey information about how similar a test pattern is to the training data (i.e., has
a high density). A low density might indicate that the network is extrapolating information to determine

the outcome, meaning that the output is less reliable [CVOR 1997].
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Chapter 3: Problem Formulation and Methodology

This chapter establishes a foundation that guides the reasoning behind the chosen path for
solving the research problems. The early sections of the chapter identify concerns that arise with
coronary artery surgery risk models, and propose solutions for these issues. The next section highlights
important results regarding certain aspects of ANN behaviour. A detailed description of the SFHI
database, the selection of the initial input variables, and data manipulation follows this discussion.
Finally, the chapter rounds out with a comparison of two methods of network pruning to reduce its

complexity, since a model that generalizes well with the fewest input variables is preferred.

3.1 Challenging Issues of Coronary Artery Surgery Databases

The greatest debate in the search for a universal CABG surgery risk model is: what are the risk
factors? After reviewing the existing risk models, one discovers that no two models find the same set of
statistically significant risk factors for open-heart surgery [Edwards et al. 1994a]. Several factors,
however, are either statistically found or clinically known to be preoperative risk factors, and, thus, are
common to many risk stratification models. Such factors include the degree of cardiac dysfunction,
urgency of operation, advanced age, gender, incidence (i.e., first operation or first reoperation), and the
presence of comorbidities [Higgins er al. 1992, Shroyer er al. 1999]. So far, no one has developed a
systemthat is universally applicable [Turner er al. 1995]. The following sections pinpoint the difficulties

that arise when dealing with a CABG surgery database.

Understanding the important analytical aspects of the coronary artery surgery risk models in the

literature is a complicated matter, given the variability of the characteristics of each model [Turner er
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al. 1995]. Inter-institutional differences regarding coronary artery surgery databases that hinder

comparability include:

. the mortality rate; :

. the length of the period (and years) of data collection;

. the patient set to which the model caters (i.e., just CABG patients, CABG plus valve procedures,
all open-heart surgeries, etc.); and

. the model development process.

All these variations in databases account for the difficulties encountered when trying to develop a model

that performs well for various institutions.

3.1 (a) Mortality Rate

Different definitions of “death” will cause variations in mortality rates recorded at individual
institutions. “Death” has been interpreted as operative death, in-hospital death, and death within 30 days
of surgery, among others. A broader definition of death likely leads to a higher mortality rate. Applying
a risk model from literature to a database with a different definition of “death” may result in poorer
performance. A risk model will predict “death” as it was originally defined, and not as that particular

hospital defines it.

The primary obstacle faced by medical researchers attempting to develop a coronary artery
surgery mortality risk model is the low prevalence of death [Ennett er al. 1999, full article included in
Appendix D). Although survival is desirable from a medical point of view, the low mortality rate makes
it difficult for researchers to identify the risk factors. Usually, the mortality rate for heart surgery is less
than 5 percent, however, higher mortality rates have been reported at certain institutions, including the
Beth Newark Israel Medical Center [Parsonnet er al. 1989]. As expected, the very highest-risk patients
are usually screened out of consideration for surgery by the surgeon. Most CABG surgery risk models
can easily identify good outcomes in low-risk patients because of the abundance of data representing this
situation. Despite this, a lack of sufficient data on patients suffering an adverse event prevents these risk
models from being useful as clinical aids. A patient should not be withheld treatment even if the
mortality risk model suggests a high-risk outcome because the models are not sufficiently accurate.
Nevertheless, a high-risk score can highlight a patient to ensure additional attention during the recovery
phase. Theoretically, the higher the incidence rate, the easier it is to develop a well-fitting model. The

mortality rate of the training set can also affect the performance of the risk model. Baxt & Skora [1996]

3 Used with permission, see Appendix B.
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found that training a model with a higher-than-normal prevalence of a particular outcome improved the

model’s performance on the test group. Their findings are discussed in more detail in Section 3.2.

3.1 (b) Period of Data Collection

The period over which the data were collected is particularly relevant. If the data span too many
years, the changing patient population and hospital procedures may affect the results [Turner et al. 1995].
If there were modifications to the surgical and/or pre- and postoperative procedures performed over the
period of data collection, there may also be a marked change in the mortality rate. Clark et al. [1994]
proved that the surgical profile of CABG patients has noticeably changed over a ten-year period based
on the STS’ National Cardiac Database for CABG from 1984-93. Most importantly, they observed a
dramatic decrease of 17.5 percent in the lowest risk patients, and an increase in the higher-risk groups
(for patients in the risk categories of 5-10, 10-20, 20-30, and 30-50 percent, their risk of mortality
increased over the decade by 6.2, 9.1, 1.4, and 1.1 percent, respectively). Although the risk profiles of
typical CABG patients changed over that particular decade, the actual observed operative mortality did
not show an appreciable increase. The steady mortality rate, despite the increase in number of higher-risk

patients, may be attributed to technologic, pharmacologic and operative advances [Clark er al. 1994].

Another problem arises when researchers compare models that were designed using data from
different time periods. As discussed above, patient profiles, surgical procedures, pre- and postoperative
care, and the list of relevant risk factors are subject to change over time. Edwards er al. [1988]
recognized this issue, and noted that due to the changing environment, risk models developed even a few
years before may not be applicable to the current data. Also, when Orr et al. [1995b] compared four
severity-adjusted models for predicting CABG surgery mortality (Cleveland Clinic, New York State
model by Hannan er al. [1994], Parsonnet, Northern New England Cardiovascular Disease Study by
O’Connor et al. [1992]), they noted that the Parsonnet model consistently predicted higher mortality
rates than those actually observed. To account for this discrepancy, they suggested it might not be
representative of current practice since the Parsonnet model was created much earlier than the others.
These authors [Orr et al. 1995b] note also that the Parsonnet database had a significantly higher mortality
rate than most institutions (8.9 percent). Again, comparing models that do not share similar patient and

hospital profiles does not accurately demonstrate their performance.
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3.1 (c) Model Development Process

The lack of a uniform approach to model development also makes the process of evaluating the
risk stratification models against one another difficult. As of yet, no guidelines have been developed to
improve the model selection approach for coronary artery surgery models. The differences in the model
building process include: the patient dataset for which the model is designed; the number of patient cases
upon which the original model was based,; risk factor definitions; how the variables were selected; how
the risk factor weights were chosen; the number of identified risk factors; how the model was evaluated;

and whether the risk model has been tested at institutions other than the originating institution.

Applying risk stratification models to the patient dataset for which it was designed (i.e., CABG
only, all open-heart surgeries, etc.) is important, otherwise the accuracy of the outcome predictions may
be compromised. The patient population (i.e., the number of higher-risk surgeries performed, disease
prevalence, etc.) plays an important role in establishing the mortality rate at an institution. Some types
of cardiac surgery are riskier than others. Thus, the type of surgical procedure needed by patients

influences the mortality rate.

Small sample sizes do not reflect a random sample from the general population. This usually
means that there are not enough cases to adequately represent all of the possible combinations of risk
factors. On the other hand, large populations may cause some variables to appear to have an overinflated
impact on the outcome of interest. A certain factor may seem significant because the population is so
large, but may not necessarily be a risk factor. Also, large databases tend to comprise data from several
institutions. The larger institutions can introduce a bias, because obviously they would be submitting
more data than smaller institutions. Nevertheless, as previously stated, Edwards er al. [1994b] suggest
that this bias would likely cancel out over time as more small practices are entered into the database

population.

The approach that the researchers take for the selection of risk factors is sometimes arbitrary.
In some cases, the variable selection was based solely on expert opinion (i.e., Edwards er al. 1988).
Usually, the variables are selected using univariate and multivariate analysis, as well as clinical intuition.
Unfortunately, authors rarely identify which risk factors were chosen by which method. Risk factor
weights for additive models are sometimes assigned subjectively as well, or the coefficients may simply
be the odds ratio. As the number of identified risk factors increases, so does the chance of overfitting the

model to the training data. The number of factors in coronary artery surgery risk stratification models
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ranges fram weven to more than 30. A greater number of risk factors compromises the generalizability

»f the muxdel and increases the cost of collecting patient data.

A lack of universally-accepted nisk factor definitions compromises the comparison of different
tish models Sinular to the problem with the definition of death, variations in the definitions of certain

tish factors also affect their prevalence.

The poor generalizability of most CABG risk models may be attributed to the absence of some
important nisk factors whose influence has not yet been recognized. Another possibility is that relevant
nsk factors may have been selected, but their impact on the model is not obvious because of their
infrequent occurrences in the database [Lippmann & Shahian 1997]. Perhaps as institutions continue to
collect additional information on their cardiac patients, new risk factors will appear. Inter-institutional
differences such as differences in medical procedures or hospital policies may also affect the parameters

in the mortality risk models.

Researchers should be diligent and use statistical analysis of their model’s performance with
care. Classification accuracy can be biassed by disease prevalence and by manipulation of the cutoff
value, so overall accuracy may be used to measure the system’s performance (defined as true positives
plus true negatives divided by total sample size). It often seems that the influence of the prevalence of
the desired outcome is not adequately explored. It is generally accepted that ROC curves offer the least
biassed point of view with respect to the mortality a priori probabilities, although prevalence is still a
factor [Buchman et al. 1994, Forsstrém & Dalton 1995, Orr 1997]. The development of a completely
unbiased performance measure would possibly enhance model evaluation for highly skewed data, such

as coronary artery surgery mortality data.

Although developing a coronary artery surgery risk model that generalizes well to other
institutions is difficult, testing the model performance on data from other hospitals and practices is an
important technique for validating the model. All risk models must be validated on a test set that was not
used to develop the model, but comes from the originating institution. A validation set from another
institution is useful, but few researchers perform this test on their own model. Validation set testing
usually occurs when another research group develops a model, and compares their own model with those

in the literature.
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Theee v s putential negative impac t of using nisk stratification methods to assess an institution’s

vt emance The hralth care practitioners may be tempted to modify their reporting practices to
a . rmemeatate a hagher mwertality rate at the institution These “report cards”™ may cause an increase in
tepretnd L mmetadibe s oc an imstitution may hesitate to accept higher-risk patients for fear of having an
~vezali higher than normal mortahity rate: This would result in an “outmigration” of higher-risk patients

Lippmann & Shahian 1997] These issues should be thoroughly investigated before the implementation

ot a3 definitive CABG nsk model at any institution.

3.2 Possible Solutions

Several authors have suggested solutions to the challenges identified in Section 3.1. In this

section, potential remedies for each problem outlined in the previous section are introduced.

3.2 (a) Modifying the Database

It is well known that the performance of the model depends strongly on a balance between the
network complexity and the information contained in the training samples. Researchers have referred
to a minimum-acceptable number of cases per weight in a model. A minimum of 6 to 10 samples per
input variable is generally acceptable [Weigend er al. 1990a, 1990b, Forsstrom & Dalton 1997].
Obviously, a larger database provides more examples of the underrepresented outcome despite its low
prevalence. Thus, waiting until a sufficient number of cases have been collected is one possible way to
obtain a database with enough representative samples. For example, recall that although the mortality
rate of the 1996 STS database was only 3.2 percent, there were nearly 2800 cases of nonsurvivors of
CABG surgery [Shroyer et al. 1999). For individual institutions, however, collecting such amounts of

data is impossible. Therefore, other alternatives should be explored.

Another approach would be to include information about patients who are denied surgery. An
unsuitable surgical patient likely has very advanced co-morbid conditions that would make anesthesia
dangerous, poor flow in the distal portion of the native vessel that cannot be rectified with
endarterectomy, and/or very poor ejection fraction. It is likely that patients who do not survive the heart
surgery would have similar characteristics to those deemed unsuitable for the surgery in the first place.
This information could be combined with that of the nonsurvivors, thus “theoretically” increasing the

number of cases of potential nonsurvivors. By increasing the number of cases representing the patients
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S roapye e Boma ! & Dippeann DR Snuth 1Y Ohno Machado er al 1998, but to the

b tre L wndpe o e wecnm o Rase tested the voneept on real medical data

ae e Loamprese machine learming performance when using a dataset of patients
FrTwning fweraeloea oo the emergenay toom suspected of having myocardial infarction (MI), Ohno-
M tar e s DA andembs removed patient cases, and observed the effect on the areas under the

Kew Lroay ot Modhato ef af [ 199%] suggested that this techmique removes “redundant” cases in
«ler o apeed up the learming tme tor the ANN Starting with 700 patients, they concluded that as many
1 46 peroent of the cases could be randomly removed without affecting the area under the ROC curves.
in thidsituation, all cases rthose patients with Ml and those without) were vulnerable to being randomly
rermesed Since the medical problem here was MU, the distribution of the cases is similar to Baxt & Skora
P99 L wath about 7 percent of the cases representing those patients who did indeed have an MI (typical
mcidence rate of inner city hospitals {Baxt & Skora 1996]). The successful performance of the ANN on
this database. despite the low prevalence of MI, suggests that those patients had certain characteristics

that castly 1dentified them as having an ML

Research by Ennett and Frize [1998] showed that the performance of an ANN using the DECH
ICU database was inconsistent when the percentage of cases of the nondominant output was near 15
percent or less (i.e., sometimes the ANN would work and other times it would classify like a constant
predictor). This implies that a representation of at least 20 percent would include a “factor of safety.”
Based on this theory of artificially altering the data distribution, duplicating the nonsurvivor cases of the
SFHI coronary artery surgery database until they represent at least 20 percent of the database, or
randomly deleting the survivor cases until the representation of the nonsurvivors is at least 20 percent
are possible approaches. Of course, this technique would increase the sensitivity of the model at the cost

of specificity.
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Baxt & Skora [1996] trained an ANN on a set with an MI prevalence of 34 percent (120 patients
with MI out of 350) while the test set had a frequency of MI of only 7 percent. Baxt and Skora did not
exactly describe how the selection of training cases was made, however, no mention of preferential case
selection was mentioned. The network performed significantly better when trained on a population of
patients with a higher prevalence of MI than a network trained on a group with a low prevalence (and
thus closer to reality) of MI [Baxt & Skora 1996]. It is interesting to note that they did not use ROC
curves to measure the performance of the networks. Ninety-seven percent of the time, the raw output
values for this network were either less than 0.01 or greater than 0.90, so an ROC curve would not offer

much information about the model’s operating point [Baxt & Skora 1996].

3.2 (b) Limiting the Time Span of Data Collection

Because certain characteristics can dramatically affect a patient’s risk of dying, being aware of
changes in the patient population over the years of data collection is crucial. This explains why
developing a model based on just a few years of data as opposed to a database containing patient profiles
over a decade may be preferable. A more homogenous dataset will result, and this approach will also
reduce the impact of changes to the surgical, pre- and postoperative procedures. The less variation there
is between the patient cases, the easier it is to develop a well-fitting model. Despite the recommendation
to use data spanning fewer years, an in-depth investigation into the statistical profile of any database is
essential before the model development process begins. The STS committee is implementing this idea,
and has begun developing models for each separate calendar year to accommodate the temporal changes

in the patient population [Edwards et al. 1997].

3.2 (c) Developing Guidelines

The easiest way to reduce the variability between CABG surgery databases is to develop a set
of data collection techniques that are universally-acceptable. The STS committee has designed such a
guideline for the institutions that participate in their studies. Being the largest national-based database
of this type in the world, following the lead of the STS committee seems appropriate for other
organizations and other countries. This set of instructions should be universally available to guarantee
that inter-institutional evaluations are not comparing “apples and oranges.” Allowing all institutions to
use their guideline would most likely benefit the STS committee. American institutions that are not
currently involved could test the STS models on their own data that was collected according to the
instructions outlined by the STS committee. If the model performed well on their data, the institution or

practice might be more inclined to join such a national data collection effort. International organizations
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may be stimulated to start collecting their own national database, following the STS guidelines to ensure
uniformity. This approach would more clearly delineate any real differences between coronary artery
surgery patients from different countries, an interesting comparison to make, and perhaps validate the

work done by the STS committee.

Typically, variables used in risk stratification models for coronary artery surgery are categorical,
and refer to the presence or absence of certain comorbidities or medical history. Warner [1997]
suggested using variables other than just risk factors, however, medication and mechanical support can
normalize physiological characteristics, thus making interpretation difficult [Turner er al. 1995].
Currently, the SFHI database does not contain physiological information, but the SFHI is in the process
of collecting a database of pre- and postoperative patient characteristics that could provide useful

information about operative mortality in the future [Shaw 1999].

A second point to consider about medical databases is the way the risk model results are
presented. Former MIRG graduate student, Trigg (nee McGowan) developed a reporting guideline for
medical researchers [McGowan ez al. 1996]. Although her conference paper was geared towards ANN
research, the ideas presented in the paper are generalizable to all types of model development. Trigg
suggests that certain details about the dataset under investigation be reported, such as the sample sizes,
the number of variables and types, and the classification rate of a constant predictor. The specific
characteristics of the modelling approach should be outlined. Trigg referred to details about the ANN,
however, statistical techniques should also be described with precision such as the level of significance
to retain or reject input variables in the model. Finally, the results should be carefully reported by
including the classification rates on the training and test sets, the sensitivity and specificity of the model,
ROC curves describing the C-index, and a comparison with other benchmark models [McGowan et al.
1996]. These guidelines for reporting experimental results include the most important information that
can be used to compare one model with another in the literature. Thus, to make the results from this
thesis interpretable by other medical researchers, Trigg’s reporting guidelines were followed as closely

as possible in Chapter 5 of this thesis where the experimental results are presented.
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3.3 Significant Advances in ANN Research

Although most medical applications of ANNs focus solely on the network performance rather
than the particular attributes of ANNs or attempts to improve the performance, there has been a small
amount of work in this area. The following sections discuss advances made on studying the behaviour

of ANNs in the medical domain.

3.3 (a) Weight-Elimination Variables

Before analysing the current CABG patient database, an investigation of the ICU database from
the DECH revealed some interesting results. As a continuation to the work of Trigg [1997] and Buskard
[1994], a series of experiments using a feedforward backpropagation ANN were performed to investigate
the relationship between the number of input variables of the postoperative database and a dichotomous
output variable (less than 8 hours of mechanical ventilation, or greater than or equal to 8 hours of

mechanical ventilation) [Frize et al. 1998].

Using high-low node representation and weight-elimination on a single-layered network from
the postoperative database, the six variables with the largest weight values after sufficient training were
presented to the ANN. The results indicated that by reducing the number of variables from 51 to the six
most important variables (as selected by weight-elimination), approximately the same level of

performance was achieved in fewer epochs, and therefore in a shorter period of time [Frize er al. 1998].

The fact that reducing the number of variables did not dramatically affect the network’s overall
performance is important. Requiring fewer input variables for estimating outcomes will reduce the time
required for data collection, and hence the cost of data collection, as well as the time needed to obtain
results for a new patient. The most significant discovery here, however, is that it appears that the ANN
can select which variables have the most influence on the outcome variable. Weigend ez al. [1990a] also
interpreted the performance of the weight-elimination cost function as having the ability to eliminate the
least important variables. Hence, an ANN with weight-elimination may be used as an alternative variable

reduction technique that selects the most important variables without researcher bias.



3.3 (b) Statistical Deduction of Minimum Number of Cases Required

In another set of experiments using the DECH ICU database and ANN architecture outlined in
Section 3.3(a), the objective was to determine the minimum number of sample patterns needed by the
ANN to achieve a satisfactory level of performance* (Ennett & Frize 1998]. This time, the same 20 input
variables were employed in each experiment, while several different dichotomous output variables were
used. The output variables had different distributions of the dominant outcome ranging from 52.0 to 98.3

percent.

The performances of ANN trained on both the postoperative and nonpostoperative databases
were compared. Using a linear regression of the ANN results, an approximate percentage of sample cases
that the ANN needed to perform better than a constant predictor was found. For the postoperative
patients, the overrepresented class could not be more than 85.9 percent of the training cases. When the
dominant output class represented more than 83.5 percent of the nonpostoperative sample cases, the
constant predictor outperformed the ANN model. Hence, in order for the ANN to perform satisfactorily,
approximately 15 percent of this ICU database must contain the underrepresented-class sample cases.
These experiments proved that the ANN requires a certain amount of information about the

underrepresented class to develop a good model.

3.3 (c) Clinical Importance of Variables

W.G. Baxt was a forerunner in the application of ANNs to the medical domain. Baxt has
published several papers outlining his progress using feedforward backpropagation ANNs to detect the
occurrence of acute MI in an emergency care setting. Although the clinical setting is different, the
discoveries that Baxt made with respect to the power and functions of ANNSs are particularly significant
for medical domains. In his 1991 paper [Baxt 1991], Baxt achieved impressive results when the ANN
had asignificantly higher sensitivity and specificity compared with the emergency department physicians
(sensitivity 97.2% vs. 77.7%, and specificity 96.2% vs. 84.7%). Baxt suggested that a possible reason
for the improvement was that the ANN can possibly identify certain relationships between the input data
that are nonlinear, and these may not be apparent when using other approaches, perhaps not even to

experts.

Later, Baxt identified an important finding: some input variables that were clinically thought to

be of little importance for identifying acute MI showed significant positive effects (favouring diagnosis)

+ Here, “satisfactory performance” is defined as “‘an improvement over a constant predictor.”
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when using an ANN [Baxt 1994a]. This discovery is particularly interesting because it gives strength to
Baxt’s hypothesis that the ANN could recognize relationships that are not evident using other paradigms.
According to Baxt, in most MI cases, the relationship between clinical data and the presence of MI is
linear. In the case of a linear relationship, the ANN cannot improve the diagnostic accuracy much, since
it will also relate the variables linearly. The power of an ANN is seen when investigating patients who
are in the minority, those whose clinical symptoms do not appear to be linked directly to the disease. It
is here that the ANN may afford a greater diagnostic accuracy by recognizing these unapparent
relationships. The results found here may also indicate that a potential loss of information occurs when
analysing data with strictly linear techniques. As discussed in Chapter 2, an ANN can adapt itself to the
database environment and use the most appropriate modelling approach. Baxt’s findings emphasize the
modelling power of ANNs to recognize relationships that would otherwise go unnoticed. ANNs may aid

in the discovery of new variables whose influence had not yet been considered.

3.4 The SFHI Cardiac Patient Database

To understand the situation under investigation better, a general demographic comparison with
other institutions followed by a detailed description of the SFHI database are necessary. Table 3.1
presents the prediction model characteristics discussed in Sections 3.1 and 3.2, such as the number of
years that the data collection spans, the size of the training set, the number of risk factors used in the
model, how many institutions participated in each study, how the researchers defined “mortality” in each
case, and the crude mortality rate for each study. These characteristics are compared for each of the
models described in Chapter 2 (additive, statistical and ANNSs). Knowing this information is useful when
applying the risk models from the literature to a new test set (i.e., when researchers compare the
performance of models from the literature on their data against a model developed based on their data
—a "generalizable” model versus an institution-specific model). Recall that a comparison is valid when
the population upon which the model was developed and the test set are similar. Note the different

characteristics of the eight models in Table 3.1. No two models share the same profile.
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Table 3.1: Profiles of prediction models in the literature

Madel Years of data | Number of patients| Numberof | Number of Mortality Crude
collection (training set) variables institutions definition mortality rate
participating
Parsonnet Model 1982-1987 3500 17 1 within 30 days of 89
[Parsonnet ez al. 1989] CABG
Cleveland Clinic 1986-1988 5050 13 1 in-hospital or 25
[Higgins et al. 1992) within 30 days
STS1 1984-1987 300 21 1 within 30 days of 4.75
[Edwards er al. 1988) CABG
STS2 1984-1990 39464 20 > 100 operative 32
[Edwards et al. 1994a)
SFHI Bayes’ 1985-1994 2842 29 12 in-hospital 4.0
[Pliam er al. 1997}
SFHI Logistic Reg 1985-1994 2842 13 12 in-hospital 4.0
[Pliam ez al. 1997)
MLP network 1993 40303 36 > 100 operative 34
[Lippmann & Shahian 1997)
PNN 1991-1994 1477 7 1 in-hospital 4.65
[Orr 1997)

Table 3.2 compares the population demographics of several commonly-used risk factors for
CABG mortality (mean age, gender, percentage of blood ejected from the heart, whether the surgery was
a reoperation, whether the patient underwent a preoperative IABP, presence of diabetes or COPD, and

the status of the operation) of the SFHI with other institutional data that were available in the literature.

Table 3.2: Population demographics of various institutions

Risk factor SFHI Cleveland Clinic STS2 New England®
[Higgins et al 1992] [Edwards et al. 1994] | [O’Connor et al. 1992)

Mean age, years 63.8 NA 62.5 63
Female 24.7 20.6 246 26.8

EF < 30 percent 9 NA 9.5 NA

EF <40 percent NA NA NA 9
Reoperation 10 18.5 6.7 6.1
Preoperative IABP 4.2 NA 59 NA
Diabetes 228 17.2 17.9 18.1
COPD 132 75 3.2 11.2
Emergency operation 5 3.1 NA 6.6

* EF=gjection fraction of blood from heart, NA=not available

Table 3.2 shows that most characteristics of the SFHI's patient population are similar to the other
American hospitals presented here. According to the data, the SFHI has higher rates of diabetes and
COPD than the institutions involved with the Cleveland Clinic, the Society of Thoracic Surgeons and
the New England study group. A model should be tested on a dataset from either the same population

or a population with similar demographics. If the training and test groups have dramatically different

5 New England refers to the Northern New England Cardiovascular Disease Study Group (O’ Connor er al. 1992).
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population characteristics, then the model may not be valid on the test set. Tables 3.1 and 3.2
reemphasize the care that should be taken when interpreting the performance of a risk model from a

different institution.

The SFHI's cardiac database has 7050 patients who underwent all types of open-heart surgery
between January 1, 1985 and June 30, 1994. All of the variables available for this research are
categorical except the patient’s age and the date of surgery. The only surgical cases included in this
analysis were those patients who underwent CABG surgery, CABG plus valve surgery, or CABG plus
repair surgery. This is the same set of cases used by Pliam er al. [1997] in their research. Figure 3.1
shows the breakdown of the database by surgical type. The total number of cases in this reduced dataset

was 6325. Out of those 6325 cases, there were 248 deaths giving an overall mortality rate of 3.9 percent.

All Types of Cardiac Surgery

7050
H
[ |
CABG Procedures Other Cardiac Surgeries
68325 725
]
I ] |
Isolated CABG CABG + Valves | | CABG + Repairs
5969 299 57

Figure 3.1: Breakdown of SFHI database by surgical type

Tumer et al. {1995] commented that most studies span many years. These studies, typically, do
not take into account the changing patient profiles and mortality rates over time, or changing surgical
procedures and patient management techniques. This observation suggests focussing on a smaller time
profile. Dr. R.E. Shaw from the SFHI mentioned that some technical advances were introduced at the
hospital during 1990-91 that were likely felt by patients in 1992 and afterwards. These technical
advances to improve surgical outcomes included the implementation of better cardiopuimonary bypass
machines used during surgery, increased efforts to extubate patients as quickly as possible following
surgery, increased prophylactic use of antibiotics to prevent infection, and a more aggressive approach
to improving moBilization of patients after surgery {Shaw 1999]. To maintain the most homogeneous
database possible, the surgical and hospital procedures should not change over the duration of data

collection. This information prompted a review of the annual mortality statistics over the period of data
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collection. Figures 3.2 and 3.3 reveal the annual sample sizes and mortality rates for the SFHI database

for all years of data collection.
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Figure 3.2: SFHI cardiac database annual profile (1985-94)
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Figure 3.3: SFHI cardiac database annual mortality rates (1985-94)
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These figures show the annual mortality rates, the distribution of patients who underwent CABG
surgery, and those who had combined operations of CABG plus valve or repair surgery. The mortality
rate for patients with just CABG surgery is less than that of the overall group of heart surgery patients.
The analysis showed that only nine patient cases were collected in 1985, so these cases were deleted
because they were not representative of the CABG surgeries in 1985. A minor increase in the annual
mortality rate occurs in 1992, which is followed by a significant drop in 1993 and 1994. The higher
mortality rate in 1992 might be attributed to less stringent patient selection by the surgeons. Since the
surgeons at the SFHI regularly receive feedback on their performance, they recognize that the patients
requiring surgery are sicker. Therefore, the surgeons may have to accept more difficult cases, thereby
operating on patients who have a higher risk of mortality, and ultimately affecting the overall mortality
rate of the institution. Once the pattern of increased mortality due to the leniency of admission is
recognized, the surgeon must begin choosing patients based on more stringent acceptance criteria. The
fluctuating mortality rate due to patient selection criteria is common at many institutions, and therefore
is not unique to the SFHI [Shaw 1999]. Shaw’s comments confirm that the patient cases from 1992-94
are from a different pool of data, and thus these cases were dropped from consideration. Thus, a more
homogeneous database spanning the years of 1986-1991 with 3526 patient cases remains. Within this
dataset of CABG, CABG plus valves, and CABG plus repair surgery patient cases, there were 143 deaths

giving an overall mortality rate of 4.1 percent.

Table 3.3 contains the variable list that was initially considered for experimentation. The
variable list comprises those factors chosen by Pliam et al. [1997] by univariate analysis, as well as other
variables that are commonly used in other models. The initial variable list contains 39 input variables

and three possible output categories (DEATH, ICUSTAY, HSPSTAY).
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Table 3.3: Initial variable list for thesis experiments

SFHI Variable | Definition d Valaes Type*
SURGDT date of surgery ranges from Jan 1/86 to Dec 31/91 C
AGECAL patient’s age ranges from 20-92 years Cc
FEM female gender l=female, -1=male B
ETHNIC ethnicity I=Caucasian, 2=Black, 3=Asian, 4=Native N
American, 5=Hispanic, 6=Filipino, 7=other
OPMVD mitral valve disease operation l=yes, -1=no B
OPAVD aortic valve disease operation 1=yes, -1=no B
EMERURG emergent/urgent priority for surgery I=yes, -1=no B
PTCA failed PTCA prior to surgery I=yes, -1=no B
REOP reoperation 1=yes, -1=no B
RENLDX renal disease l=yes, -1=no B
DISVAN ventricular aneurysm l=yes, -1=no B
DISLMAIN left main disease l=yes, -1=no B
EJFRAC ejection fraction l=normal, 2=moderate, 3=severe (0]
DISMR mitral valve regurgitation I=yes, -1=no B
DISAS aortic valve stenosis l=yes, -1=no B
DISTRIV tricuspid valve disease l=yes, -1=no B
HYPERTEN hypertension I=yes, -1=no B
PREIABP pre-operative intraaortic balloon pump (IABP) | 1=yes, -l1=no B
MI previous myocardial infarction (MI) ’ I=yes, -1=no B
EVOLMI evolving Ml l=yes, -1=no B
MIONSET onset of Mi I=remote, 2=recent 0
HXCHF history of congestive heart failure l=yes, -1=no B
CHF2 current congestive heart failure I=yes, -1=no B
UNSTANG unstable angina l=yes, -1=no B
CVDDX cerebrovascular disease 1=yes, -1=no B
PVD peripheral vascular disease I=yes, -1=no B
TVD triple vessel disease l=yes, -l=no B
OBESE obesity 1=yes, -1=no B
SMALL small stature l=yes, -1=no 8
COPD chronic obstructive pulmonary disease I=yes, -1=no B
DIAB diabetes l=yes, -1=no B
SHOCK cardiogenic shock 1=yes, -1=no B
SMOKE2 smoking history I=never, 2=current, 3=quit <! yr, 4=quit 1-5yr, |O
5=quit5-10 yr, 6=quit >10 yr
NONSMOK nonsmoker l=yes, -1=n0 B
CURSMOK current smoker 1=yes, -1=no B
PREVSMOK previous smoker l=yes, -1=no B
HYPCHOL hypercholesterolemia l=yes, -1=no B
CVA previous cerebrovascular accident 1=yes, -I=no B
ANEMIC anemia I=yes, -1=no B
DEATH mortality I=yes, -1=no B
ICUSTAY number of days in intensive care unit (ICU) ranges from 0 to 124 days C
HSPSTAY number of days in hospital after operation ranges from Q to 170 days C

* C = continuous variable, B = binary variable, O = ordinal variable, N = nominal variable
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As a first step to reduce the number of input variables, those variables missing more than twenty
percent of the patient data were deleted (ETHNIC, MIONSET, CHF2, SMOKE2, NONSMOK, CURSMOK,
PREVSMOK). The potential output variable ICUSTAY was also eliminated because it was missing data from
128 cases. From the remaining 29 input variables, several were missing information (unavailable or
system missing) for just a few cases (less than 50 cases). Here, the missing patient cases rather than the
entire variable were simply removed from the database (DISLMAIN, EJFRAC, DISMR, DISAS, HYPERTEN, MI,
UNSTANG, PVD, HYPCHOL, CVA). HSPSTAY was also missing several cases which were deleted as well.
Given that the transfer function used in these experiments will be the hyperbolic tangent, all binary
variables were recoded to -1 and 1 to represent an absence of a characteristic or a presence, respectively.
AGE and SURGDT were normalized by subtracting the mean and dividing by twice the standard deviation

to give a zero mean and approximately unit variance.

Table 3.4 presents the remaining input parameters that were initially considered when
developing the risk model, and their respective prevalence in the dataset. This left a database of 3427
complete cases, 29 input variables, and four output variables (DEATH, HSP5, HSP6, HSP7). The mortality

rate of this final set was 3.7 percent, or 127 deaths.

52



Table 3.4: List of risk factors presented to the ANN

Type SFHI Variable Definition Prevalence
INPUTS SURGDT date of surgery N/A
AGECAL patient’s age N/A
FEM female gender 0.247
OPMVD mitral valve disease operation 0.021
OPAVD aortic valve disease operation 0.031
EMERURG emergent/urgent priority for surgery 0.229
PTCA failed PTCA prior to surgery 0.047
REOP reoperation 0.100
RENLDX renal disease 0.062
DISVAN ventricular aneurysm 0.003
DISLMAIN left main disease 0.195
EJFRAC ejection fraction:
normal 0.660
moderate 0.250
severe 0.090
DISMR mitral valve regurgitation 0.041
DISAS aortic valve stenosis 0.025
DISTRIV tricuspid valve discase 0.00!
HYPERTEN hypertension 0.621
PREIABP pre-operative intraaortic balloon pump (LABP) 0.042
MI previous myocardial infarction (MI) 0.532
EVOLMI evolving MI 0.013
HXCHF history of congestive heart failure 0.102
UNSTANG unstable angina 0.629
CvDDX cerebrovascular disease 0.119
PVD peripheral vascular disease 0.121
TVD triple vessel disease 0.740
OBESE obesity 0.107
SMALL small stature 0.018
CcopPD chronic obstructive pulmonary disease 0.132
DIAB diabetes 0.228
SHOCK cardiogenic shock 0.007
HYPCHOL hypercholesterolemia 0.531
CVA previous cerebrovascular accident 0.039
ANEMIC anemia 0.165
QUTPUTS DEATH mortality 0.037
HSP5 five-day stay in hospital after operation 0.136
HSP6 six-day stay in hospital after operation 0.247
HSP7 seven-day stay in hospital after operation 0.379
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3.5 Selection of Important Variables

An important point to consider when selecting the important variables is the problem of
overfitting. Many previous CABG risk models have employed a relatively large number of variables in
their analysis. This can lead to overfitting the model to the original database, thereby reducing the
model’s ability to generalize. The general rule is to attempt to develop the best possible model with the
fewest variables — a parsimonious model. As the number of variables increases, the model improves (this
is inherent), however, sometimes only slightly. On the other hand, increasing the number of variables
decreases the power and speed of the analysis that are also important factors [Tabachnick & Fidell 1989}].
If the model has little power, then it is not useful in predicting outputs for other databases. Considering

this information, reducing the number of risk factors used in the final model is advisable.

The original variables used in the model development are presented in Table 3.4. The variable
set was reviewed by Shaw at the SFHI to ensure that the selected variables agree with the variable
definitions, since substituting variables with data that provide similar information is sometimes possible.
Anexample is a variable that measures serum creatinine may be replaced by the presence of renal disease
[Pliam er al. 1997]. The next step was to employ a variable-reduction technique to reduce the size of the
risk model. Two variable-reduction approaches were considered: one using statistics, and the other using

the weight-elimination cost function for backpropagation ANNs.

3.5 (a) Statistical Approach

The following is an outline of the statistical approach typically employed by medical researchers
to identify the most important input variables. First, univariate analysis is used to observe the
relationship between each variable and the outcome of interest, namely, in-hospital death. To retain as
many important factors as possible using stepwise selection, a significance level of p = 0.20 to enter and
p = 0.10 to retain allows liberal inclusion of potentially important variables [Edwards et al. 1997].
Although univariate analysis does not take into consideration the influence of other variables while
observing one in particular, it is a common first step when trying to remove inconsequential variables

(Grover er al. 1996].

The next step is to use regression analysis to identify the most important variables from the
reduced variable set. When the outcome of interest is dichotomous, logistic regression analysis is

commonly used. Logistic regression is well-suited for this type of analysis, because its output ranges
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from O to 1, an output that can easily be interpreted as a risk probability. Logistic regression can identify
variables that are significant while taking into consideration the influence of the other variables in the
equation. Theoretically, this technique will further reduce the set of variables, and a statistical risk model

will result.

Although this is a valid method of developing a risk model for this database, the type of data
(categorical) involved with a coronary artery database complicates its analysis. Therefore, this approach
of statistical modelling will be put aside as future work for a graduate student in statistics. This thesis

will focus on the second method of variable reduction, the weight-elimination cost function of an ANN.

3.5 (b) ANN with Weight-Elimination

The weight-elimination cost function of an ANN has the power to select the most important input
variables by reducing the weights of the inconsequential variables to zero [Weigend ez al. 1990a, Trigg
1997, Frize et al. 1997, Ennett & Frize 1998). The initial input variable set should include the risk factors
that other researchers have identified as important parameters using univariate analysis, multivariate
analysis, and clinical intuition. Pliam er al. [1997] performed these analyses to find the most influential
variables for the SFHI database, but did not discuss which variables were chosen by which method. It
is possible that if more variables were considered, the weight-elimination cost function might find
variables that had previously been considered unimportant are quite influential as Baxt [1994a] found
with acute MI. Nevertheless, these newly-identified influential variables would have to show a link to
the situation under consideration. Otherwise, they may just be coincidental. Therefore, the initial variable
list for the experiments using the SFHI database was based on the factors identified by univariate
analysis in their paper [Pliam et al. 1997], and on other variables that newer models, published after

Pliam et al.’s work was presented, have selected (refer to Table 3.4).

Introducing this list of variables to the ANN with weight-elimination should hypothetically
reduce the variable set to the most significant factors. A potential problem with this dataset is the
prevalence of binary coded variables. Wamner [1997] suggested that ANNs may require a more complex
database to deduce the nonlinear relationships between the input variables. Faussett [1994] and Penny
& Frost [1996] have suggested that ANNs can learn distinct categorical responses easier than a
continuous variable. Nevertheless, categorizing a continuous variable will mean a loss of valuable

information about cases that occur on or near the boundaries of the groups.
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Also, using a double-layered network with a variable number of hidden nodes increases the
complexity of the model, as well as making the interpretation more difficult. First, a double-layered
network means that there are two levels of weights, one for each layer. Second, each node in the hidden
layer will have its own weight for each variable. Therefore, if there are eight hidden nodes, then eight
weights should be considered when deciding the overall importance of the variable. A factor which one
node may consider inconsequential may be important for another node. Therefore, a variable should only
be deemed unimportant if all weights on all nodes and in all layers are near zero. Wei ght-elimination can
thus be used to reduce the number of input variables, while reducing the complexity of the network and

achieving a parsimonious model.
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Chapter 4: Coronary Artery Surgery Mortality Model

This chapter outlines the final network configuration, and justifies the specific architectural
choices. Then, details of how the training and test sets were developed are presented. In particular, an
indepth discussion of creating the artificial datasets for experimentation requires a brief description of

various techniques to build these sets. Finally, the set of experiments under investigation are recapped.

4.1 The ANN Design

The literature search revealed the optimal selection for the model configuration. Based on
previous experiments in other medical domains as well as the problem of CABG surgery mortality
prediction, the pros and cons of many approaches have been weighed. Since experiments investigating
the performance of additive and statistical models on the SFHI database were completed by Pliam et al.
[1997], the objective of this thesis was to observe the effectiveness of an artificial neural network on the
same database. Thus, the experimental simulations will be carried out with an ANN having the following
configuration:

backpropagation training algorithm
hyperbolic tangent transfer function
weight-elimination cost function
double-layered architecture

Many researchers have compared the various ANN architectures, and concluded that the best-
performing network was the feedforward ANN trained with the backpropagation training algorithm. The
backpropagation-trained ANNs have outperformed other training methods and other modelling
techniques [Buchman er al. 1994, Burke er al. 1994, Trigg 1997, Frize er al. 1997]. This training

algorithm has also been successful in predicting outcomes in a variety of medical settings including
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cardiac surgery [Baxt 1991, 1993, 1994, Lippmann & Shahian 1997]. These findings support the choice

of a feedforward backpropagation ANN for running these experiments.

Because of the error term in the backpropagation learning algorithm, no learning occurs when
the value of the weight is zero, because the resultant weight change would also be zero (refer to
Appendix C). Using an output range of -1 to 1 with inputs scaled to have zero mean and unit variance,
the network can learn faster [Penny & Frost 1996]. A nonzero output is more likely because the transition
region (where the values shift from one end of the spectrum to the other) of a sigmoidal function that
ranges from -1 to 1 occurs at zero [Fausett 1994]. Furthermore, given the small number of sample
patterns for nonsurvivors in the SFHI database, the network requires as much training information as
possible. Therefore, the network used in these experiments contains the hyperbolic transfer function with

the hope that it will be better able to distinguish between patient survivors and nonsurvivors.

A backpropagation network with the weight-elimination cost function described by Weigend ez
al. [1990a, 1991a, 1991b] offers several benefits over the standard backpropagation technique. First, it
acts as a variable-reduction method by forcing already small weights to zero, hence eliminating the
influence of those variables on the ANN model. This reduces the complexity of the model, which could
improve the model’s generalizability to new data. Secondly, the largest weights on the remaining
variables have been shown to affect the outcome [Weigend er al. 1991a, 1991b, Trigg 1997, Frize et al.
1997, 1998]. By reducing the input variable set to just the largest weights, the performance of the ANN
was not compromised, in fact, it was enhanced [Frize et al. 1998]. The ANN to be employed in this work
has already successfully been validated. Trigg [1997] compared the performance of this ANN using
standard backpropagation and backpropagation with weight-elimination with the results of Weigend er
al. [1990a, 1990b, 1991a, 1991b] using the Tong’s [1983] sunspot dataset. The results confirmed that
both algorithms are working properly [Trigg 1997, Frize er al. 1997]. Therefore, it is with confidence
that these experiments were carried out using the weight-elimination cost function. For the standard
backpropagation-trained ANN, the cost function minimized was the sum of squared errors (SSE) between

the target values and the network’s outputs.

Recall from Chapter 2, many researchers have highlighted the benefit of using multilayered
networks over single-layered networks [Hornik et al. 1989, Fausett 1994, Penny & Frost 1996, Trigg
1997, Frize et al. 1997]. Having more than one layer allows the ANN to develop models with nonlinear

characteristics, if necessary. This is not possible with a single-layered ANN. Despite the advantages of
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multilayers, most researchers agree that although more than one hidden layer is advantageous in some
circumstances, for the most part one hidden layer is sufficient. More hidden layers also significantly
increase the complexity of the model because one must also take into consideration the additional hidden
nodes involved. Therefore, to facilitate the results’ interpretation while maintaining a certain level of

computational power, the optimal choice is a double-layered construction.

The feedforward backpropagation ANN was originally programmed by Buskard [1994] and
modified by Trigg [1997] for use in the matrix program, MATLAB®. This tool incorporates several
useful functions that allow users to modify the experiments. It was possible to use either the standard
backpropagation algorithm or backpropagation with the weight-elimination cost function. The user can
choose between single- and double-layered architectures. The number of hidden nodes in the double-
layered ANN is also adjustable. Modules are also included within the program that calculate the a priori
statistics for the training and test sets, as well as the operating points required for constructing an ROC

curve.

Trigg [1997] modified the standard backpropagation architecture’s routines where the error and
weight updates occur to integrate the weight-elimination cost function developed by Weigend er al.
[1990a, 1991a, 1991b]. The particular MATLAB® Neural Network Toolbox files that were adapted to
accommodate the weight-elimination technique were sumsqr.mand learnbpm.m. The weight-elimination
function can be toggled on and off using a switch in the main program. When the weight-elimination

routine is turned off, the ANN uses the SSE as its error function [Trigg 1997].

4.2 Generation of Training and Test Sets

The SFHI reduced database was separated into a training set and a test set to develop the ANN
model. This approach is called cross-validation. For the most part, the SFHI database preprocessing was
performed using the statistical program SPSS®. Using an SPSS® function that randomly creates subsets
of the database, the SFHI data was divided into a training set (the cases upon which the models will be
developed), and a test set (the cases that will be used to test the performance of the models) containing
two-thirds and cne-third of the cases, respectively. This is a common approach to separate the database
when the number of sample cases for the underrepresented class is small or when using a small dataset.

The resulting training set contained 2254 cases with a 3.7 percent in-hospital mortality rate (83 cases of
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nonsurvivors), while 44 of the 1173 patients in the test set died in-hospital postoperatively (giving a

mortality rate of 3.8 percent).

Recall that a difficult obstacle to overcome with coronary artery surgery databases, from a
researcher’s point of view, is the low mortality rate. This means that there are not many sample cases
to represent the characteristics of a patient who will not survive the heart surgery. Having few sample
cases makes it difficult to identify the risk factors for operative death. This thesis involves an
investigation of an innovative technique for dealing with a small sample of data of nonsurvivors:

modifying the case distribution.

4.2 (a) Modifying the Case Distribution
Several techniques are available to potentially improve the risk model's performance. The
objective here is to artificially increase the percentage of nonsurvivors to more easily identify their

characteristics.

Since Baxt & Skora [1996] showed that an ANN trained on a database with a higher-than-reality
prevalence performed better than one based on the actual disease-state prevalence, the duplication
method to increase the occurrence of nonsurivors in the training set is appealing. To prevent the loss of
important information about the survivors, duplicating the nonsurvivors (and essentially increasing the

mortality rate by artificial means) may be a better option.

The next step is to choose the method of preparing the artificial datasets. Two commonly used
techniques to develop simulated datasets, the jack-knife method and the bootstrap approach, are
described briefly in the next sections of the chapter, followed by a description of a technique developed

by Katz er al. [1994] that combines several approaches.

4.2 (a) i. Jack-Knife Method

Medical applications often do not have enough data to develop sufficiently large training and
test sets, and rarely enough for a separate validation set to evaluate the model. One solution to this
problem is the jack-knife method. This technique trains n different sets built from n cases while leaving
out one case each. time to test the network and assess the learning. This “leave-one-out” approach can
provide a good estimate of the network’s performance, but it is time consuming because n different
ANNSs must be trained [Forsstrém & Dalton 1995].
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An “adapted jack-knife” method or a “multiple holdout” sample technique reduces the number
of training sets required. In this situation, the database is randomly divided into a small number of
subsets, say three or five, and each time the network is trained while one subset is withheld for testing.
This process is repeated numerous times (30-100 repetitions are acceptable to be statistically stable), and

the network performance is averaged over all test sets [Forsstrdm & Dalton 1995, Kattan & Beck 1995].

4.2 (a) ii. Bootstrap Method

The bootstrap method is less computationally intense than the jack-knife approach. The database
can be randomly separated into a training and test set (the training set should be larger, say, two-
thirds/one-third). Based on the assumption that each case in the test set is unique (i.., each case has a
probability of occurrence of 1/n), a large number (about 100} artificial test sets are created by randomly
selecting with replacement n cases from the original test data. Random selection with replacement
indicates that one case may be entered into a particular dataset more than once or not at all, therefore the
test sets are different. For this method, the network is trained once, and tested several times [Forsstrém

& Dalton 1995].

4.2 (a) iii. Neural Net-Bootstrap Technique

Katz et al. [1994] developed a hybrid risk modelling approach to estimate the occurrence of
postoperative valve-related deaths of patients implanted with artificial heart valves. Katz er al. [1994]
used an artificial neural network that applied a bootstrap sampling technique to measure prediction
accuracy and for estimating prediction errors. To account for the low mortality rate (60/776), they
created artificial training and test datasets by separating the patient records into two groups (survivors
and nonsurvivors), and then randomly sampling with replacement. Then, the ANN learned the sample
patterns from the training set, and the test set estimated the efficacy, determined the prediction errors,
and was used to optimize the network. The system could then select new training and test sets according
to the previous procedure, and the process continued. The procedure was executed 1300 times, and the
test results were averaged over all test sets. The results showed that the patients were correctly classified
by the network 78 percent of the time using only preoperative information with an averaged error of

prediction of 22 percent + 5 percent [Katz ef al. 1994].

4.2 (b) Experiniental Datasets
The objective was to artificially increase the number of nonsurvivors (and hence the mortality

rate) in the training and test sets. To achieve this goal, the datasets were separated according to their
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outcome: death or survival. This approach was necessary due to the small number of nonsurvivors, and
to ensure that the desired distribution could be achieved. By combining the idea of separating the patient
records according to the outcome used by Katz ez al. [1994] with the bootstrap sampling technique so
that a specific mortality rate could be obtained, the artificial datasets for the SFHI coronary artery
surgery database were created. Therefore, once the original database was divided into training and test
sets (two-thirds and one-third, respectively), these sets were further subdivided into those who survived

the surgery and those who did not. The artificial sets were formulated from these “categorized” datasets.

In addition to the two datasets with the true mortality distributions, four different artificial
datasets were developed: three artificial training sets, and one artificial test set. First, there were the
datasets with the true mortality rate distribution. To artificially increase the percentage of nonsurvivors
in the datasets, a simple program that performed random sampling with replacement was used. Since the
sample size can affect the performance of a model, the total number of cases in the training and test sets
was kept constant. Given the number of cases, and the desired percentage of nonsurvivors for the
particular dataset, it was possible to determine how many patients who did not survive the surgery would
be included in that particular set. The three artificial training sets had mortality rates of 10, 20 and 30
percent, respectively. This offered a range of training set mortality distributions for the experiments to
be performed. Table 4.1 describes each dataset with the number of nonsurvivor and survivor patient
cases. The nonsurvivor and survivor cases were chosen separately, but in each situation, the patient
records were chosen randomly with replacement. The artificial test set was designed to have a 20 percent
mortality rate, and Table 4.2 describes the distribution between the survivors and nonsurvivors for these
test sets. In addition to these artificial datasets, another 30 different artificial test sets with a mortality
rate of 20 percent and 30 sets with the true distribution were created. These additional test sets were used
for the bootstrap approach to provide a number of datasets upon which to test the ANN. The results were

averaged over the 31 test sets.
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Table 4.1: Distributions of the training datasets

Dataset # Cases nonsurvivors # Cases survivors Total

3.7 % true distribution (trorig) 83 2171 2254
10% mortality rate (tri0) 225 2029 2254
20% mortality rate (tr20) 451 1803 2254
30% mortality rate (tr30) 676 1578 2254

Table 4.2: Distribution of the test datasets

Dataset # Cases nonsurvivers # Cases survivors Total
3.8 % true distribution (teorig) 44 1129 1173
20% mortality rate (t¢20) 226 947 1173

Initially, the plan was to observe the effect of using artificial training and test sets in an attempt
to improve the ANN performance. The original hypothesis was that training a network on a higher-than-
normal prevalence would improve the prediction ability of the risk model. The second initiative was to
also develop artificial test sets, and observe the effect on the performance of a network trained using
various training sets (artificial and natural), and then tested on different test sets (artificial and natural).
Due to the large amount of time required to optimize the best-performing networks (choosing how many
nodes, tuning the algorithm parameters like learning rate, momentum, etc.), focussing on fewer
experiments was essential. Providing fewer experimental results that are more detailed is better than

performing many simulations and not being able to recognize the important aspects of the networks.

To summarize, the experimental datasets included four training sets (one with the true
distribution, and three artificial datasets with the following mortality rates: 10, 20, 30 percent) and two
test sets (one that was the true distribution, the other with a mortality rate of 20 percent). The final
experimental simulations involved a focus on three aspects of ANN performance:

L. Observe the effect of training an ANN with one set of higher-than-normal prevalence and one

set with the true distribution (theoretically, the same mortality rate as the original test set), and

test it on the true distribution of the test set (Baxt’s approach).

Observe the effect of training an ANN on three training sets with different mortality rates

(higher and lower mortality rates than the test set) and assessing its performance when an

artificial test set with a 20 percent mortality rate is used to validate the model.

3. Take the overall best-performing network, and investigate its connection weight values.
Eliminate the variables whose connection weights are zero, and retrain the network using only
the remaining weights to see the effect on the ANN performance.

[
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Chapter 5: Simulation Results and Evaluation

This chapter presents the results of the ANN experimental simulations using the SFHI coronary
artery surgery database. The calibration of the ANN’s settings is first considered to achieve the
network’s optimal level of performance. Once the parameters have been fine-tuned to maximize the
performance of each ANN for the five situations under investigation (trorig/teorig, tr20/teorig, tr10/te20,
tr20/te20, tr30/te20), the networks are run using weight-elimination, and then rerun under the same
settings without weight-elimination. The results are evaluated based upon the sensitivity of the networks.
A model with higher sensitivity means that more of the difficult, high-risk patients (the patients who do
not survive the surgery) are correctly identified than the other models. The results of these experiments
are compared with Trigg’s experiments on an adult ICU database. A comparison was also made with the
SFHI research group’s work, which apply different additive and statistical risk models. A discussion of
the problems encountered when working with highly skewed datasets follows. The chapter rounds out

with some general comments about ANNs applied to the coronary artery surgery medical environment.

5.1 Network Calibration

As described in Chapter 4, the ANN program has several adjustable parameters that modify the
performance of the network. The random number generator (RNG) seed that selects the initial network
weights was 18 (this was the value chosen for the double-layered networks by Trigg [1997], however,
any number could have been used). The initial weights for the input layer were randomly chosen to be
between -1 and 1 using the random generator function in MATLAB®, whereas the hidden layer weights
were between -0.1 and 0.1. These relatively small values were used by Trigg [1997] and recommended
by Weigend et al. [1990a, 1990b] to achieve improved performance with backpropagation networks. The

preliminary simulations required many trials to explore the effects of tuning the learning rate, adaptive
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learning rate features, weight-elimination constant, weight-elimination scale factor, momentum, error
ratio, the number of nodes in the hidden layer, the output error weighting factor, and the cutoff value.
Table 5.1 summarizes the adjusted parameters and the approximate range over which the ANNs were
tested. From these first experiments, reasonable ranges were identified to achieve “acceptable”

performance. Then these parameters were fine-tuned for each network to find the optimal settings.

Table 5.1: Optimization parameters and their approximate range implemented

Parameter Range
Leaming rate (Ir) 0.0005 — 0.01
Leaming rate increment (Ir_inc) [ —+1.08
Leaming rate decrement (Ir_dec) 1-+095
Weight-elimination constant (A) 0.00003 — 0.005
Weight-climination scale (w,) 0.1 -03
Momentum (a) 0099
Error ratio (err_ratio) 1.001 = 1.05
Hidden nodes 110
Output error weighting factor (wtfact) 1 -+1.50
Cutoff value (float) -0.20 -+ 0.20

5.2 Performance Measure Optimization

Given the modelling challenges presented by a CABG database with a low mortality rate
outlined in Chapter 4, it was necessary to re-evaluate how the ANN model’s performance should be
measured. The following sections discuss the reasons behind the choice of sensitivity as the best measure
of the network’s classification performance, why the reported results are based on the test set, and show

the sensitivity of the training set to the initial random weights.

5.2 (a) Sensitivity as the Measure of Best Performance

Due to the highly skewed distribution towards the survivors in this CABG database, the CCR
and ROC curves are not the best measures of performance in this situation, as discussed in Chapter 2.
Therefore, the selection of the best-performing networks focussed on the sensitivity of the test set, in
other words, the CCR of the actual nonsurvivors. The focus for these experiments was the classification
of the nonsurvivors, since they are the most difficult patients to identify. It is important to remember that
these mortality risk models are not yet accurate enough to be used as clinical tools, and a patient should

not be denied surgery simply because the ANN’s output predicts death.
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Although sensitivity was considered the deciding factor in selecting the best networks, there
were several other factors that influenced the choice of the optimal network. The best-performing
network was selected based on a balance of the criteria outlined below. The criteria deemed important

for choosing the best-performing ANN (from most important to least important) were:

. highest sensitivity for the test set;
. highest specificity for the test set; and
. highest CCR for test set.

It is important to note that even though having a high sensitivity and a high specificity will result in a
high CCR, it may not be the highest achieved by the network. If the ANN were to classify everything as
belonging to the highest a priori probability (like a constant predictor does), the CCR would be 96.2

percent, which would be remarkably higher than a network with higher sensitivity values.

5.2 (b) Optimal Performance of the Test Set

The selection of optimal performance was based on the test set. While this is a common practice
in modelling approaches, it is not always the best approach. The original plan was to choose the best-
performing network given its performance on the training set, since this is a more unbiased approach.
When this strategy was implemented, an interesting pattern became evident. Comparing the point at
which the ANN performed best on the training set and the test set, it became obvious that the training
set’s maximum sensitivity occurred when the same or more nodes (compared with the test set) were
included in the hidden layer. The test set’s best models generally had fewer nodes than those of the
training set. There was a concemn that when there were more nodes, the network had begun memorizing
the training set patterns, as evidenced by the diminishing classification performance of the nonsurvivors
in the test set. Table 5.2 shows at what number of nodes the different networks achieved their best

performance for both the training and test sets, and the sensitivity of both sets at those points.

Table 5.2: Number of nodes to achieve best-performing weight-elimination networks

Experiment |Nodes in training set at point of | Sensitivity {Sensitivity | Nodes in test set at point of | Sensitivity | Sensitivity
optimal performance (train) % | (test) % optimal performance (train) % (test) %
trorig/teorig 10 33.7 9.1 9 26.5 11.4
tr20/teong 7 84.5 34.1 7 80.0 432
r10/te20 8 52.7 144 7 46.7 16.8
r20/te20 5 814 21.7 2 61.6 51.8
tr30/te20 7 91.0 23.9 2 83.0 59.3

Although Homnik er al. [1989], Fausett [1994], and Penny & Frost [1996] stated that a double-
layered ANN can model any function given that the function and its derivative are continuous, and an

adequate number of hidden units, this does not necessarily mean that more nodes are better when
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concerned with generalization. Certainly, it is possible that an ANN with the above characteristics may
model any function, however, such a model may be too closely related to the information in the training
set, and not generalizable to new cases. Therefore, aithough it appears to go against the guidelines set
out by the above researchers, even having as few as two hidden nodes does not necessarily hinder the

performance of the ANN as shown in the experiments performed in this thesis work.

5.2 (c) Sensitivity to Initial Random Weights

Once the ANN was optimized for the training set with the particular initial random weights,
preliminary results showed that changing the RNG seed caused dramatic changes in the network’s
classification ability. For example, consider Figure 5.1 that shows the effect of changing the RNG seed
on the training set. This figure clearly shows how sensitive the network is to the initial random weights
for tr20/te20. Therefore, once the ANN was optimized for the set of initial weights, the evaluation of the

network focussed on the performance of 30 randomly selected test sets.
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Figure 5.1: Sensitivity of the training set to the initial random weights for an ANN with weight-
elimination trained on an artificial dataset with a 20 percent mortality rate and tested on an artificial
test set with a 20 percent mortality rate (tr20/te20)

67



5.2 (d) Weight-Elimination Versus No Weight-Elimination Networks

Although the original objectives of this thesis were not to compare weight-elimination networks
with those without weight-elimination, after some thought, this comparison was considered interesting
and necessary to justify the use of the weight-elimination cost function. Therefore, once the weight-
elimination ANN's were optimized, the networks were retrained on the same parameter settings with the
standard backpropagation algorithm using the sum of squared errors as a cost function. This way, the
networks trained using standard backpropagation ANNs could be used as a baseline comparison for
evaluating the performance of those employing the weight-elimination technique. The analysis of these

results is presented in Section 5.5 (c).

5.3 Parameter Optimization

Preliminary results showed that certain approaches were necessary to elicit the best ANN model
using the CABG database. This section presents how the weight-elimination constant was used, the
selection of the cutpoint value, and why single-layered networks were not developed for this database.

Of course, each point will be justified with evidence to back up these choices.

5.3 (a) Weight-Elimination Constant

Although Weigend er al. [1990a, 1990b] recommend starting all networks with a weight-
elimination constant, 1, equal to zero, and then gradually increasing its value, this technique did not
always work well with this coronary artery surgery database. The objective of Weigend's approach was
to let the ANN take the information from the interaction of all of the input variables first, and then start
eliminating less important variables. As shown in Figure 5.2, preliminary results indicated that this
procedure resulted in improved nonsurvivor classification for the training set (higher sensitivity) and
poorer performance for the test set (lower sensitivity); in other words, overfitting. Therefore, in some
cases, the experiments were conducted with a stationary value of A that was near zero, but still offered
better generalizability for the test set than an initial zero value that is updated after several hundred

epochs.
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Figure 5.2; Effect of gear-shifting the weight-elimination constant of 0.0003 after x epochs
for an ANN trained on an artificial dataset with a 20 percent mortality rate
and tested on the true mortality distribution (tr20/teorig)

5.3 (b) Cutoff Value

As shown in Table 5.1, the float, or cut-point value, was one of the parameters that was varied
to observe its effect on the ANN performance. In the end, it was decided to leave the cut-point at zero
(since the output varies from -1 to 1, and zero is the decision boundary for this range). The reason for
this decision was that although decreasing the cut-point to favour the correct classification of more
nonsurvivors, the misclassification rate of the survivors increased (refer to Figures 5.3 and 5.4 that
exemplify this fact using the tr20/te20 database). As shown in Figure 5.3, the operating point for the
training set (tr20) (the point at which there is the best balance between the sensitivity and the specificity)
is at the cutoff value of -0.05 on a scale from -1 to 1. The operating point of the test set (te20) is at a
lower cut off value of -0.45. Comparing the CCR of the test set for cut off values of -0.45 and 0 in Figure
5.4, it is evident that the CCR for the cut off of -0.45 is about 8 percent lower than for the 0 value.
Therefore, once again taking into consideration the balance between the sensitivity, specificity and CCR,
the correct classification of an additional 37 nonsurvivors at the expense of the misclassification of an
additional 82 survivors was not considered reasonable. This ratio of classification and misclassification
of nonsurvivors and survivors is even more prominent in the cases where the network was trained on a

higher prevalence.
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trained on an artificial dataset with a 20 percent mortality rate and tested on an artificial test set with a
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5.3 (¢) Single- Versus Double-Layered Networks

One last consideration was the number of layers in the ANNs. Although the advantages of
double-layered networks were discussed in Chapter 4, it was still necessary to test the network
performance of a single-layered network on this CABG database. The results shown in Table 5.3 of the
preliminary testing of the single-layered networks indicate that they were unable to improve the
classification rate of the nonsurvivors (i.e., single-layered networks had lower sensitivity on the test set

than double-layered ANNs).

Table 5.3: Comparison of single- versus double-layered network performance for an ANN with weight-
elimination trained on an artificial dataset with a 20 percent mortality rate and tested on an
artificial test set with a 20 percent mortality rate (tr20/te20)

No. of layers Training set Training set Training set . Testset Test set Test set
sensitivity (%) specificity (%) CCR (%) sensitivity (%) | specificity (%) CCR (%)
1 58.1 (262/451) | 86.4 (1558/1803) 80.7 38.5 (87/226) 87.9 (832/947) 783
2 61.6 (278/451) 84.6 (1525/1803) 80 51.8 (117/226) 83.9 (795/947) 77.7

The results in Table 5.3 justify the use of the double-layered ANN architecture with the SFHI
coronary surgery database. In retrospect, given the complexity of the CABG patient database (i.e., the
fact that the database is quite homogeneous), it seems reasonable to accept that this particular database

would require a more complex architecture to optimize the network’s performance.

5.4 Results

Given the information in the above sections, the best-performing weight-elimination networks
were selected based on those criteria, and Tables 5.4 and 5.5 summarize the parameter settings and
performance of these networks. Table 5.4 provides the parameter settings at which the optimal
performance was achieved: number of layers, RNG seed, initial weights, number of hidden nodes,
learning rate and its adjustable parameters, weight-elimination constant, weight-elimination scale factor,
momentum, error ratio, error weighting factor, and the cut off value. Table 5.5 provides a summary of
the performance measures based on the test set performance: sensitivity, specificity, PPV, PNV, CCR,
and the C-index (as defined in Section 2.2, pages 8-11). Note that the CCR of the constant predictor is
also included in this table, so it could be used for comparisons in later sections. The CCR curves with
the ASE and the ROC curves are available for each training set/test set combination for reference in

Appendices E and F, respectively. The results are the average (mean) performance of the 31 different

71



test sets for each experiment, and the standard deviation of those experiments. All test sets within each
group (teorig and te20) are the same size with the same prevalence. The results from these individual test

sets are available in Appendix G.

Table 5.4: Architectures of the best-performing double-layered weight-elimination networks

Experiment trorig/teorig tr20/teorig tr10/te20 tr20/te20 tr30/te20
No. of layers 2 2 2 2 2
RNG seed 18 18 18 18 18
Initial weights Wil=rands()*1 Wl=rands()*1 Wl=rands()*!1 Wl=rands(Q*1 Wl=rands()*1
Bl=rands()*1 Bl=rands()*1 Bl=rands()*1 Bl=rands(*1 Bl=rands()*1
W2=rands()*0.1 W2=rands()*0.1 W2=rands()*0.1 W2=rands()*0.1 W2=rands()*0.1
B2=rands()*0.1 B2=rands()*0.1 B2=rands()*0.1 B2=rands()*0.1 B2=rands()*0.1
Hidden nodes 9 7 7 2 2
Ir 0.001 0.001 0.001 0.001 0.0001
Ir_inc 1.003 1.003 1 1.003 1.003
Ir_dec 1 1 1 1 1
8 0.0003 0.0001 0.0004 0.0003 0.0003
after O epochs after 0 epochs after 10 epochs after 10 epochs after O epochs
W 0.15 0.1 0.1 0.1 0.1
Momentum 0.75 0.88 0.1 0.5 0.35
err_ratio 1.02 1.02 1.02 1.02 1.02
wifact 1 t 1.4 1.2 I
Float 0 0 0 0 0

Table 5.5: Performance measures for the best-performing double-layered weight-elimination networks

averaged over the 31 different test sets (mean + standard deviation)®

Experiment trorig/teorig tr20/teorig tr10/te20 tr20/te20 tr30/te20
Sensitivity (%) 10.85£4.38 43.55+1.59 18.38 2 2.27 §323+276 61.68 =11.85
Specificity (%) 98.26 £ 0.39 93.83+0.77 96.35 = 0.51 82.86 = 1.06 79.82+0.82
PPV (%) 19.42+6.93 21.6423.46 54.62 +4.50 4259 =2.04 43.02+1.30
PNV (%) 96.59+0.16 97.71 =0.30 83.19+£0.39 88.13 = 0.64 90.25 £ 0.75
CCR (%) 94.98 + 0.36 91.94£0.79 81.33£0.58 77.15=1.04 76.74 £ 0.74
C-index 0.9387 £0.0029 0.8978 = 0.0070 0.7809 = 0.0042 0.7285 = 0.0052 0.7535 £ 0.0057
CCR of 96.2 96.2 80 80 80
constant predictor (%)

5.5 System Evaluation

This section comprises the separate evaluation of each of the comparable sets of experiments:

modifying the training set, training with different training set prevalences, and the use of weight-

§ The resuits presented here are the means and standard deviations over 31 test sets derived from an original test
set. All test sets within each group (teorig and te20) are the same size with the same prevalence. The results from these
individual test sets are available in Appendix G.
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elimination. Each evaluation will consist of comparisons of the individual performance measurement
parameters (sensitivity, specificity, PPV, PNV, CCR, and C-index), followed by a discussion of which
training set/test set combination was the best. The results are also compared with the CCR of the constant

predictor that offers some insight into the performance value of these networks.

5.5 (a) Evaluation of Modified Training Sets Approach

This subsection involves a comparison of the ANN performance on the true distribution test sets
when training with the true distribution (i.e., a mortality rate similar to the test sets) or an artificial
training set with a 20 percent mortality rate. In other words, this is a comparison of the performance of
trorig/teorig and tr20/teorig. The question here is: does training with a higher-than-normal prevalence

improve the ANN performance of the test sets with the true mortality rate?

Looking at the performance measures in Table $.5 individually, it is clear that training with a
higher-than-normal prevalence has a dramatic effect on the mean sensitivity rate. In the case of
trorig/teorig, the mean sensitivity of the test sets was 10.85 percent, but when the network was trained
with the artificial dataset with the higher mortality rate, the mean test set sensitivity increased to 43.55
percent — a remarkable improvement of nearly 33 percent. This result indicates that there was a
noticeably larger number of nonsurvivors correctly classified as nonsurvivors by the ANN. Training with
a higher-than-true prevalence caused a slight reduction in mean test set specificity (a drop from 98.26
to 93.83 percent). This approach resulted in an approximately 5 percent decrease in the mean specificity

of the test sets.

Table 5.5 shows that the PPV and PNV were barely affected by the change in training set
mortality rate (19.42 to 21.64 percent difference for the mean PPV, and 96.59 to 97.71 percent difference
for the mean PNV for training with the true mortality rate compared with the artificial mortality rate,
respectively). Besides that, training with the 20 percent mortality rate resulted in a lower mean CCR and

mean area under the ROC curve due to a greater number of incorrectly classified patients.

The CCR of a constant predictor for this set of simulations is 96.2 percent, given that the
dominant class is the survivors and 96.2 percent of the test set patients were survivors. Although the
mean CCR of the trorig/teorig combination approaches this CCR (94.98 percent), the number of

nonsurvivors that were correctly classified is lower than that of the tr20/teorig experiments. Since the
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nonsurvivors are the ones that challenge the network for correct classification, the trorig/teorig network

is of less value than an ANN that has a higher sensitivity for the nonsurvivors.

Based on the above information, it is possible to conclude that, yes, training with a higher-than-
normal prevalence of the under-represented outcome (here, in-hospital death) improves the mean
sensitivity of the ANN using the test data without dramatically affecting other aspects of the network’s
performance. The ANN trained with a higher mortality rate also had a slight reduction in mean
specificity with little effect on the PPV or the PNV. The network trained under these conditions
maintained a high CCR and C-index, as well. Even though the network trained with the higher
prevalence of mortality has a lower CCR than the true mortality rate, and although both networks
(trorig/teorig and tr20/teorig) have lower mean CCRs than the constant predictor, the ANN trained on
the higher prevalence is of more clinical value because more nonsurvivors are correctly classified. The
higher risk patients are always more difficult to classify using risk stratification models, therefore,

preference should be given to a model that is better able to classify these individuals [Clark 1996].

5.5 (b) Evaluation of Artificial Test Sets

The objective of these simulations was to identify the effect on the ANN’s classification rate of
artificial test sets with a 20 percent mortality rate when the network was trained using artificial training
sets with lower, the same, and higher prevalences than the test sets (i.e., trained with mortality rates of
10, 20 and 30 percent, respectively). This involves a comparison of the following training and testing

set combinations: tr10/te20, tr20/te20, and tr30/te20.

The following trends were noticeable based on the results of the ANN's average performance
on the test sets as the training set CABG mortality rate increased (from 10 to 20 to 30 percent) while the

test set mortality rates remained constant:

. The mean sensitivity increased (from 18.38 to 53.23 to 61.68 percent).
. The mean specificity decreased (from 96.35 to 82.86 to 79.82 percent).
. The mean PPV decreased (from 54.62 to 42.59 for the tr10/te20 and tr20/te20 combinations,

however, the mean PPV for tr30/te20 was slightly higher than that of the tr20/te20 sets — its
PPV was 43.02 percent).

. The mean PNV increased (from 83.19 to 88.13 to 90.25 percent).

. The mean CCR decreased (from 81.33 to 77.15 to 76.74 percent).
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. The mean C-index decreased (from 0.7809 to 0.7285 for the tr10/te20 and tr20/te20
experimental combinations, however, the mean C-index for tr30/te20 was slightly higher than
that of the tr20/te20 sets — its area under the ROC curve was 0.7535).

The above trends seem to be reliable because most of them also occurred with the ANNSs tested
on the true mortality test set. One exception is the PPV resuits. These results are consistent between
neither the two groups of experiments (testing using teorig or te20) nor within the sets of experiments

using the artificial test sets (te20).

It is curious that the mean C-index for tr30/te20 is slightly greater than that of tr20/te20 (0.7535
versus 0.7285). This pattern does not follow the proposed trends set out above. A possible explanation
is that since the two experiments have similar classification measures, the slight increase in area under

the ROC curve may be attributed to the smaller increase in sensitivity and small decrease in specificity.

Another interesting detail to highlight is the greater difference between the results of tri0/te20
and tr20/te20 as compared with the test set results between tr20/te20 and tr30/te20 (i.e., for the
sensitivity, there was a 35.0 percent difference between the networks trained with tr10 and tr20, while
there was only a 8.5 percent difference between the ANNs trained with tr20 and tr30). A possible reason
is a lack of data on nonsurvivors in the training set with 10 percent mortality rate that may account for
the poorer ANN test set classification of the nonsurvivors when trained with this set. Once again,
although the mean CCR and mean C-indices are higher when the network is trained with the artificial
set with 10 percent mortality, it is not necessarily a better model because fewer of the “important” cases
(i.e., the nonsurvivors) are correctly classified. Perhaps these results also indicate that there may be a

limit to which the mortality rate of the training set has an effect on the test set classification performance.

For these experiments, the CCR of a constant predictor is 80 percent, meaning that if all of the
patients were categorized according to the output class with the highest a priori probability, the constant
predictor would correctly classify 80 percent of the patients. It is clear that lower prevalence training sets
achieve a CCR that is closer to the test set mortality rates, but this is not indicative of the clinical value
of the model. When the training set mortality is lower, fewer of the nonsurvivors who are more difficult

to classify are correctly categorized.
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These experiments confirm the results found in the previous section that training with a higher
prevalence than found in the test sets increases the ANN’s mean sensitivity without having a drastic
effect on the other performance parameters. However, it is also clear that training with a lower
prevalence than that of the test sets decreases the mean test set sensitivity rate. Therefore, although
tr30/te20 has the lowest mean CCR (and its CCR is lower than a constant predictor), it would be more
useful in a clinical setting than the other models to help identify the patients who would not survive
CABG surgery.

5.5 (c) Evaluation of Weight-Elimination Technique

As stated in Section 5.2, the weight-elimination networks were compared with their no weight-
elimination counterparts that used the sum of squared errors cost function, and the results of this analysis
are presented in Table 5.6. Recall that the objective of the weight-elimination cost function is to reduce
the size of the connection weights to eliminate less useful input variables. Theoretically, this course of
action of reducing the number of weights in the network, and hence the network’s complexity, is
expected to improve the network’s classification performance [Weigend et al. 1990a, 1990b, Trigg 1997,
Frize et al. 1997, Frize et al. 1998]. Of course, the question here is: does weight-elimination actually

improve ANN classification performance with this particular database?

Table 5.6: Comparison of ANNs with and without weight-elimination using the best-performing networks’

Experiment trorig/teorig trorig/teorig tr20/teorig tr20/teorig
WE* no WE WE no WE

Sensitivity (%) 10.85 +4.38 894 £4.54 43.55+17.59 2405+789
Specificity (%) 98.26 £ 0.39 99.31 £ 0.23 93.83=0.77 93.22 £ 0.67
PPV (%) 19.42 £ 6.93 33.15x13.14 21.64 2346 12.07 £3.76
PNV (%) 96.59 £ 0.16 96.55 £0.17 97.71 £0.30 96.92 £0.31
CCR (%) 94.98 £ 0.36 95.92 £0.27 91.94+0.79 90.63 = 0.69
C-index 0.9387 = 0.0029 0.9453 + 0.0023 0.8978 = 0.0070 0.8844 = 0.0069

Experiment tr10/te20 tr10/te20 tr20/te20 tr20/te20 tr30/te20 tr30/te20

WE no WE WE no WE WE no WE

Sensitivity (%) 18.38 £2.27 18.38 £2.23 53.23%276 4231248 61.68 +11.85 59.26 = 3.30
Specificity (%) 96.35 £0.51 96.23 £0.48 82.86 +1.06 85.57=1.21 79.82+0.82 8279 = 1.01
PPV (%) 54.62 +£4.50 53.75+3.99 4259 +2.04 4124 £ 244 43.02+ 1.30 45.13=2.03
PNV (%) 83.19+0.39 83.17+£0.38 88.13£0.64 86.14 = 0.52 90.25 £ 0.75 89.50£0.78
CCR (%) 81.33 £ 0.58 81.23 £0.52 77.15+£1.04 7724 £ 1.03 76.74 £ 0.74 78.26 = 1.05
C-index 0.7809 = 0.0042 | 0.7816 = 0.0039 | 0.7285 + 0.0052 | 0.7384 + 0.0050 | 0.7535 +0.0057 | 0.7687 = 0.0057

* WE = weight-elimination

7 The results presented here are the means and standard deviations over 31 test sets derived from an original test
set. All test sets within each group (teorig and te20) are the same size with the same prevalence. The results from these
individual test sets are available in Appendix G.
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First, it is necessary to take a look at the different experiments with and without weight-
elimination separately, then consolidate the findings to make generalizations, if possible. The first set
of simulations involve training and testing the ANN with the true in-hospital mortality rates
(trorig/teorig). In this case, weight-elimination provides a slight improvement in the mean test set
sensitivity rate (1.91 percent higher) compared with the experiments without weight-elimination. The
mean specificity, PNV, CCR and C-indices remain essentially unchanged. Unfortunately, the mean PPV
suffers a large decrease in classification performance (a decrease of 13 percent PPV rate for the weight-
elimination results), which is caused by a greater number of survivors being classified as nonsurvivors

as compared with the number of correctly classified nonsurvivors.

When the network is trained with a 20 percent mortality rate and tested using the true mortality
rate (tr20/teorig), the mean sensitivity increases by 19.5 percent. Again, the specificity, PNV, CCR, and
C-indices remained relatively unchanged. In this situation, however, the mean PPV actually increased
by 9.5 percent, a result that appears to contradict prior trends. This difference is likely related to the

information contained in the artificial training set.

The first of the next set of results where the ANN trained on a dataset with a lower prevalence
than the test sets (tri0/te20) showed that all of the average performance measures remained
approximately the same. In this case, weight-elimination offered no improvement over the standard
backpropagation training algorithm. Possibly, this may have occurred because there was not enough
information in the training set to improve the network performance with weight-elimination. In other
words, the training dataset may not have been sufficiently rich to offer information about the differences
between the nonsurvivors and the survivors that could lead to the elimination or weight-reduction of
certain input variables. Ultimately, this result indicates that the weights of the input variables were not
dramatically affected by the weight-elimination parameters when training with a lower prevalence than

the test sets.

When training and testing on artificial databases that have the same ratio of CABG surgery
survival and in-hospital death (tr20/te20), weight-elimination still managed to effect a 10 percent
increase in mean test set sensitivity over the no weight-elimination network. The other performance
measures remained the same regardless of the effect of the weight-elimination cost function. Therefore,
under these circumstances, there was better classification of the patients who died postoperatively in-

hospital.
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Weight-elimination had only a small impact on the classification performance for the
combination of training using an artificial training set with a mortality rate of 30 percent, followed by
testing the ANN performance on artificial test sets with 20 percent mortality rates (tr30/te20). Although
the mean sensitivity rate of the weight-elimination network is higher than that of the ANN without
weight-elimination, the other performance measures remained approximately the same, regardless of the

cost function used.

In summary, there were inconsistent improvements for the mean specificity, the PPV, the area
under the ROC curve, and the CCR. Despite these results, the mean sensitivity and the mean PNV were
consistently the same or better when the ANN employed the weight-elimination cost function as opposed

to simply using the standard backpropagation algorithm with the sum of squared errors cost function.

5.6 Evaluation of Variable Selection Using Weight-Elimination

Recall that the purpose of the weight-elimination cost function is to prune the input variable set
to only those variables with the greatest impact on the desired outcome. It shrinks the weights of the least
influential variables down to zero, thereby leaving the most important input variables to be easily
discernable from the rest. This is, of course, an iterative process. With each pass of the data through the

network, certain relationships are strengthened, while others are reduced.

The extraction of the weights can be most easily achieved using a single-layered network
because there is only one weight per input variable. This process can also be achieved with double-
layered networks, however, it is slightly more complex. In order for a variable to be considered
unimportant in an ANN with a hidden layer, the weights of all of the nodes attached to that variable must
be reduced to zero or near zero. In other words, if there are eight nodes in the hidden layer, and seven
of the eight weights from the input variable are zero, this variable cannot be eliminated because one node

still uses information from the variable to aid in the output classification.

Of course, the value of the weight-elimination scale constant, w,, which determines how small
a weight must be to be considered small, also influences whether a variable will be eliminated. If w, is
too large, it will have no effect on the network, and if it is too small, all of the weights will be reduced

to zero.
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An examination of the weights in the hidden layer of the best-performing networks (found in
Appendix H) showed that, in fact, no variables were eliminated. There were several cases where the
weights of all but one node were reduced to zero, however, none were clearly removed from

consideration.

At first, this result was surprising, however, after some thought, there were some probable
explanations. First of all, the weight-elimination cost function did have a visible effect on the network’s
performance. As shown in Section 5.5 (c), weight-elimination increased the mean sensitivity of the ANN
in all cases except when the network was trained on a lower prevalence of mortality than the test sets.
This proves that weight-elimination is an effective approach to improving the correct classification rate
of the nonsurvivors of CABG surgery. Second, the initial input variable list was based on Pliam et al.’s
univariate analysis that selected the most influential variables from the list of potential risk factors.
Knowing this, the input list had already been “preprocessed” to include the most important variables
from the beginning. Despite an attempt to include additional risk factors that other research groups had
found to influence the outcome, due to either a great majority of missing values or the complete absence
of such a variable, it was not easy to find more factors that better identify patients at a higher risk of

death.

There was a bias introduced by only using the variables found to be significant according to
Pliam e al.’s work. It appears that the statistical analysis performed by the SFHI research group did in
fact identify influential risk factors. Put another way, the weight-elimination technique agrees with the
most important variables identified using univariate analysis. This is an interesting finding, since it
supports the variable selection approach of weight-elimination. To verify this finding, however, the two
approaches should be compared using a set of variables where there are some obvious variables with low

correlation to the output that could be eliminated by each technique.

Another consideration is the fact that the ANNs appeared to “get stuck” after a certain number
of iterations, and then were no longer able to learn more about the patterns. From the CCR and ASE
curves in Appendix E, it is clear that at a certain point, the ANN stopped learning. This also meant that
the weight-elimination function could no longer influence the network. Perhaps if the network had been
able to learn more from the information in the CABG database, weight-elimination could have further

reduced the weights of the less important variables. It is also possible that the weight-elimination scale
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constant was not small enough to have an impact on the weights. However, a wide range of scale

constants were tested and these values achieved the best performance.

5.7 Comparison with Previous Work

This section is important to validate the results found using the weight-elimination ANN to
predict in-hospital mortality for CABG surgery patients. By comparing the results against Trigg's work,
it may be possible to deduce the generalizability of this process to other medical databases. Then, a
comparison against the results found by the SFHI research group will help to evaluate the effectiveness

of this ANN model with respect to current mortality risk analysis techniques.

5.7 (a) Comparison with Trigg’s Experiments

To summarize Trigg’s [(1997] work once more, she used an adult ICU database with 883
postoperative patients from the DECH in Fredericton, NB, to predict whether a patient would require
mechanical ventilation for more than eight hours. The ICU database contained continuous and binary
input variables with a binary output variable. The a priori distributions of the database were
approximately 30-70 for patients requiring more than eight hours of artificial ventilation versus those
that did not. Trigg [1997] used CCR as her measure of optimal performance, but also evaluated the
techniques using ROC curves, number of iterations required to achieve maximum CCR, a constant
predictor, the relative transinformation content (an information theory approach), and a minimum-
distance classifier. The experiments that are relevant for comparison with the work performed in this
thesis are those comparing single- and double-layered ANNSs with and without weight-elimination with

the regular data presentation technique.

Trigg [1997] found that weight-elimination improved the CCR (and overall performance)
compared to their no weight-elimination counterparts. Double-layered ANNs slightly outperformed the
single-layered networks, although the increased complexity meant a longer training time to achieve
optimal performance. Trigg [1997] used the gearshifting technique suggested by Weigend er al. [1990a,
1990b] which reduced the time required to reach the maximum CCR. These experiments also showed
that the weight-elimination networks actually took longer to reach the optimal performance than the

ANNs without weight-elimination. Overall, the weight-elimination networks with one hidden layer
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outperformed all other comparison techniques. Table 5.7 shows Trigg’s ICU results for this network for

comparison against the CABG simulations.

The experiments carried out in this thesis were on the CABG database from the SFHI in Daly
City, CA, to predict in-hospital mortality. As stated previously, the true mortality rate is 3.7 percent —
a highly skewed distribution (and the artificial test sets had a mortality rate of 20 percent). All of the
input variables were binary except age, date of surgery and ejection fraction. Since nonsurvivors are the
most difficult to classify, the focus of the performance measures was on the sensitivity rate, since this
considers the correct classification of nonsurvivors. Here, the results showed that weight-elimination
networks had a higher sensitivity rate than ANNs without weight-elimination. Using the CABG database,
double-layered ANNs showed significant improvements in the sensitivity rate over single-layered
networks that in some cases could not even learn any of the patterns. The gearshifting technique applied
to the SFHI database offered little advantage over simply initializing the weight-elimination constant at
a non-zero value before training began. In fact, even when gear-shifting was used, it was activated after
only 10 epochs. Table 5.7 compares Trigg’s best-performing network with the two best-performing

networks from the experiments with the CABG database, tr20/teorig and tr30/te20.

Table 5.7: Comparison of deuble-layered ANN performance with weight-elimination on the adult ICU and

CABG databases®
Performance Measure Adult ICU database CARG database CABG database
[Trigg 1997} (tr20/teorig) (tr30/te20)

CCR (%) 91.8 91.94 +0.79 76.74 £ 0.74
Sensitivity (%) 84.7 (7285) 43.55+7.59 61.68 = 11.85
Specificity (%) 94.7 (198/209) 93.83+0.77 79.82 £0.82
C-index 0.9301 £ 0.0195 0.8978 £ 0.0070 0.7535 = 0.0057
Constant predictor (%) 71.1 96.2 80

As shown in Table 5.7, although the CABG database experiment with tr20/teorig has
approximately the same CCR and specificity as the adult ICU simulation, its mean sensitivity is
significantly lower (nearly half the sensitivity rate for the ICU database). Again, the other aspects of the
adult ICU and tr20/teorig simulations are quite similar. Comparisons between the experiments with the
artificial CABG datasets (tr30/te20) and the ICU database show a lower level of performance for all

measuring techniques. As stated previously, the lower performance levels for the experiments with

% The results presented here for the CABG database are the means and standard deviations over 31 test sets
derived from an original test set. All test sets within each group (teorig and te20) are the same size with the same prevalence.
The results from these individual test sets are available in Appendix G.
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training using the higher prevalence training sets are not necessarily indicative of their clinical relevance,

since they achieve better classification of the nonsurvivors.

Trigg [1997] also managed to extract the input variables that had the greatest effect on the
classification of patients as requiring more than eight hours of mechanical ventilation or not. She
identified variables that influenced the decision to categorize the patients into the two output classes
using weight-elimination on a single-layered ANN with the high-low node presentation approach. As

stated in Section 5.6, this technique was unsuccessful with the CABG database.

One of the main objectives of this thesis was to use the weight-elimination cost function to
reduce the number of input variables to only those that were most influential. Unfortunately, no variables
were eliminated in any of the CABG experiments. Although it appears that weight-elimination was more
effective on the ICU database, keep in mind that the ICU and CABG databases are looking at two
problems that have dramatically different knowledge contained in the inputs. Not only are they two
different medical conditions, they also differ in the type of data presented to the ANN (continuous and
binary versus binary only data). It is important to emphasize the differences between the ICU and CABG

databases and attempt to pinpoint reasons for the variations in performance.

First, successful implementation of a technique for one database does not mean that it is equally
well applicable to other databases. One technique may be more suitable for a particular situation given
the type of data available (i.e., continuous or categorical data, medical or financial data, etc.), or the best
fitting function for the output (i.e., linear or nonlinear function). Richard & Lippmann [1991] and
Lippmann & Shahian [1997] found equivalences or near-equivalences in the performance of ANNs
compared with logistic regression for CABG databases. Richard & Lippmann [1991] used
backpropagation ANNs with the sum of squared errors cost function, and Lippmann & Shahian [1997]
trained their networks with stochastic gradient descent with early stopping, as opposed to the

backpropagation algorithm with the weight-elimination cost function that was used in this thesis.

Second, intrinsic factors like the impact of the selected risk factors play a major role in the
ANN’s ability to develop an appropriate model. It might be that the DECH ICU database contains certain
variables that have a great decisive impact on the model’s output. For example, if a factor is present for
a patient, that patient can be categorized into a particular output class with great certainty. As mentioned

previously, CABG databases generally lack this type of information that “clearly” identifies a patient as
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a survivor or a nonsurvivor [Orr 1997]. It is possible that in a CABG database, there are two patients
with the same profile, yet one patient survives the surgery and the other does not. In this case, there is

no clear evidence as to why the second patient did not survive the procedure.

Taking a closer look at the lambda values used in the experiments found in Table 5.4, one notices
that the lambda values are quite close to zero (0.0001 to 0.0004). This indicates that the weight-
elimination term had only a small part to play in the error cost function. Even Trigg [1997] had only
marginal CCR improvements of one or two percent for networks using weight-elimination as opposed
to the standard backpropagation algorithm. Also, the values of lambda used by Trigg [1997] were only
0.0003 or 0.0005, which are also quite close to zero, meaning that the influence of weight-elimination
was minimal. Clearly, weight-elimination affected the classification ability of the networks applied to

the CABG database as outlined in Section 5.5 (¢).

Although weight-elimination did not eliminate any variables for the CABG database, one should
not conclude that the weight-elimination technique is invalid. In this case, its ability to improve the mean
sensitivity rate was demonstrated with the CABG experiments, and the CCR improvement for the ICU
database allows the conclusion that weight-elimination is indeed a valid approach. In fact, its ability to
eliminate unnecessary variables could be useful in a situation where the risk factors are unknown. In each
of the above situations, clinicians already had a relatively good idea of what the risk factors for the
particular outcome were, and hence only those variables were present in the data used in these
experiments. In the case of the CABG surgery database, the input variables were chosen to be those
selected by univariate analysis by the SFHI research group. It is possible that the “preprocessing” may
have eliminated variables that weight-elimination may have found important and that statistical analysis

did not recognize.

5.7 (b) Comparison with Pliam et al.’s Experiments

Although the current work was performed on the SFHI's cardiac database, the experiments from
this thesis used only a subset of the data used by the SFHI research group. The SFHI research group used
patient data spanning all of the years of data collection. Due to the technical advances that occurred in
1990 and 1991 [Shaw 1999], however, this is not the most homogenous dataset. Therefore, the

simulations carried out in this thesis used the data from 1986 to 1991.
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The majority of the mortality risk factors used in the current work were identified by Pliam er
al. [1997] using univariate analysis. As noted previously, it is possible that using the influential variables
chosen by Pliam and his colleagues as the basis for the initial variable list may have excluded variables
that only the ANN could identify as relevant to the outcome. The only variables that the SFHI group had
found to be significant that were not used in the thesis simulations were those related to smoking history.
The reason for this was that there was a large number of missing values for this variable. Pliam and his
colleagues had dealt with this problem by using three binary variables: current smoker, previous smoker
and nonsmoker. There still arose many situations where all three of these factors were absent. In an effort
to only use the most reliable data possible, these variables were omitted from consideration in the ANN
experiments. Given that smoking history is a known risk factor for cardiac disease and that smoking
(current or previous) can degrade a person’s health, this is potentially an important risk factor, and

hospitals should take care to consistently collect this information.

Of the variables used in this particular analysis, there were four input variables that Pliam et al.
[1997] had not considered: date of surgery, ventricular aneurysm, mitral valve regurgitation, and unstable
angina. These factors had been considered in several previous risk models, so the objective was to
observe their impact on the ANN performance. It is common practice to include variables in an analysis
that are not necessarily statistically significant in the current database, but have been consistently

identified by other researchers to have a clinically known impact on the outcome [Higgins et al. 1992].

Table 5.8 contrasts the results achieved in this thesis work using ANNs with weight-elimination
(trorig/teorig, tr20/teorig, tr10/te20, tr20/te20, and tr30/te20) with those found by Pliam and his
colleagues using statistical risk model approaches (Parsonnet, Cleveland Clinic, Bayesian, and logistic
regression). The mean predicted mortality rates of the ANNs are influenced by the a priori statistics of
the training set. When the ANN was trained on a higher prevalence, the predicted mortality rate of the
test sets was overestimated. Training on a lower mortality rate caused an underestimation of the test set
mortality rate. Training on a dataset with a different prevalence than the test sets will always affect the
way the network classifies the test sets. The Parsonnet model was developed on a training set with a
higher mortality rate (8.9 percent [Parsonnet er al. 1989]) than the mortality rate of the test set (4.0
percent [Pliam ez al. 1997]), so this information explains why the Parsonnet model has the highest mean

predicted mortality for the statistical models.
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Table 5.8: Comparison of risk models from current work and by SFHI research group

Researchers Risk model C-index’ Mean predicted Actual test set
mortality (%) mortality rate (%)
trorig/teorig 0.9387 +0.0029 2.04 £0.40 38
ANNswith w20/tcorig 0.8978 = 0.0070 8.64 +0.71 3.8
weight-elimination
tr10/te20 0.7809 £ 0.0042 11.07 £ 0.46 20
tr20/te20 0.7285 £ 0.0052 23.58 £0.54 20
tr30/te20 0.7535 £0.0057 25.76 x0.72 20
Parsonnet 0.80 =0.02 9.0x8.0 4
Pliam et al. {1997] Cleveland Clinic 0.80 +0.02 6.0+6.0 4
SFHI Bayesian 0.83 £0.02 7.6+15.6 4
SFHI logistic regression 0.80 £0.02 5.01%7.7 4

Richard & Lippmann [1991] suggest a technique to eliminate the impact of the differences in
mortality rates between the training and test sets, as outlined in Section 2.5. The approach involves
multiplying the raw outcome data from the test sets by the true mortality rate of the dataset and dividing
by the training set mortality rate. For tr20/teorig, this would mean multiplying the test data by 3.8 and
dividing by 20. This calculation would give a mean predicted mortality rate of 1.7 percent compared with
the true mortality rate of 3.8 percent. Although this figure is closer to the true mortality rate, it causes
an underestimation of the test set mortality that is worse than when training on the true prevalence. The
same thing happens for tr30/te20 (25.4 x 20 +- 30 = 16.9 percent). For tr10/te20, the mean mortality rate
is slightly overestimated (10.6 x 20 = 10 = 21.2 percent). Overall, this may not be a good “normalization”
technique for this particular situation, because it reverses the desired effect of classifying more patients

as nonsurvivors (with the intent that more of the nonsurvivors will be correctly classified).

From Table 5.8, the SFHI logistic regression model appears to be the best since its mean
predicted mortality rate is the closest to the actual mortality rate for that test set (a 1.1 percent
difference). The trorig/teorig ANN model has the next closest mean predicted mortality rate compared
with its true rate (a difference of 1.8 percent). Of Pliam er al.’s risk models, the Bayesian model based
on the SFHI data has the greatest area under the ROC curve indicating that it can better distinguish
between survivors and nonsurvivors of CABG surgery than the other statistical models. Although the
ANN:s tested on the true mortality rate have greater areas under the ROC curves than all of the other
models (statistical and ANNs), keeping in mind the emphasis on sensitivity for the ANN models is
important. The ANNs would have had smaller C-indices if the measurements had been taken at the

operating point for the sensitivity and specificity curves of the models. The focus of this thesis was the

% The ANN results presented here are the means and standard deviations over 31 test sets derived from an original
test set. All test sets within each group (teorig and te20) are the same size with the same prevalence. The results from these
individual test sets are available in Appendix G.
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correct classification of the patients who do not survive CABG surgery while minimizing the
misclassification of survivors. Therefore; finding a balance between sensitivity, specificity and CCR was

the objective for these experiments.

Given the results presented in Table 5.8, determining the best mortality risk model is difficult
since both sets of experiments focus on different outcomes (statistical models — model operating point,
ANN models — highest sensitivity). Despite this, the ANN models with weight-elimination were within
the same deviation from the true mortality rates as the statistical models, and the ANNS tested on the

actual mortality rate had the greatest areas under the ROC curves.

5.8 General Remarks Regarding CABG Databases

In anticipation of improving the ANN modelling process, artificial training sets with different
mortality distributions were employed. This approach proved to provide higher mean sensitivity rates,
however, with minor reductions in the other performance measures. As mentioned earlier, increasing the

sensitivity rate means that more of the difficult cases (the nonsurvivors) are correctly classified.

One problem involved in classifying CABG patients, with the data skewed towards the survivors,
was the desire of the ANN to classify everything like a constant predictor does — according to the a priori
statistics. Of course, this action would always result in a specificity of 100 percent, and a sensitivity of

zero. Obviously, a model with such a performance level is useless for clinical decision making.

Trigg [1997] alluded to the problem of poor classification results when she applied the network
to the classification problem of identifying postoperative ICU patients, who required more than 24 hours
of artificial ventilation. The a priori probability for this outcome was 13 to 15 percent, and the ANN
correct classification performance was actually slightly worse than the constant predictor (CCRs of 87.1
versus 87.4 percent, respectively). Trigg [1997] questioned whether it was a lack of a sufficient number
of sample cases that prevented the network from surpassing the performance of the constant predictor,
since her ICU database had only 883 patients (589 training patterns). As a final thought, Trigg [1997]
also considered the possibility that the performance was detrimentally affected by the a priori statistics

that were highly skewed towards 100 percent [Trigg 1997].
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The original hypothesis for the study of the SFHI coronary artery surgery database was that a
higher-than-normal prevalence for the training set would translate into better performance for test sets
with lower mortality rates. The result was a higher number of nonsurvivors, who were correctly
classified. However, these outcomes were paired with a higher misclassification rate of the survivors,

and ultimately a lower overall CCR of the model.

In summary, coronary artery surgery is a difficult domain for mortality risk prediction. This fact
is reinforced by the challenges that all medical researchers in this area have had, regardless of the size
of their database. It is possible that “strong” predictors have yet to be found for CABG surgery patients.
This may mean an expansion of the data collection variables to include factors that may have an impact
on the outcome. An interaction between variables can make some of the predictions quite surprising and
unexpected [Baxt 1994a]. Now is the time for researchers to turn their focus from the application of
ANNS to various medical settings to the development of performance improvement techniques. It is no
longer enough to simply state that applications of ANNSs to the data that are highly skewed towards one
output cannot achieve good correct classification rates. A greater effort should be made to break out of
the mould, and look for means to overcome the classification problem of having an underrepresented

output class.
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Chapter 6: Concluding Remarks

This final chapter presents a summary of the findings from the experimental simulations using
a feedforward backpropagation-trained ANN with the weight-elimination cost function applied to the
problem of mortality prediction for patients undergoing CABG surgery at the SFHI in Daly City, CA.
Once the contributions to new knowledge realized by this investigation are clearly highlighted, the thesis
concludes with suggestions for related aspects of this work that should be further investigated to explain

some relevant unanswered questions.

6.1 Conclusions

The initial objective of this thesis was to determine how changing the distribution of the training
and test sets, by increasing the representation of the underrepresented class, would affect the ANN's
classification performance. Training the ANN with a higher prevalence than in the test sets (30 percent
mortality versus 20 percent mortality in the test sets) produced higher sensitivity values (correct
classification of those who died). On the other hand, lower sensitivity levels were achieved using a
training set with a lower prevalence than the artificial test sets (10 percent mortality versus 20 percent
mortality in the test sets). This finding agrees with Baxt & Skora [1996] where they also achieved better
correct classification when the network was trained on a higher-than-normal prevalence than found in
the test sets. It was possible to make the same conclusion when testing the network on artificial test sets
with a 20 percent mortality rate. These results highlight the significance of incorporating the a priori

probabilities of the training set with the model’s performance.

The second objective of the thesis was the extraction of the most important risk factors to predict
survival. Examination of the resultant weights showed, however, that no variables were actually

eliminated from the network. Obviously, the networks were affected by the weight-elimination cost
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function, because of the difference in performance between the weight-elimination and no weight-

elimination networks under the same conditions. Unfortunately, this aspect of the thesis objectives could

not be achieved with the current database. It had been hypothesized that the same input variables would

be selected as the least important for all of the training set/test set combinations under consideration.

6.2 Contributions to New Knowlenge

The following is a summary of the contributions to new knowledge that resulted from the

completion of this thesis.

1.

(8]

Showed that the application of a feedforward backpropagation ANN to the estimation of in-
hospital mortality following CABG surgery is a valid approach. This objective was clearly
achieved given the results presented in Chapter 5 where the ANN’s ability to correctly classify
patients who died was exhibited in the sensitivity rates of each network under investigation.
This investigation was the first application of a feedforward backpropagation ANN using the
weight-elimination cost function to in-hospital mortality prediction foraCABG patient database.
Demonstrated that the weight-elimination cost function added to the SSE error term improves
the ANN’s ability to classify nonsurvivors. Improved performance was defined as having a
higher sensitivity rate because the nonsurvivors are more difficult to classify. Weight-
elimination improved the ANN’s classification performance. From the ANN analysis, the
model’s sensitivity is the same or improves when using the weight-elimination technique.
Demonstrated how training with an artificial dataset with a higher-than-normal prevalence
improves the test set classification rate of nonsurvivors (i.e., achieved a higher sensitivity rate).
Showed that training on a dataset with a lower prevalence than the test sets causes worse
nonsurvivor classification performance (i.e., resulted in a lower sensitivity rate).

Discovered that although the weight-elimination cost function did not entirely eliminate any
input variables from consideration, the weight-elimination technique did achieve a noticeable
improvement over ANNS trained without weight-elimination.

Demonstrated that double-layered ANNs outperform single-layered ANNs when estimating in-
hospital mortality prediction of CABG patients by having a higher sensitivity rate, thereby
correctly classifying more nonsurvivors.

Showed how *gear-shifting” the weight-elimination cost function to turn on after several
hundred epochs did not always improve the sensitivity of the test sets.

This analysis of the SFHI CABG database generated the suggestion for hospitals to begin
collecting information on the patients who are denied this type of cardiac surgery. Since patients
who do not survive CABG surgery likely have many common characteristics as those patients
who are denied surgery, the addition of this information to the CABG database could enrich the
information regarding nonsurvivors, and possibly improve a risk model’s performance.
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6.3 Future Work

As a fitting conclusion to this research project, issues that arose as initial thesis objectives and

which were eliminated to maintain a reasonable workload, during the literature survey, or while

performing the experimental simulations, are listed as future work. These issues fall under four

categories: ANN development, statistical technique developments, CABG database improvements, and

new applications.

ANN Development:

Develop a program that can automatically optimize all of the ANN parameters without requiring
user supervision.

Develop a guideline for optimizing the ANN architecture that is generalizable to various medical
settings.

Observe the sensitivity of the ANN to the removal of input variables whose weights were
reduced to zero by the weight-elimination cost function for all but one of the weights.

Apply the approach of modifying the distribution of the database to another medical database
with a similar a priori distribution and observe the ANN’s performance (i.e., attempt to predict
mortality for the DECH ICU database).

Investigate the possibility of using the optimal brain damage technique developed by Le Cun et
al. [1990].

Statistical Technique Developments:

Develop a new performance measure that is independent of the a priori statistics.

Use statistical analysis to develop a logistic regression model using this reduced database that
spans a shorter time period, and compare the results with those found in this thesis.

Compare the variables that remain after employing statistical variable elimination techniques
and an ANN with weight-elimination.

Develop an ANN using variables deemed important by statistics, and compare the results with
the most important variables identified using the weight-elimination cost function with ANNG.

CABG Database Improvements:

Hospitals should start collecting data on patients who are denied surgery. Add this data to the
CABG database as potential nonsurvivors to observe their impact on the model’s performance.
Medical researchers should continue to investigate other possible factors related to CABG
mortality. The overall poor performance by all CABG risk models may indicate that the defining
factors for CABG mortality still have not been identified.

Medical researchers should try using input variables other than risk factors. Include pre-
operative physiological variables, and where medication or medical equipment alter or normalize
the variable, note the presence or absence of the medical intervention being used. Perhaps using
continuous variables and those that are not risk factors may improve the ANN’s classification
performance.

Apply the SFHI model to another CABG database, and compare the results.
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The SFHI database (and most other CABG databases) define mortality as death within a short
period of time following surgery (i.e., in-hospital, within 30 days of surgery, within 30 days of
discharge, etc.). There exists a possibility, however, that some of the patients who are identified
as survivors may have actually died shortly after the “cutoff” point, but were still classified as
survivors. Even if a patient dies several weeks or months after surgery, should that still be
considered a “positive” outcome? By using only patients who survived, say one or more years
following the surgical procedure, as survivors, perhaps the skewness of the data could be
reduced. The rest of the patients would be considered nonsurvivors. Another approach to better
identify the risk factors might be to use only patients who die within say 30 days of surgery as
nonsurvivors, and then only patients who survive more than one year postsurgery as survivors.
Perhaps the elimination of the patients who are “in-betweens” might better highlight the
deciding factors between life and death.

New Applications:

Replace the missing values for the smoking history variable (SMOKE?2) by categorizing these
as nonsmoking patients and observe the effect on the sensitivity of the model.

Identify the appropriate risk factors to develop a model to predict the length of hospital stay
following the surgery for the SFHI database.

Use the SFHI cardiac database to develop a model to predict morbidity, since this is also an
important consideration when evaluating the quality of care.
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Appendices

Appendix A: Strengths and Limitations of Artificial Neural Networks

Originally published as “Investigation into the Strengths and Limitations of Artificial Neural Networks:
An Application to an Adult ICU Patient Database” by Colleen M. Ennett and Monique Frize. Copyright
©1998 American Medical Informatics Association. Reprinted, with permission, from the Proceedings
of the AMIA’98 Fall Symposium, Orlando, FL, Nov 7-11, 1998:998.

Investigation into the Strengths and Limitations of Artificial Neural Networks:
An Application to an Adult ICU Patient Database

Colleen M. Ennett' and Monique Frize, PhD, PEng'?
'University of Ottawa, *Carleton University, Ottawa, Ontario, Canada

The objective was to determine the optimal operating
conditions for an artificial neural network (ANN) to
estimate outcomes. The simulations involved using the
31 inputs while changing the desired output variable.
Comparing the correct classification rate (CCR) of an
ANN with that of a constant predictor (CP) results
indicates the minimum number of sample patterns an
ANN requires for minimally acceptable outcome
estimation, and establishes the limitation of the ANN
as a useful tool.

INTRODUCTION

Few medical researchers have achieved correct
classification results with ANNs in the 90+% range
[1]. This paper discusses how well a back propagation
feed-forward ANN separates two output classes as the
representation of the dominant class approaches 100%.

METHODOLOGY

We performed the simulations using the same database
and neural network code as Trigg [1] with the data
sorted into two categories: post-operative and nonpost-
operative patients. We used the CCR and average
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squared error (ASE) to evaluate the performance of the
network.

Six different situations involving the number of hours
of mechanical ventilation were investigated (< 4 hrs,
12,24, 36 and 336 hrs, and between 24 and 336 hrs),
as well as estimates of the length of ICU stay (0, s 1.
4, 5, and 14 days). A commonly estimated medical
outcome is mortality (or “survival rate™), therefore, this
output variable was also investigated. The objective
was to observe the changes in CCR and ASE for each
outcome.

RESULTS

From the simulation results, it appears that the ANN
had more difficulty classifying the NONPOSTOP
patients than the POSTOP patient cases. A possible
explanation is the extreme diversity of the
circumstances surrounding the patients in the
NONPOSTOP subdatabase, making them more
difficult to classify.

To see the relationship between the CCR of the CP and
the ANN for the two databases, we plotted the results



of CCR versus the proportion of representative
samples in the database. The results showed that the
CCR of the ANN and the CP converge to a theoretical
limit for the superior performance of the ANN. This
occurs as the division between the two desired outputs
becomes highly skewed towards 100% for one of the
outcomes. In cases where the number of sample
patterns for a particular case are quite small, after the
first few experiments with the ANN, everything
becomes classified as belonging to the largest class —
in essence, the ANN becomes a CP.

Using linear regression of the CCR for the ANN, we
approximately identified this limit. The point at which
the linear regression line crosses the CP predictions
would be the theoretical limit for the ANN. After this
point, as the division between the output classes
becomes more skewed, the ANN either becomes a CP
or its CCR is lower than that of a CP. We discovered
that the dominant output class may represent at most
85.9% of the POSTOP database, and 83.5% for the
NONPOSTOP database under consideration.

CONCLUSION

For this adult ICU patient database, it seems that in
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order to have a notable improvement over a CP, the
ANN requires the dominant output class to represent
no more than 85.9% of the database for POSTOP
patients, or 83.5% of the cases in a NONPOSTOP
database. These limitations cannot necessarily be
directly applied to other databases (medical or
otherwise) because the ANN relies heavily on the
relationship between the input parameters. However,
this information could be used as a guideline for other
applications.
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Appendix C: Baxt’s Description of a Feedforward Backpropagation ANN

Originally published as *“Use of an Artificial Neural Network for the Diagnosis of Myocardial Infarction”
by William G. Baxt. Copyright ©1991 American College of Physicians. Reprinted, with permission,
from the Annals of Internal Medicine 1991;115(11):843-848.

Segment taken from Appendix on page 847.

“The mathematical operation of the network ... is independent of its specific use and can be viewed as generic.
The network functions by the application of binary or analog coded data comprising the pattern set to the ... input
units. This signal is then multiplied by the initially random weights on the projections between each input unit and
the first layer of hidden units:

n
net, = Z;w,.ja , +bias; C.1
I:

where net,, equals the net input of the unit for pattern p, w is a random weight, a is the input value applied to the
unit, j represents the input or presynaptic units, / represents the first layer hidden unit or postsynaptic unit, and bias
is a modifiable weight that is multiplied by an input that is always equal to 1.

“The net activation of the hidden unit is calculated by:

1
api = 1+ e"""w c2

“The activation of the second layer hidden units is calculated by use of the first equation in a manner analogous
to that used to calculate the activation of the first layer hidden units. In the latter instance, the input signal now
becomes the net activation of each first layer hidden unit, this is multiplied by the weights on the projections
between each of the first and second layer hidden units. Unit activation is calculated by the use of equation 2.
Network output is also calculated in an analogous manner, with the second layer hidden units now providing the
input signal, which is multiplied by the weights on the ten projections to the output unit. Unit activation (network
output) is again calculated by use of equation 2.

“The difference between a training pattern output or target value and the network output a,, termed e, is
calculated by subtracting network output from the target value t,. An e is calculated for each noninput unit of the
network and used by the back propagation algorithm to modify all weights of the network such that, when pattern
p is again inputted, the difference between network output and the pattern target value will diminish.

“Weight is modified by the derivation of delta. The delta, d, for the output unit is calculated by:
Sp,: (t,~a,)f (net,) C3
where f(net,,) is the derivative of the activation function with respect to a change in the net input to the unit.

“The delta for the hidden units is calculated in terms of the units to which they project and the weights on those
projections:

n
0, = f,.(netpi)z 0 Wy C4
k=0

“Weights and biases are updated by the calculation of the delta weight:
Aw; =aw; + ((1-a)Ed,a;)) C5
where a is termed network momentum and ¢ is termed the learning rate parameter. Weights are updated by adding
the delta weight to the old weight.
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“Training of the network is followed by calculating the summed square of the error, represented by e, across

the entire pattern set:
2
E=23.t,-0,) C6
p i

where the index p ranges over the set of input patterns P, [ ranges over the set of output units, t,; is the target of
pattern p, o, is the network output for pattern p. When the summed square of the error has ceased diminishing or
has reached 0, the network has been trained. If no relationship between the pattern sets and their target value exists,
this value will not diminish.”
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Appendix D: Methodologies for Predicting Coronary Surgery Outcomes

Originally published as “Methodologies for Predicting Coronary Surgery Outcomes™ by Colleen M. Ennett,
Monique Frize, and Richard E. Shaw. Copyright ©1999 IEEE. Reprinted, with permission, from the Proceedings
of the First Joint Meeting of BMES and EMBS'99, Atlanta, GA, Oct 13-16, 1999 (in print).

Methodologies for Predicting Coronary Surgery Qutcomes

C.M. Ennettf(cennett @uottawa.ca), M. Frize, PhD, PEngff, R.E. Shaw, PhD*
¥School of Info Tech & Eng’g, 161 Louis Pasteur, University of Ottawa, Ottawa, ON, KIR 7T7
1Systems & Computer Eng’g, 1125 Colonel By Dr., Carleton University, Ottawa, ON, K18 5B6
*San Francisco Heart Institute, Seton Medical Center, 1900 Sullivan Ave., Daly City, CA, 94015

ABSTRACT

Preliminary results using an artificial neural network
(ANN) on a coronary artery bypass grafting (CABG)
surgery database highlighted challenges when faced
with a low representation of a binary variable in the
database. We will artificially alter the distribution of the
database by reproducing or removing cases, and
observe any changes in ANN performance. Final results
will be presented at the conference.

INTRODUCTION

Useful mortality prediction models for patients
undergoing CABG surgery are difficult to develop. To
date, no one has designed a model with an area under
the ROC curve of greater than 80 to 85 percent. This
performance is somewhat lower than that of trained
models in other areas of medical research such as acute
myocardial infarction.

Pliam er al.’s research group from the San Francisco
Heart Institute (SFHI) compared six different statistical
and mathematical mortality risk models using their heart
surgery patient database. They concluded these CABG
models could accurately classify outcomes about 80
percent of the time [i].

METHODS

We applied a backpropagation feedforward ANN to the
SFHI database using a technique called weight-
elimination. This penalty function reduces the weights
of the least important variables to zero, and selects the
variables with the most significant impact on the cutput.
We will compare our results with those of Pliam et al.

(1].

RESULTS

Preliminary results identified several challenges of
working with a CABG database. The most significant
obstacle was the shortage of sample cases of
nonsurvivors. Although a low mortality rate is desirable

from a medical point of view, this small representative
sample of nonsurvivors (less than 5 percent) poses a
real problem when developing a prediction model for
survival. With so few examples, ANNs have difficulty
in recognizing the input patterns of nonsurvivors,
thereby producing poorly generalizable results.

DISCUSSION

Although most patients requiring heart surgery receive
it, those who are rejected may have much in common
with the nonsurvivors. Data for unsuitable patients is
not normally collected in a database. However, an
unsuitable patient likely has very advanced co-morbid
conditions that would make anesthesia dangerous, poor
flow in the distal portion of the native vessel that cannot
be rectified with endarterectomy, and/or very poor
ejection fraction. Nonsurvivors of CABG surgery likely
share some of these characteristics.

To increase the sample size of potential nonsurvivors,
hospitals should begin collecting data about the patients
who are unsuitable for CABG surgery. A larger dataset
of these patients may improve the performance of
mortality risk stratification models of all forms.

Since this information is not currently available, we will
test two approaches to increase the number of cases of
nonsurvivors artificially. One technique is to copy
nonsurvivor cases until their representation in the
database is 20 percent. The second is to remove
survivor cases until the representation of nonsurvivors
is 20 percent. In previous work, Ennett and Frize [2]
showed that ANN performance on an intensive care
unit (ICU) database diminished rapidly when the
representation of a binary variable was less than 15
percent, so a minimum of 20 percent was chosen to
include a factor of safety.

CONCLUSIONS
The challenge involved in the shortage of representative
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Appendix E: CCR and ASE Curves of Best-Performing Networks
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Figure E.1: CCR and ASE curves for an ANN with weight-elimination trained on the true mortality
distribution (3.7 percent mortality) and tested on the true mortality distribution (3.8 percent
mortality) (trorig/teorig)
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Figure E.2: CCR and ASE curves for an ANN with weight-elimination trained on an artificial dataset with
a 20 percent mortality rate and tested on the true mortality distribution (tr20/teorig)
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Figure E.3: CCR and ASE curves for an ANN with weight-elimination trained on an artificial dataset with
a 10 percent mortality rate and tested on an artificial test set with a 20 percent mortality rate
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Figure E.4: CCR and ASE curves for an ANN with weight-elimination trained on an artificial dataset with
a 20 percent mortality rate and tested on an artificial test set with a 20 percent mortality rate
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Appendix F: ROC Curves for Training and Test Sets
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Figure F.1: ROC graphs at optimal sensitivity for an ANN trained and tested on the true mortality
distributions (trorig/teorig) for (a) the weight-elimination network and (b) the ANN without weight-

elimination
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Figure F.2: ROC graphs at optimal sensitivity for an ANN trained on a dataset with a 20 percent mortality
rate and tested on the true mortality distribution (tr20/teorig) for (a) the weight-elimination
network and (b) the ANN without weight-elimination
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Figure F.3: ROC graphs at optimal sensitivity for an ANN trained on a dataset with a 10 percent mortality
rate and tested on a 20 percent mortality distribution (tr10/te20) for (a) the weight-elimination
network and (b) the ANN without weight-elimination
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Figure F.4: ROC graphs at optimal sensitivity for an ANN trained on a dataset with a 20 percent mortality
rate and tested on a 20 percent mortality distribution (tr20/te20) for (a) the weight-elimination
network and (b) the ANN without weight-elimination
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Figure F.5: ROC graphs at optimal sensitivity for an ANN trained on a dataset with a 30 percent mortality
rate and tested on a 20 percent mortality distribution (tr30/te20) for (a) the weight-elimination
network and (b) the ANN without weight-elimination
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Appendix G: ANN Performance on Different Test Sets

Table G.1: Performance on different test sets for an ANN with weight-elimination trained on the true
mortality distribution (3.7 percent mortality) and tested on the true mortality distribution (3.8
percent mortality) (trorig/teorig)

Testset |Areaunder] Mean | Sensitivity | Sensitivity |Specificity | Specificity | PPV PNV CCR

number | the ROC | predicted (/44) 1129)
curve mortality

original set | 0.9391 0.0202 5 0.1136 1110 09832 | 0.2083 0.9661 0.9506

0.9382 0.016 1 0.0227 1113 0.9858 0.0588 | 09628 | 09497

2 09365 | 0.0273 8 0.1818 1103 0.9770 0.2353 0.9684 | 09471

3 09403 | o.0183 4 0.0909 112 0.9849 0.1905 | 09653 | 009514

3 0.9373 0.0178 3 0.0682 1108 09814 0.1250 | 09643 | 0.9a71

5 09326 | 0.0277 5 0.1136 1102 0.9761 0.1563 09658 | 09437

6 09372 | o.o0183 2 0.0455 1110 0.9832 0.0952 | 09635 | 0.9480

7 09359 | 00217 4 0.0909 1104 0.9779 0.1379 09650 | 0.9446

8 09390 | 0.0179 4 0.0909 112 0.9849 0.1905 09653 | 09514

9 0.9371 0.0233 5 0.1136 1106 0.9796 0.1786 09659 | 09471

10 09387 | 00221 s 0.1136 1108 09814 0.1923 09660 | 09488

T 09432 | 00213 8 0.1818 113 0.9858 0.3333 09687 | 09557

12 09416 | 0.0159 4 0.0909 1113 0.9858 0.2000 09653 | 09523

13 09352 | 0.0303 9 0.2045 1101 0.9752 02432 | 09692 | 09463

14 09369 | 0.0260 7 0.1591 1105 0.9787 0.2258 09676 | 0.9480

15 09373 0.0174 2 0.0455 1110 0.9832 0.0952 | 09635 | 09430

16 09394 | 0.0206 7 0.1591 1110 0.9832 0.2692 09677 | 09523

17 09375 | 0.0203 3 0.0682 1110 0.9832 0.1364 09644 | 09488

18 09421 0.0141 2 0.0455 1116 0.9885 0.1333 09637 | 09531

19 09394 | 0.0203 6 0.1364 1108 0.9814 0.2222 09668 | 09497

20 0.9389 0.0198 5 0.1136 1110 0.9832 0.2083 0.9661 0.9506

21 09344 | 00225 3 0.0682 1103 0.9770 0.1034 09642 | 09429

22 09386 | 00223 7 0.1591 1107 0.9805 0.2414 09677 | 09497

23 0.9405 00174 3 0.0909 1113 0.9858 0.2000 09653 | 09523

23 09377 | 00199 3 0.0909 1110 0.9832 0.1739 09652 | 09497

25 0.9343 0.0262 5 0.1136 1103 0.9770 0.1613 09658 | 0.9446

2 0.9469 00144 7 0.1591 118 0.9903 0.3889 09680 | 09591

27 09409 | 00193 5 0.1136 1112 0.9849 0.2273 0.9661 0.9523

28 09410 | 0.0169 3 0.0909 1114 0.9867 0.2105 09653 | 09531

29 09384 | 00216 5 0.1136 1109 0.9823 0.2000 09660 | 0.9497

30 09430 | 00163 5 0.1136 1116 0.9885 0.2778 09662 | 09557

mean 09387 | 0.0204 47742 | 0.1088 | 1109.3226 | 00826 | 01942 | 09659 | 009498

stddev | 00029 | 0.0040 19272 | 00438 | 43847 | 0.0039 | 0.0693 | 00016 | 0.0036
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Table G.2: Performance on different test sets for an ANN with weight-elimination trained on an artificial
dataset with a 20 percent mortality rate and tested on the true mortality distribution (tr20/teorig)

Testset |[Areaunder| Mean Sensitivity | Sensitivity | Specificity | Specificity PPV PNV CCR
nomber the ROC | predicted (44) (/1129) )
curve mortality
original set 0.8963 0.0880 19 0.4318 1057 0.9362 0.2088 0.9769 0.9173
1 0.9068 0.0733 15 0.3409 1076 0.9531 0.2206 0.9738 0.9301
2 0.9051 0.0864 24 0.5455 1060 0.9389 0.2581 0.9815 0.9241
3 0.9045 0.0832 22 0.5000 1066 0.9442 0.2588 0.9798 0.9275
4 0.8983 0.0824 19 0.4318 1059 0.9380 0.2135 0.9769 0.9190
5 0.8874 0.0984 20 0.4545 1046 0.9265 0.1942 0.9776 0.9088
6 0.8971 0.0881 20 0.4545 1058 0.9371 0.2198 0.9778 0.9190
7 0.8804 0.0953 14 03182 1036 0.9176 0.1308 0.9719 0.8951
8 0.9006 0.0884 23 0.5227 1067 0.9451 0.2706 0.9807 0.9292
9 0.8999 0.0811 17 0.3864 1062 0.9407 0.2024 0.9752 0.9199
10 0.9039 0.0803 19 0.4318 1069 0.9469 0.2405 0.9771 0.9275
11 0.8978 0.0892 20 0.4545 1059 0.9380 0.2222 0.9778 09199
12 0.9040 0.0819 21 0.4773 1063 0.9415 0.2414 0.9788 0.9241
13 0.8928 0.0927 19 0.4318 1054 0.9336 0.2021 0.9768 0.9147
14 0.9046 0.0828 22 0.5000 1067 0.9451 0.2619 0.9798 0.9284
15 0.8905 0.0868 16 0.3636 1056 0.9353 0.1798 0.9742 09139
16 0.8969 0.0955 24 0.5455 1048 0.9283 0.2286 0.9813 09139
17 0.8869 0.0903 14 0.3182 1053 0.9327 0.1556 0.9723 0.9096
18 0.9027 0.0797 19 0.4318 1062 0.9407 0.2209 0.9770 0.9216
19 0.9083 0.0750 18 0.4091 1073 0.9504 0.2432 0.9763 0.9301
20 0.9096 0.0762 20 0.4545 1071 0.9486 0.2564 0.9781 0.9301
21 0.8916 0.0903 17 0.3864 1054 0.9336 0.1848 0.9750 0.9130
22 0.8881 0.1018 22 0.5000 1044 0.9247 0.2056 0.9794 0.9088
23 0.8992 0.0804 18 0.4091 1065 0.9433 0.2195 0.9762 0.9233
24 0.9025 0.0903 24 0.5455 1056 0.9353 0.2474 0.9814 0.9207
a5 0.8987 0.0946 25 0.5682 1055 0.9345 0.2525 0.9823 0.9207
26 0.8900 0.0861 13 0.2955 1058 0.9371 0.1548 0.9715 09130
27 0.8975 0.0930 23 0.5227 1058 0.9371 0.2447 0.9805 09216
28 0.8934 0.0868 15 0.3409 1061 0.9398 0.1807 0.9734 09173
29 0.9030 0.0742 15 0.3409 1069 0.9469 0.2000 0.9736 09241
30 0.8947 0.0868 17 0.3864 1056 0.9353 0.1889 0.9751 09147
[ mean 0.8978 00864 | 19.1613 | 0.4355 | 10592903 | 09383 | 0.216a | 09771 | 09193 |
std dev 0.0070 0.0071 3.3376 0.0759 8.6764 0.0077 0.0346 0.0030 0.0079
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Table G.3: Performance on different test sets for an ANN with weight-elimination trained on an artificial
dataset with a 10 percent mortality rate and tested on an arnficlal test set with a 20 percent

mortality rate (tr10/te20)
Testset [Areaunder| Mean Sensitivity | Sensitivity | Specificity | Specificity PPV PNV CCR
oumber | the ROC | predicted (/226) (947
curve mortality

original set 0.7823 0.1059 38 0.1681 922 0.9736 0.6032 0.8306 0.8184
1 0.7818 0.1151 47 0.2080 911 0.9620 0.5663 0.8358 0.8167

2 0.7846 0.1129 45 0.1991 913 0.9641 0.5696 0.8346 0.8167

3 0.7791 0.1134 45 0.1991 908 0.9588 0.5357 0.8338 0.8124

4 0.7900 0.1146 52 0.2301 914 0.9652 0.6118 0.8401 0.8235

5 0.7812 0.1152 47 0.2080 908 0.9588 0.5465 0.8353 0.8142

6 0.7789 0.1065 40 0.1770 917 0.9683 0.5714 0.8314 0.8159

7 0.7834 0.1104 45 0.1991 906 0.9567 0.5233 0.8335 0.8107

8 0.7783 0.1093 43 0.1903 906 0.9567 0.5119 0.8320 0.8090

9 0.7839 0.1100 43 0.1903 912 0.9630 0.5513 0.8329 0.8142

10 0.7795 0.1053 36 0.1593 913 0.9641 0.5143 0.8277 0.8090

11 0.7849 0.1056 41 0.1814 918 0.9694 0.5857 0.8323 0.8176
12 0.7775 0.1106 40 0.1770 904 0.9546 0.4819 0.8294 0.8048
13 0.7836 0.1145 44 0.1947 909 0.9599 0.5366 0.8332 0.8124
14 0.7769 0.1170 42 0.1858 909 0.9599 0.5250 0.8317 0.8107
15 0.7896 0.1155 51 0.2257 918 0.9694 0.6375 0.8399 0.8261

16 0.7781 0.1114 39 0.1726 907 0.9578 0.4937 0.8291 0.8065
17 0.7788 0.1250 46 0.2035 905 0.9556 0.5227 0.8341 0.8107
18 0.7798 0.1095 39 0.1726 910 0.9609 0.5132 0.8295 0.8090

19 0.7732 0.1060 31 0.1372 912 0.9630 0.4697 0.8238 0.8039
20 0.7716 0.1072 32 0.1416 909 0.9599 0.4571 0.8241 0.8022
21 0.7778 0.1100 40 0.1770 915 0.9662 0.5556 0.8311 0.8142
22 0.7837 0.1138 42 0.1858 914 0.9652 0.5600 0.8324 0.8150
23 0.7770 0.1127 40 0.1770 910 0.9609 0.5195 0.8303 0.8099
24 0.7785 0.1083 39 0.1726 915 0.9662 0.5493 0.8303 0.8133
25 0.7791 0.1107 35 0.1549 916 0.9673 0.5303 0.8275 0.8107
26 0.7886 0.1097 49 0.2168 919 0.9704 0.6364 0.8385 0.8252
27 0.7837 0.1047 39 0.1726 920 0.9715 0.5909 0.8311 0.8176
28 0.7813 0.1030 37 0.1637 921 0.9725 0.5873 0.8297 0.8167
29 0.7819 0.1128 46 0.2035 913 0.9641 0.5750 0.8353 0.8176
30 0.7801 0.1046 35 0.1549 912 0.9630 0.5000 0.8268 0.8073

mean 0.7809 | 0.1107 | 415484 | 0.1838 | 912.4516 | 09635 0.5462 0.8319 0.8133 |

std dev 0.0042 0.0046 5.1241 0.0227 4.8569 0.0051 0.0450 0.0039 0.0058
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Table G.4: Performance on different test sets for an ANN with weight-elimination trained on an artificial
dataset with a 20 percent mortality rate and tested on an artificial test set with a 20 percent

mortality rate (tr20/te20)

Testset |Area under Mean Sensitivity | Sensitivity | Specificity | Specificity PPV PNV CCR

number | the ROC | predicted | (/226) (947

curve mortality . .
original set |  0.7321 0.2319 17 0.5177 795 0.8395 0.4349 0.8794 0.7775
1 0.7286 0.2366 124 0.5487 773 0.8163 0.4161 0.8834 0.7647
2 0.7292 0.2362 127 0.5619 782 0.8258 0.4349 0.8876 0.7749
3 0.7243 0.2398 121 0.5354 782 0.8258 0.4231 0.8816 0.7698
4 0.7266 0.2326 114 0.5044 784 0.8279 0.4116 0.8750 0.7656
s 0.7298 0.2380 117 0.5177 793 0.8374 0.4317 0.8792 0.7758
6 0.7263 0.2254 109 0.4823 789 0.8332 0.4082 0.8709 0.7656
7 0.7253 0.2317 121 0.5354 799 0.8437 0.4498 0.8838 0.7843
8 0.7251 0.2361 121 0.5354 772 0.8152 0.4088 0.8803 0.7613
9 0.7365 0.2328 125 0.5531 779 0.8226 0.4266 0.8852 0.7707
10 0.7365 0.2296 129 0.5708 801 0.8458 0.4691 0.8920 0.7928
11 0.7393 0.2279 123 0.5442 797 0.8416 0.4505 0.8856 0.7843
12 0.7293 0.2390 124 0.5487 782 0.8258 0.4291 0.8846 0.7724
13 0.7214 0.2347 112 0.4956 781 0.8247 0.4029 0.8726 0.7613
14 0.7209 0.2424 113 0.5000 766 0.8089 0.3844 0.8714 0.7494
15 0.7347 0.2442 136 0.6018 791 0.8353 0.4658 0.8978 0.7903
16 0.7293 0.2412 123 0.5442 767 0.8099 0.4059 0.8816 0.7587
17 0.7265 0.2424 126 0.5575 770 0.8131 0.4158 0.8851 0.7539
18 0.7284 0.2349 122 0.5398 788 0.8321 0.4342 0.8834 0.7758
19 0.7250 0.2419 117 0.5177 7 0.8152 0.4007 0.8763 0.7579
20 0.7309 0.2341 118 0.5221 794 0.8384 0.4354 0.8803 0.7775
2] 0.7235 0.2440 124 0.5487 783 0.8268 0.4306 0.8847 0.7732
22 0.7351 0.2288 125 0.5531 783 0.8268 0.4325 0.8857 0.7741
23 0.7233 0.2442 126 0.5575 794 0.8384 0.4516 0.8881 0.7843
24 0.7394 0.2261 118 0.5221 801 0.8458 0.4470 0.8812 0.7835
25 0.7266 0.2379 124 0.5487 775 0.8184 0.4189 0.8837 0.7664
26 0.7287 0.2395 124 0.5487 794 0.8384 0.4477 0.8862 0.7826
27 0.7298 0.2289 114 0.5044 792 0.8363 0.4238 0.8761 0.7724
28 0.7295 0.2350 111 0.4912 782 0.8258 0.4022 0.8718 0.7613
29 0.7196 0.2389 14 0.5044 777 0.8205 0.4014 0.8740 0.7596
30 0.7229 0.2326 110 0.4867 787 0.8310 0.4074 0.8715 0.7647
[ mean | 0.7285 0.2358 1202903 | 0.5323 | 784.6774 | 0.8286 0.4259 0.3813 0.7715 |

std dev 0.0052 0.0054 6.2407 0.0276 10.0379 0.0106 0.0204 0.0064 0.0104
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Table G.5: Performance on different test sets for an ANN with weight-elimination trained on artificial 30

percent mortality rate and tested on artificial test set with a 20 percent mortality rate (tr30/te20)

Testset |Areaunder| Mean |Sensitivity | Sensitivity Specificity | Specificity PPV PNV CCR

number | the ROC | predicted | (/7226) (947
curve mortality

original set 0.7460 0.2535 134 0.5929 757 0.7994 0.4136 0.8916 0.7596

1 0.7549 0.2593 148 0.6549 754 0.7962 0.4340 0.9063 0.7690

2 0.7531 0.2539 138 0.6106 757 0.7994 0.4207 0.8959 0.7630

3 0.7551 0.2639 154 0.6814 752 0.7941 0.4413 0.9126 0.7724

4 0.7538 0.2583 148 0.6549 755 0.7973 0.4353 0.9064 0.7698

5 0.7496 0.2567 143 0.6327 758 0.8004 0.4307 0.9013 0.7681

6 0.7526 0.2498 141 0.6239 758 0.8004 0.4273 0.8992 0.7664

7 0.7510 0.2597 137 0.6062 751 0.7930 04114 0.8940 0.7570

8 0.7537 0.2764 158 0.6991 737 0.7782 0.4293 0.9155 0.7630

9 0.7643 0.2595 151 0.6681 761 0.8036 0.4481 0.9103 0.7775

10 0.7606 0.2392 127 0.5619 776 0.8194 0.4262 0.8869 0.7698

11 0.7630 0.2533 152 0.0011 762 0.8046 0.4510 09115 0.7792

12 0.7515 0.2563 141 0.6239 752 0.7941 0.4196 0.8984 0.7613

13 0.7422 0.2642 141 0.6239 748 0.7899 0.4147 0.8980 0.7579

14 0.7486 0.2609 146 0.6460 746 0.7878 0.4207 0.9031 0.7604

1S 0.7599 0.2577 152 0.6726 764 0.8068 0.4537 0.9117 0.7809

16 0.7526 0.2729 158 0.6991 745 0.7867 0.4389 0.9164 0.7698

17 0.7475 0.2644 139 0.6150 745 0.7867 0.4076 0.8954 0.7536

18 0.7555 0.2623 149 0.6593 753 0.7951 0.4344 0.9072 0.7690

19 0.7593 0.2552 142 0.6283 764 0.8068 0.4369 0.9009 0.7724

20 0.7494 0.2504 138 0.6106 763 0.8057 0.4286 0.8966 0.7681

21 0.7455 0.2625 141 0.6239 749 0.7909 0.4159 0.8981 0.7587

22 0.7468 0.2505 135 0.5973 754 0.7962 04116 0.8923 0.7579

23 0.7482 0.2593 140 0.6195 750 0.7920 0.4154 0.8971 0.7587

24 0.7635 0.2469 149 0.6593 768 0.8110 0.4543 0.9089 0.7818

25 0.7577 0.2639 154 0.6814 756 0.7983 0.4464 0.9130 0.7758

26 0.7600 0.2590 147 0.6504 759 0.8015 0.4388 0.9057 0.7724

27 0.7539 0.2551 142 0.6283 758 0.8004 0.4290 0.9002 0.7673

28 0.7526 0.2553 145 0.6416 757 0.7994 0.4328 0.9033 0.7690

29 0.7580 0.2541 144 0.6372 762 0.8046 0.4377 0.9028 0.7724

30 0.7474 0.2512 139 0.6150 762 0.8046 0.4290 0.8975 0.768!

[ mean | 0.7535 | 02576 | 144.2903 | 0.6168 | 7559032 | 07982 04302 | 09025 | 0.7674 |
std dev 0.0057 0.0072 7.2212 0.1185 7.7561 0.0082 0.0130 0.0075 0.0074
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Table G.6: Performance on different test sets for an ANN without weight-elimination trained on the true
mortality distribution (3.7 percent mortality) and tested on the true mortality distribution (3.8
percent mortality) (trorig/teorig)

Testset |Area under Mean Sensitivity | Sensitlvity | Specificity | Specificity PPV PNV CCR

number the ROC | predicted 226) 947)
curve mortality

original set | 0.9452 0.0121 a 0.0909 1121 09929 | 03333 | 09655 | 09591

1 0.9417 0.0130 2 0.0455 1116 09885 | 0.1333 | 09637 | 09531

2 0.9464 0.0108 4 0.0909 1123 09947 | 04000 | 09656 | 09608

3 0.9462 0.0071 1 0.0227 1126 09973 | 02500 | 09632 | 009608

4 0.9486 0.0086 5 0.1136 1126 09973 06250 | 09665 | 09642

s 09457 0.0108 3 0.0682 1123 09947 | 03333 | 09648 | 09599

6 0.9442 0.0108 2 0.0455 1122 09938 | 02222 | 09639 | 09582

7 09418 0.0125 2 0.0455 1119 09911 0.1667 | 09638 | 09557

8 0.9429 0.0121 3 0.0682 1119 09911 02308 | 09647 | 09565

9 0.9448 0.0110 3 0.0682 1120 09920 | 02500 | 09647 | 09572

10 0.9454 0.0111 3 0.0682 1122 09938 | 03000 | 09647 | 09591

1 0.9465 0.0122 5 0.1136 121 09929 | 03846 | 009664 | 09599

12 0.9493 0.0070 3 0.0682 1125 09965 | 04286 | 09648 | 09616

13 09458 0.0173 8 0.1818 118 0.9903 04211 0.9688 | 09599

14 0.9469 0.0138 6 0.1364 1120 09920 | 04000 | 09672 | 09599

15 0.9459 0.0103 3 0.0682 123 09947 | 03333 | 09648 | 09599

16 0.9450 0.0147 7 0.1591 i19 0.9911 04118 | 09680 | 09599

17 09419 0.0130 2 0.0455 1120 09920 | 01818 | 09639 | 09565

18 0.9446 0.0117 3 0.0682 1120 09920 | 02500 | 09647 | 09573

19 0.9488 0.0125 7 0.1591 1123 09947 | 05385 | 09631 0.9633

20 0.9476 0.0094 4 0.0909 1124 09956 | 04443 | 09656 | 09616

21 0.9421 0.0116 1 0.0227 121 09929 | o111l 0.9631 0.9565

22 0.9462 0.0128 6 0.1364 1122 09938 | 04615 | 09672 | 09616

23 0.9425 0.0099 1 0.0227 121 0.9929 01111 0.9631 0.9565

24 0.9458 0.0124 5 0.1136 1120 09920 | 03571 0.9664 | 09591

25 0.9450 0.0117 3 0.0682 121 0.9929 02727 | 09647 | 09582

26 0.9495 0.0147 9 0.2045 121 0.9929 0.5294 | 09697 | 09633

27 0.9409 0.0174 n 0.0909 1114 09867 | 02105 | 09653 | 09531

28 0.9425 0.0130 3 0.0682 119 0.9911 02308 | 09647 | 09565

29 0.9480 0.0117 5 0.1136 1124 09956 | 05000 | 09665 | 09625

30 0.9466 00123 5 0.1136 1123 0.9947 04545 | 09664 | 09616

mean 00453 | 00119 | 39358 0.0894 | 11211613 | 0.9931 03315 | 09655 | 09592

stddev | 00023 | 00023 | 19990 00454 | 26039 | 00023 | o0.314 | 00017 | 00027
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Table G.7: Performance on different test sets for an ANN without weight-elimination trained on an
artificial dataset with a 20 percent mortality rate and tested on the true mortality distribution
(tr20/teorig)

Testset fAreaunder| Mean Sensitivity | Sensitivity | Specificity Specificity PPV PNV CCR

number | the ROC | predicted (44) 1129) .
curve mortality

original set | 0.8833 0.0936 1 0.2500 1051 0.9309 0.1236 0.9696 0.9054

1 0.8940 0.0828 10 0.2273 1065 0.9433 0.1351 0.9691 0.9165

2 0.8969 0.0874 17 0.3864 1063 0.9415 0.2048 0.9752 0.9207

3 0.8856 0.0980 15 0.3409 1045 0.9256 0.1515 0.9730 0.9037

4 0.8839 0.0857 6 0.1364 1057 0.9362 0.0769 0.9653 0.9062

5 0.8713 0.1038 10 0.2273 1041 0.9221 0.1020 0.9684 0.8960

6 0.8921 0.0871 12 0.2727 1061 0.9398 0.1500 0.9707 0.9147

7 0.8751 0.0947 ] 0.1591 1043 0.9238 0.0753 0.9657 0.8951

8 0.8887 0.0938 14 0.3182 1057 0.9362 0.1628 0.9724 0.9130

9 0.8852 0.0902 10 0.2273 1055 0.9345 0.1190 0.9688 0.9079

10 0.8902 0.0890 12 0.2727 1058 0.9371 0.1446 0.9706 0.9122

11 0.8880 0.0899 12 0.2727 1055 0.9345 0.1395 0.9706 0.9096

12 0.8847 0.0945 13 0.2955 1047 0.9274 0.1368 0.9712 0.9037

13 0.8874 0.0887 9 0.2045 1060 0.9389 0.1154 0.9680 0.9113

14 0.8868 0.0913 12 0.2727 1045 0.9256 0.1250 0.9703 0.9011

15 0.8766 0.0859 2 0.0455 1051 0.9309 0.0250 0.9616 0.8977

16 0.8770 0.1012 1 0.2500 1042 0.9229 0.1122 0.9693 0.8977

17 0.8803 0.0925 8 0.1818 1055 0.9345 0.0976 0.9670 0.9062

18 0.8817 0.0922 9 0.2045 1047 0.9274 0.0989 0.9677 0.9003

19 0.8975 0.0807 1 0.2500 1065 0.9433 0.1467 0.9699 0.9173

20 0.8879 0.0903 1 0.2500 1054 0.9336 0.1279 0.9696 0.9079

21 0.8757 0.1041 12 0.2727 1043 0.9238 0.1224 0.9702 0.8994

2 0.8774 0.1023 13 0.2955 1047 0.9274 0.1368 0.9712 0.9037

23 0.8896 0.0758 4 0.0909 1067 0.9451 0.0606 0.9639 0.9130

24 0.8831 0.1018 15 0.3409 1043 0.9238 0.1485 0.9729 0.9020

25 0.8899 0.0937 14 0.3182 1052 0.9318 0.1538 0.9723 0.9088

26 0.8708 0.1026 9 0.2045 1041 0.9221 0.0928 0.9675 0.8951

27 0.8912 0.0943 17 0.3864 1059 0.9380 0.1954 0.9751 0.9173

23 0.8813 0.0916 3 0.1818 1051 0.9309 0.0930 0.9669 0.9028

29 0.8762 0.0922 5 0.1136 1053 0.9327 0.0617 0.9643 0.9020

30 0.8868 0.0871 9 0.2045 1054 0.9336 0.1071 0.9679 0.9062

mean 0.8844 0.0922 | 10.5806 02405 ]1052.4839 | 0.9322 0.1207 | 09602 0.9063

std dev 0.0069 0.0067 34713 0.0789 7.5215 0.0067 0.0376 0.0031 0.0069
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Table G.8: Performance on different test sets for an ANN without weight-elimination trained on an artificial
dataset with a 10 percent mortality rate and tested on an artificial test set with a 20 percent

mortality rate (tr10/te20)

Testset |Areaunder| Mean Sensitivity | Sensitivity | Specificity | Specificity PPV PNV CCR

number the ROC | predicted 226) /947)

curve mortality

0 0.7816 0.1096 38 0.1681 919 0.9704 0.5758 0.8302 0.8159
1 0.7836 0.1192 47 0.2080 911 0.9620 0.5663 0.8358 0.8167
2 0.7846 0.1174 45 0.1991 909 0.9599 0.5422 0.8339 0.8133
3 0.7807 0.1173 45 0.1991 908 0.9588 0.5357 0.8338 0.8124
4 0.7907 0.1180 52 0.2301 915 0.9662 0.6190 0.8402 0.8244
5 0.7824 0.1191 47 0.2080 905 0.9556 0.5281 0.8349 0.8116
6 0.7799 0.1098 40 0.1770 917 0.9683 0.5714 0.8314 0.8159
7 0.7854 0.1121 45 0.1991 906 0.9567 0.5233 0.8335 0.8107
8 0.7805 0.1124 43 0.1903 904 0.9546 0.5000 0.8316 0.8073
9 0.7834 0.1148 43 0.1903 905 0.9556 0.5059 0.8318 0.8082
10 0.7807 0.1079 36 0.1593 911 0.9620 0.5000 0.8274 0.8073
11 0.7864 0.1091 41 0.1814 915 0.9662 0.5616 0.8318 0.8150
12 0.7789 0.1133 40 0.1770 909 0.9599 0.5128 0.8301 0.8090
13 0.7830 0.1176 44 0.1947 906 0.9567 0.5176 0.8327 0.8099
14 0.7782 0.1175 42 0.1858 908 0.9588 0.5185 0.8315 0.8099
15 0.7892 0.1182 51 0.2257 913 0.9641 0.6000 0.8392 0.8218
16 0.7783 0.1153 39 0.1726 908 0.9588 0.5000 0.8292 0.8073
17 0.7797 0.1267 46 0.2035 905 0.9556 0.5227 0.8341 0.8107
18 0.7818 0.1116 39 0.1726 915 0.9662 0.5493 0.8303 0.8133
19 0.7728 0.1091 31 0.1372 911 0.9620 0.4627 0.8237 0.8031
20 0.7729 0.1080 32 0.1416 908 0.9588 0.4507 0.8240 0.8014
21 0.7783 0.1135 40 0.1770 914 0.9652 0.5479 0.8309 0.8133
i 0.7830 0.1175 12 0.1858 913 0.9641 0.5526 0.8323 0.8142
23 0.7778 0.1158 40 0.1770 908 0.9588 0.5063 0.8300 0.8082
k2] 0.7793 0.1127 39 0.1726 917 0.9683 0.5652 0.8306 0.8150
25 0.7797 0.1128 35 0.1549 916 0.9673 0.5303 0.8275 0.8107
2% 0.7884 0.1144 49 0.2168 916 0.9673 0.6125 0.8381 0.8227
27 0.7834 0.1078 39 0.1726 918 0.9694 0.573§ 0.8308 0.8159
28 0.7817 0.1067 37 0.1637 920 0.9715 0.5781 0.8296 0.8159
29 0.7830 0.1157 46 0.2035 910 0.9609 0.5542 0.8349 0.8150
30 0.7803 0.1079 35 0.1549 909 0.9599 0.4795 0.8264 0.8048
[ mean | 0.7816 | 0.1138 415484 | 01838 | 911.2581 | 0.9623 05375 [ 0.8317 0.8123
std dev 0.0039 0.0045 5.0407 0.0223 4.5576 0.0048 0.0399 0.0038 0.0052
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Table G.9: Performance on different test sets for an ANN without weight-elimination trained on an artificial
dataset with a 20 percent mortality rate and tested on an artificial test set with a 20 percent

mortality rate (tr20/te20)

Testset [Areaunder| Mean |Sensitivity | Sensitivity | Specificity | Specificity PPV PNV CCR

number | the ROC | predicted (/226) (/947)

curve mortality
original set | 0.7410 0.2195 94 0.4159 809 0.8543 0.4052 0.8597 0.7698
1 0.7403 0.2220 104 0.4602 806 0.8511 0.4245 0.8685 0.7758
2 0.7381 0.2246 105 0.4646 809 0.8543 04321 0.8699 0.7792
3 0.7341 0.2264 96 0.4248 813 0.8585 04174 0.8621 0.7749
4 0.7362 0.2214 92 0.4071 807 0.8522 0.3966 0.8576 0.7664
5 0.7394 0.2249 97 0.4292 808 0.8532 0.4110 0.8623 0.7715
6 0.7362 0.2117 83 0.3673 816 0.8617 0.3879 0.8509 0.7664
7 0.7350 0.2171 92 0.4071 823 0.8691 0.4259 0.8600 0.7801
8 0.7359 0.2238 95 0.4204 801 0.8458 0.3942 0.8594 0.7639
9 0.7452 0.2200 99 0.4381 805 0.8501 0.4108 0.8637 0.7707
10 0.7482 0.2146 100 0.4425 822 0.8680 0.4444 0.8671 0.7860
11 0.7484 0.2167 99 0.4381 824 0.8701 0.4459 0.8665 0.7869
12 0.7369 0.2251 96 0.4248 804 0.8490 0.4017 0.8608 0.7673
13 0.7323 0.2210 93 04115 808 0.8532 0.4009 0.8587 0.7681
14 0.7299 0.2289 93 04115 788 0.8321 0.3690 0.8556 0.7511
15 0.7455 0.2280 106 0.4690 815 0.8606 0.4454 0.8717 0.7852
16 0.7399 0.2287 104 0.4602 810 0.8553 0.4315 0.8691 0.7792
17 0.7363 0.2295 102 0.4513 796 0.8405 0.4032 0.8652 0.7656
18 0.7380 0.2215 101 0.4469 820 0.8659 0.4430 0.8677 0.7852
19 0.7333 0.2277 97 0.4292 791 0.8353 0.3834 0.8598 0.7570
20 0.7399 0.2206 86 0.3805 812 0.8574 0.3891 0.8529 0.7656
21 0.7341 0.2282 96 0.4248 80l 0.8458 0.3967 0.8604 0.7647
22 0.7444 0.2151 95 0.4204 806 0.8511 0.4025 0.8602 0.7681
23 0.7337 0.2304 93 0.4115 8sl 0.8986 0.4921 0.8648 0.8048
24 0.7476 0.2120 92 0.4071 822 0.8680 0.4240 0.8598 0.7792
25 0.7379 0.2225 100 0.4425 808 0.8532 0.4184 0.8651 0.7741
26 0.7399 0.2244 93 04115 812 0.8574 0.4079 0.8593 0.7715
27 0.7390 0.2148 87 0.3850 819 0.8648 0.4047 0.8549 0.7724
28 0.7404 0.2188 97 0.4292 800 0.8448 0.3975 0.8611 0.7647
29 0.7312 0.2252 89 0.3938 802 0.8469 0.3803 0.8541 0.7596
30 0.7307 0.2200 88 0.3894 84 0.8596 0.3982 0.8550 0.7690
mean 07384 | 02221 | 95.6129 | 0.4231 [ 8103871 | 0.8557 0.4124 0.8613 0.7724 |

std dev 0.0050 0.0052 5.5977 0.0248 11.4826 0.0121 0.0244 0.0052 0.0103
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Table G.10: Performance on different test sets for an ANN without weight-elimination trained on artificial
30 percent mortality rate and tested on artificial test set with & 20 percent mortality rate (tr30/te20)

Testset |Areaunder| Mean |Sensitivity | Sensitivity | Specificity Specificity PPV PNV CCR .
number | the ROC | predicted (/226) (/947)
curve mortality

original set | 0.7621 0.2220 125 0.5531 784 0.8279 0.4340 0.8859 0.7749
1 0.7713 0.2276 138 0.6106 785 0.8289 0.4600 0.8992 0.7869
2 0.7723 0.2239 130 0.5752 783 0.8268 0.4422 0.8908 0.7783
3 0.7703 0.2320 143 0.6327 783 0.8268 0.4658 0.9042 0.7894
4 0.7704 0.2249 139 0.6150 795 0.8395 0.4777 0.9014 0.7962
5 0.7638 0.2304 133 0.5885 172 0.8152 0.4318 0.8925 0.7715
6 0.7667 0.2161 127 0.5619 789 0.8332 0.4456 0.8885 0.7809
7 0.7640 0.2240 123 0.5442 786 0.8300 0.4331 0.8841 0.7749
8 0.7662 0.2429 147 0.6504 764 0.8068 0.4455 0.9063 0.7766
9 0.7743 0.2295 141 0.6239 789 0.8332 0.4716 0.9027 0.7928
10 0.7743 0.2072 123 0.5442 801 0.8458 0.4572 0.8861 0.7877
1 0.7794 0.2189 141 0.6239 797 0.8416 0.4845 0.9036 0.7997
12 0.7651 0.2226 127 0.5619 784 0.8279 0.4379 0.8879 0.7766
13 0.7599 0.2333 135 0.5973 778 0.8215 0.4441 0.8953 0.7783
14 0.7632 0.2323 134 0.5929 780 0.8237 0.4452 0.8945 0.7792
15 0.7763 0.2283 140 0.6195 793 0.8374 0.4762 0.9022 0.7954
16 0.7677 0.2445 149 0.6593 768 0.8110 0.4543 0.9089 0.7818
17 0.7653 0.2314 130 0.5752 772 0.8152 0.4262 0.8894 0.7650
18 0.7727 0.2283 136 0.6018 788 0.8321 0.4610 0.8975 0.7877
19 0.7736 0.2218 134 0.5929 793 0.8374 0.4653 0.8960 0.7903
20 0.7625 0.2189 124 0.5487 783 0.8268 0.4306 0.8847 0.7732
21 0.7582 0.2296 127 0.5619 773 0.8163 0.4219 0.8865 0.7673
2 0.7612 0.2209 117 0.5177 764 0.8068 0.3900 0.8751 0.7511
23 0.7643 0.2261 131 0.5796 779 0.8226 0.4381 0.8913 0.7758
24 0.7794 0.2173 141 0.6239 789 0.8332 0.4716 0.9027 0.7928
25 0.7697 0.2342 140 0.6195 781 0.8247 0.4575 0.9008 0.7852
26 0.7778 0.2250 141 0.6239 796 0.8405 0.4829 0.9035 0.7988
27 0.7712 0.2188 130 0.5752 798 0.8427 0.4659 0.8926 0.7911
28 0.7660 0.2271 135 0.5973 779 0.8226 0.4455 0.8954 0.7792
29 0.7750 0.2200 138 0.6106 792 0.8363 0.4710 0.9000 0.7928
30 0.7663 0.2209 133 0.5885 788 0.8321 0.4555 0.8944 0.7852
mean 0.7687 02258 1339355 | 0.5926 7840645 | 0.8279 | 04513 | 0.8950 0.7826
std dev 0.0057 0.0075 7.4571 0.0330 9.5648 0.0101 0.0203 0.0078 0.0105
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Appendix H: Variable Weights Following Weight-Elimination Approach

Training set: true mortality rate (trorig)
Test set: true mortality rate (teorig)
confu =
2171 61
0 22
confut =
110 39
19 5
float = 0
layers= 2
hl = 9
wtfact = 1

Final learning rate value

Ir= 0.0109
Ir_inc = 1.0030
Ir_dec = |
Final weight decay constant
lambda = 3.0000e-004
wnot = 0.1500
momentum = 0.7500
erT_ratio = 1.0200
sens = 0.1136
spec = 0.9832
PPV = 0.2083
PNV = 0.9661
CCR = 0.9506
Training Set Apriori Probabilities
trprob =

96.3177

3.6823
Test Set Apriori Probabilities
teprob =

96.2489

3.7511
MDC Training Set Classification Rate
bayes_train = 96.2733
MDC Test Set Classification Rate
bayes_test = 95.8227
Wi=

Columns 1 through 7

0.0000 0.0331 -0.0116 0.0044 0.5575 -0.0041 -0.8898
-0.0046 -0.0139 0.0138 0.0006 -0.6390 -0.0163 0.9449
0.0100 -0.0290 0.0195 -1.3403 -0.0308 0.8329 0.0107
0.4068 0.0138 -0.6760 0.0053 -0.9873 1.2799 0.0011
0.0405 04096 -0.4863 -0.0085 1.2485 0.1473 -0.0123
-0.0005 0.7423 -0.0006 -0.4738 -0.0015 -0.8471 -0.0005
-1.1421 1.2276 -0.3459 -0.0138 0.8034 -0.0016 -0.291i
0.0004 -0.8295 0.0007 0.0004 0.0009 -0.6739 0.0010
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0.0169 -1.2202 -0.4069 -0.0113 -0.0463 -0.7214 0.5457
Columns 8 through 14

-0.0254 0.8054 -0.2355 0.9866 -0.0360 -0.0068 1.2683
0.0278 0.8151 -0.0007 0.4976 0.0111 -0.4984 -0.1256
0.0323 0.0020 0.6564 0.0157 0.7910 -0.0026 -0.9434
1.4684 0.0038 0.6880 0.0121 -0.0113 0.3898 0.0037
-0.0049 -0.0112 -0.0054 1.0414 1.5506 -0.0180 -0.0115
0.0001 -0.0005 -0.0003 -0.0003 0.0008 -0.0006 -0.0015
1.1808 0.3533 0.6919 -0.5853 0.0669 -0.8443 -1.1063
-0.6563 0.0004 0.0003 -0.0008 -0.0001 0.0006 0.0008
-0.6757 -0.7752 0.0017 -0.0109 0.0328 -0.0082 -0.0159
Columns 15 through 21

0.0066 0.0330 1.0005 -0.0037 0.0247 0.0246 -0.0451
0.0019 -0.0034 0.8446 -0.0025 0.9363 0.0023 09134
-0.0036 -1.3999 -0.0042 -1.0675 -0.0200 -0.0458 0.4159
0.0855 0.0023 0.0100 -0.0003 -0.0027 0.6919 0.5595
-0.0063 -0.0018 0.0114 -0.5524 0.3073 0.0116 0.6594
-0.0004 -0.0004 0.0003 0.0005 0.5254 -0.0004 -0.0010
-0.0054 -0.6035 0.0745 0.0110 0.7974 0.0132 0.0216
0.0004 -0.0008 0.9586 -0.9079 0.9212 -0.8416 0.6864
-0.0039 0.0139 1.1872 1.2127 0.0341 0.0784 -0.3413
Columns 22 through 28

-0.0253 -0.8321 0.7231 -0.6542 0.6431 -0.0346 0.0697
0.0100 0.0285 0.0073 -0.4624 0.0018 0.0011 0.9462
0.7718 0.5404 1.0304 -0.0036 0.5482 0.6972 1.0644
0.0393 1.1123 -0.0109 0.0034 0.0031 0.0642 0.8490
0.0016 -0.0226 1.2659 0.6332 -0.0062 0.0232 -0.2692
-0.0004 -0.0002 0.0003 -0.0004 -0.0004 0.9893 -0.0004
-0.0148 0.0148 0.0137 -0.0174 -0.0043 0.0294 0.0083
0.0007 0.0011 0.0007 0.3090 0.0004 0.0005 0.8055
1.2196 -0.6496 -0.8990 -0.8155 -0.7004 0.4487 1.2392
Columns 29 through 32

-0.6269 0.7633 -0.4386 0.0025

0.0086 -0.0164 -0.0033 0.0086

-0.6608 0.0293 0.0014 0.0287

0.4719 0.0073 0.0008 -0.0202

0.9227 -0.8919 -0.0018 -0.0159

-0.0003 -0.0007 -0.0004 -0.6610

0.7421 0.0043 -0.6922 -0.0350

-0.8297 -0.0005 -0.9078 0.0007

0.9885 -0.0269 0.0067 -0.0395
Bl =

-0.0066

-0.0019

1.0183

-0.0031

0.5186

0.0004

0.3688

-0.0004

0.0039

wW2=
Columns 1 through 7
1.3803 -1.2948 -2.1872 2.6148 1.2025 0.0422 2.5109
Columns 8 through 9
-0.0261 3.0791
B2=
-2.4009
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Training set: 20 percent mortality rate (tr20)

Test set: true mortality rate (teorig)
confu =

1769 90

34 361
confut =

1057 25

72 19
float = 0
layers = 2
hl = 7
wtfact = 1
Final learning rate value
Ir= 0.0023
Ir_inc = 1.0030
Ir_dec = 1

Final weight decay constant

lambda = 1.0000e-004
wnot = 0.1000
momentum = 0.8800
err_ratio = 1.0200
sens = 0.4318
spec = 0.9362
PPV = 0.2088
PNV = 0.9769
CCR = 09173
Training Set Apriori Probabilities
trprob =
79.9911
20.0089
Test Set Apriori Probabilities
teprob =
96.2489
3.7511
MDC Training Set Classification Rate
bayes_train = 83.6735
MDC Test Set Classification Rate
bayes_test = 93.0094
Wl=

Columns 1 through 7

-0.5123 -0.0109 0.4312 -0.9086 0.6742 0.9535 0.9982
-0.0131 0.0187 0.3668 -0.6644 -0.5851 0.9627 0.0160
0.5106 -0.0756 -1.9356 0.8756 0.1065 0.0355 0.0166
0.3136 -1.0002 -1.6697 -1.1612 -0.3958 0.4709 0.0351
0.8352 -0.0079 -0.0340 -0.0217 -0.3620 -0.0370 -0.0188
-0.0381 1.9433 -0.5138 -0.4894 -0.0068 0.5610 0.82!8
-0.7841 0.7448 0.0069 -0.5638 0.0037 -0.0020 0.4548
Columns 8 through 14

1.0466 -0.0012 0.0011 -0.5833 0.0327 0.8237 0.9295
-1.3224 0.0233 0.0172 0.0106 1.5897 0.5382 0.0028
0.5126 0.6126 0.3063 0.7385 -1.1339 0.5960 0.0003
-1.1305 04981 1.2108 0.5508 -0.8105 0.8134 0.7040
-0.7093 -0.6497 0.6873 0.0359 -0.5340 -0.0196 0.0040
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-0.6973
0.6968
Columns
0.0011
0.0166
0.0041
1.1214
-0.0049
-0.0175
0.0043
Columns
-0.0010
-0.3373
-1.2082
0.2141
1.1968
1.8349
-0.6978
Columns
0.7000
1.3965
-0.5035
-1.1701
0.4748
0.9485
-0.6464
Bl=
-0.7073
0.6234
-0.6141
0.1464
0.0052
0.0070
0.4243

W2=
1.5324
B2=
-0.0120

0.7978 -1.3194
0.5269 0.9401
15 through 21

0.0127 0.3223
0.0337 0.0250
1.5982 -1.1928
0.1727 -0.2827
-1.0252 -0.0890
-1.0842 1.0201
0.7903 -0.5804
22 through 28

-0.3520 0.6190
-1.6025 -0.3266
0.3437 -0.2327
-0.3692 0.1284
-0.6404 -0.0115
0.8239 0.7615
-1.0231 0.6679
29 through 32

0.0128 -0.0011
-0.0225 0.3957
-0.7558 0.0702
-0.3988 -0.0015
0.2959 -1.2048
-0.3012 0.0416
0.7160 -0.7527

1.5313 2.2748

0.8303
-0.7650

-0.3740
0.5622
0.0387
-0.0628
-0.7059
-0.3235
-0.4381

0.5452
1.1195
-0.0120
-0.2497
0.1278
-2.0441
1.0401

-0.8519
0.6999
0.2405

1.4733

-0.3371
1.3551
0.5705

-3.2346

-0.2703
0.7458

0.2541
-0.3999
0.0018
-0.5084
0.7785
1.1881
0.0043

0.0011
0.0267
0.0035
0.0374
-0.1662
-0.0034
0.9689

0.0030
0.7588

-0.0009
-0.0457
-0.0888

0.1483
-1.1607
-0.1024
-0.0131

0.8487
-0.0374
1.1415
-0.1992
1.2877
0.6969
-0.6903

-0.8496
0.0031

0.0107
-1.2272
-0.0108
-0.2881

0.6231

0.8013

0.0079

-0.4738
0.0426
0.5988

-0.5081

-0.0256

-0.5606

-0.0005

-1.1603 2.6706 0.1416
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Training set: 10 percent mortality rate (tr10)

Test set: 20 percent mortality rate (te20)
confu =
2009 122
20 103
confut =
922 188
25 38
float = 0
layers = 2
hl = 7
witfact = 1.4000
Final learning rate value
Ir= 1.0000e-003
Ir_inc = 1
Ir_dec= 1
Final weight decay constant
lambda = 4.0000e-004
wnot = 0.1000
momentum = 0.1000
err_ratio = 1.0200
sens = 0.1681
spec = 0.9736
PPV = 0.6032
PNV = 0.8306
CCR = 0.8184
Training Set Apriori Probabilities
trprob =
90.0177
9.9823
Test Set Apriori Probabilities
teprob =
80.7332
19.2668
MDC Training Set Classification Rate
bayes_train = 89.9290
MDC Test Set Classification Rate
bayes_test = 83.2055
Wl=

Columns 1 through 7

-0.6498 -0.3032 0.4604 -0.7809 0.6179 0.8549 0.7484
-C.4584 04815 0.6664 -0.6269 -0.7759 0.5174 0.3071
-0.3425 -0.0276 -0.8710 -0.0028 -0.7505 -0.4421 0.1348
0.4963 -0.5634 -0.7038 -1.2850 -0.6132 0.0506 0.3841
0.6468 -0.0411 -0.0208 -0.0031 -0.5860 -0.5997 0.1416
0.7509 0.6175 -0.6530 -0.4117 -0.1348 -0.0382 0.6834
-0.7478 0.5861 0.0217 -0.6365 0.0773 0.1887 0.3764
Columns 8 through' 14

1.0797 -0.2668 0.1510 -0.6353 -0.0135 0.8610 0.9859
-1.0255 0.0264 -0.2859 0.0268 0.6296 0.4488 -0.0046
-0.8332 -0.0478 0.3095 09736 -0.4943 0.7431 -0.2217
-0.6971 -0.0364 0.6587 0.7775 -0.8225 0.2816 0.7019
-0.3359 -0.5858 0.7599 -0.0382 -1.0743 0.0044 0.0120
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-0.4219 0.1656
0.4916 0.6296

-0.7287
1.0553

Columns 15 through 21

0.2091 -0.2069

0.1671

-0.2016 -0.1297 0.2813

0.1805 0.6077
0.6257 0.0571
-0.0011 -0.9018
0.6954 -0.2063
0.0071 0.5427

-0.3792
-0.4341
-0.0337

0.4903
-0.3403

Columns 22 through 28

-0.0124 -0.6427
-0.3787 -0.9348
-0.2280 0.8516
0.5738 -0.5547
0.8849 -0.4703
1.2752 0.0879
-0.7511 -1.2271

0.6263
0.1888
0.5868
0.5872
-0.3266
0.7870
0.6113

Columns 29 through 32

0.4851 0.0496
0.8943 -0.0084
-0.7571 -0.2558
-0.0402 -0.3526
0.8056 0.9054
0.2658 0.3746
-0.9367 0.5274
Bl=

-0.6868

0.7387
-0.5613

0.7612
-0.2659
-0.1185

0.3461

W2=

0.9065 0.3707
B2=

-0.5649

0.2316
0.8949
0.6461
-0.0160
-0.7128
-0.6959
-0.9997

-0.5194

0.5937
-0.6329

-0.3197
0.1582
-0.2809
0.0702
-0.5074
0.2397
-0.4009

0.6665
0.7616
-0.1650
-0.1249
0.0118
-0.8136
1.1015

-0.7551
0.0996
-0.0403

0.7603

-0.3779
0.8348
0.6051

-0.9476

-0.3033
0.7869

0.4202
-0.5175
0.0058
0.7403

0.5567
0.3626
-0.0076

-0.0179
-0.0123

0.0006
-0.8620
-0.5624
-0.0352

0.8351

-0.6071

-0.3407
0.7696

0.0362
0.0103
-0.0057
0.0066

-0.8499
0.0884

0.7530

0.8456
0.5428
1.1895
-0.3977
0.6603
0.7864
-0.6390

0.9259

-0.6592
-0.1017

-0.1781
-0.8254
0.0578
0.127t
0.7660
0.7295
-0.3271

0.0146
0.2817
0.6524
-0.1684
0.5305
-0.2551
-0.0137

-0.5800
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Training set: 20 percent mortality rate (tr20)

Test set: 20 percent mortality rate (te20)
confu =
1525 173
278 278
confut =
795 109
152 117
float = 0
layers = 2
hl = 2
wtfact = 1.2000

Final learning rate value

Ir= 0.0013
Ir_inc = 1.0030
Ir_dec = 1

Final weight decay constant

lambda = 3.0000e-004
wnot = 0.1000
momentum = 0.5000
err_ratio = 1.0200
sens = 0.5177
spec = 0.8395
PPV = 0.4349
PNV = 0.8794
CCR = 0.7775
Training Set Apriori Probabilities
trprob =
79.9911
20.0089
Test Set Apriori Probabilities
leprob =
80.7332
19.2668
MDC Training Set Classification Rate
bayes_train = 83.6735
MDC Test Set Classification Rate
bayes_test = 83.3760
Wil=
Columns 1 through 7

-0.1662 -2.1414 -0.0920 0.0392 0.3195 -0.0380 -0.6661
0.0001 -0.0225 04616 -0.3244 0.3458 -0.0264 0.8924
Columns 8 through 14

-0.7782 -0.5474 0.1077 0.1253 -0.6043 -0.1089 0.0434
0.2195 -0.9441 -0.4033 -1.0239 -0.0523 0.0255 -0.3109
Columns 15 through 21

1.2863 -0.4660 -0.7300 -0.4354 0.6547 0.0443 -0.2784
-0.7827 0.1152 -0.8675 0.8521 -1.0054 -1.1739 -0.2341
Columns 22 through 28

0.0581 -0.1060 -0.2979 0.8219 -0.4107 -0.7110 -0.2758
0.0457 0.5596 0.8392 0.8297 -0.2232 -0.1672 0.4449
Columns 29 through 32

-0.9812 -0.0443 -0.2595 -0.1551
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0.0183 0.0270 -0.1776 0.1356
Bl=

-0.8744

0.0009

w2=

-1.1662 -0.5872
B2=

-0.4858
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Training set: 30 percent mortality rate (tr30)

Test set: 20 percent mortality rate (te20)
confu =

1358 115

220 561
confut =

757 92

190 134
float = 0
layers = 2
hl= 2
wtfact = 1

Final learning rate value

Ir= 4.6214e-004
Ir_inc= 1.0030
Ir_dec = 1
Final weight decay constant
lambda = 3.0000e-004
wnot = 0.1000
momentum = 0.3500
err_ratio = 1.0200
sens = 0.5929
spec = 0.7994
PPV = 0.4136
PNV = 0.8916
CCR = 0.7596
Training Set Apriori Prubabilities
trprob =
70.0089
29.9911
Test Set Apriori Probabilities
teprob =
80.7332
19.2668
MDC Training Set Classification Rate
bayes_train = 80.8784
MDC Test Set Classification Rate
bayes_test = 79.0281
Wl=
Columns 1 through 7

0.0244 -1.2732 0.4412 -0.2932 -0.6960 -0.4263 0.0130
-0.2657 1.3366 0.5147 -0.0259 -0.0171 0.0137 09812
Columns 8 through 14

0.9358 -0.8048 -0.0148 0.0149 -0.9365 -0.3327 -0.1491
1.3227 0.1803 0.0258 -0.1197 -0.0256 0.2611 -0.2535
Columns 15 through 21

1.0994 0.0340 -0.7008 -0.0678 0.4279 -0.6037 0.0442
-1.0557 0.1925 -0.2477 0.2230 -0.7460 -0.3814 0.5106
Columns 22 through 28

0.5767 -0.1935 0.7550 1.2471 -0.9650 0.1675 -0.1089
0.2717 0.0061 0.4542 -0.0552 0.1598 0.5195 0.1555
Columns 29 through 32

-1.6724 -0.2450 -0.5040 0.3905

0.7552 -0.0511 -0.0397 0.3366
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Bi=
-0.4850
0.0177

W2= -1.3524 1.5360
B2= 0.3620
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