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ABSTRACT 
 
 
 
 
This thesis investigates the application of Multi-layer Perceptron (MLP) type Neural Networks to clinical 
decision-making problems in psychiatry. Only a small number of studies have previously investigated their 
use in psychiatry. More widely though, in the past decade there has been an increasing interest and several 
hundred investigations of the application of MLPs to clinical decision-making problems, involving 
diagnosis and prediction, in medicine. Despite this body of research, it is still difficult to reach any 
conclusions about the potential role of MLPs for clinical decision-making. The studies are highly 
disjointed, they target specific clinical decision making problems, they generally have not built upon 
previous studies, there is little or no consideration of either Neural Network Theory or of Statistical Theory 
and many have methodological problems.  
 
The investigation is conducted in four parts: 
 
Part 1 is a review of clinical decision-making and an exposition of Neural Network Theory and Statistical 
Theory, which examines the characteristics of MLPs relevant to the types of clinical decision-making 
problems found in psychiatry. We extend an earlier empirical review [Sargent 2001], which compared the 
performance of MLPs with Logistic Regression as classifiers of clinical datasets, and also consider the use 
of MLPs and Logistic Regression in the context of the theory of the bias-variance trade off. We find that 
there is qualified empirical and theoretical support for the application of MLP type neural networks to 
clinical decision making problems 
 
Part II is an exposition of methodological issues involved in comparing and evaluating classifiers in the 
context of clinical decision making. It concludes with a description of the methodology to be used for the 
investigation of the application of MLPs to individual clinical decision-making problems. 
 
Part III describes three studies in which MLPs are applied to specific psychiatric clinical decision-making 
problems and compared to the more commonly used Logistic Regression technique. The three clinical 
problems investigated are: 
 
a) Diagnosis of Melancholia amongst patients with Depression  
b) Prediction of response to treatment with stimulant medication in children with Attention Deficit 

Hyperactivity Disorder (ADHD) 
c) Diagnosis of Autistic Disorder 
 
Part IV, is a synthesis of the previous 3 parts. It is concluded, on theoretical and empirical grounds, that 
MLPs do have potential applications to some clinical decision-making problems in psychiatry and that a 
proper evaluation of MLPs, especially in relation to comparison with other classification techniques, needs 
to take account the effects of tradeoffs between bias and variance related to each model’s complexity. 
Some possible directions for future research are discussed and we outline plans for the continued 
development of an Autistic Disorder classifier based upon an MLP neural network developed in Chapter 7 
 
 



 ii

 

Certificate of Originality 
 
I hereby declare that submission is my own work and to the best of my knowledge it 
contains no materials previously published or written by another person, nor material 
which to a substantial extent has been accepted for the award of any other degree or 
diploma at UNSW or any other educational institution, except where due 
acknowledgement is made in this thesis. Any contribution made to the research by others, 
with whom I have worked at UNSW or elsewhere is explicitly acknowledged in this the 
thesis. 
 
I also declare that the intellectual content of this thesis is the product of my own work, 
except to the extent that assistance from others in the projects design and conception or in 
style, presentation and linguistic expression is acknowledged. 
 
 
 
 

(Signed)………………………………………… 

 



 iii

Acknowledgements 

In looking back upon the project it became clearly evident to me that great many people 

provided me with valuable assistance and support, without which the project would not 

have been possible. The assistance of the following is gratefully acknowledged: 

 

Associate Professor Stewart Einfeld, Head Department of Child & Adolescent 

Psychiatry, School of Psychiatry, University of NSW, my supervisor, for initially 

encouraging me to consider PhD Studies, for providing an example in his own research, 

for assistance with obtaining a National Health & Medical Research Council 

(NH&MRC) Developmental Disability Fellowship for 2 years to support my studies, for 

direct support by way of providing part of the data for the “Autism Diagnosis” study, for 

his prompting to stay on task and for his patient and drawn out supervision of the project. 

 

Professor Wayne Hall, Director of the Australian Drug & Alcohol Research Centre, for 

co-supervision by way of methodological, statistical and practical advice. 

 

Professor Bruce Tonge, Head of Developmental Psychiatry, Monash University, for 

encouragement, for assistance with obtaining a National Health & Medical Research 

Council (NH&MRC) Developmental Disability Fellowship, for access to his expert 

knowledge on Autism, for practical advice, and for enthusiastic support by way of 

providing data for part of the “Autism Diagnosis” study.  

 



 iv

Dr Avril Bereton, Director of the Monash Autism Clinic for support by way of providing 

data for part of the “Autism Diagnosis” study. 

 

Kylie Gray and Russell Nunn, Research Psychologists, Developmental Psychiatry, 

Monash University for many hours of work in locating, checking and organising data for 

the “Autism Diagnosis” study. 

 

Associate Professor Florence Levy, Department of Child & Adolescent Psychiatry, 

University of NSW, for enthusiastic support, for access to her expertise on Attention 

Deficit Hyperactivity Disorder, for many hours of collaboration, for allowing me to 

extract data from her clinical records in relation to the study of “Prediction of Response 

to Treatment with Stimulant Medication of Children with ADHD”.  

 

Professor Gordon Parker, Head Department of Psychiatry, University of NSW, for his 

encouragement, for access to his expertise on Mood Disorders, for his support by way of 

providing all of the data used for the “Diagnosis of Melancholia” study.     

 

Dusan Hadzi-Pavlovic, Research Psychologist at the Mood Disorders Unit, School of 

Psychiatry, University of NSW, for statistical advice and for organising and porting the 

dataset used for the “Diagnosis of Melancholia” study.     

 

Dr Jacqueline Small, Elizabeth Connellan, Monica Crnkovic, Kerry Baker, Dr Natalie 

Silove and others who worked with me at the Grosvenor Diagnosis & Assessment Centre 



 v

and who provided support by way of acting as participating clinicians for the Autism 

Diagnosis study. Dr Robert Lietner, Sophie Poustasis and others of the Kogorah 

Assessment Centre, who provided support by way of acting as participating clinicians for 

the Autism Diagnosis study. Dr Clare Cunningham, Kerry Sweigert, Heather Gough-

Fuller and others at the Tumbatin Assessment Centre, who provided support by way of 

acting as participating clinicians for the Autism Diagnosis study. 

 

Dr Michael Dudley, Associate Professor Florence Levy, and Trish Mitchell for 

proofreading the final draft. 

 

Professor Matt Wand for advice on mathematical aspects, especially in relation to 

methodology and the Bias-Variance Trade Off.  

 

Professor Andrew Mackinnon, Biostatistics & Psychometrics Mental Health Research 

Institute, Victoria, for reviewing the thesis.  

 

Professor Steven Schwartz, formerly of the Department of Psychology, University of 

Queensland, for his early (in the design stage of the project) advice in relation to Clinical 

Decision-Making. 

 

Professor Philip Ley, Emeritus Professor of Clinical Psychology, University of Sydney, 

for his early mentoring, 20 years ago, in kindling my interest in the application of 



 vi

quantitative methods to problems in psychological assessment, and for his more recent 

support by way of encouragement and advice during the design stage of the project.        

 

My wife Kerry and my children, Nicole, Angela and Joseph for patience and endurance 

during the long time I spent on the project.      

 

 

Statements of Originality and of collaboration 

The idea of investigating neural networks for clinical decision-making in psychiatry was 

the original idea of Tony Florio. It predates any publications using or suggesting the use 

of neural networks for clinical decision-making in psychiatry. It was first elaborated in a 

published paper [Florio, Einfeld & Levy 1994]. 

 

The “Melancholia Diagnosis Study” was a collaboration of Tony Florio and Gordon 

Parker. The Mood Disorders Unit at the University of NSW had previously collected the 

data for a series of studies on psychomotor disturbance as a marker for Melancholia. The 

dataset of 407 patients contained a set of 18 clinician scored CORE items, which assess 

psychomotor disturbance, 17 traditional endogeneity symptoms of Melancholia again 

scored by a clinician and three varying diagnostic criteria for Melancholia. As part of 

their prior study of this data set Prof. Parker and his colleagues had assessed the 

comparative diagnostic utility of the CORE items and the endogeneity symptoms for 

classifying the patients into Melancholic and Non-Melancholic diagnostic groups, 

variously defined by the three diagnostic criteria. The study conducted by Tony Florio 



 vii

and reported in this thesis extended that analysis, which employed traditional statistical 

tools, by using Neural Networks to classify the cases. It is reported in a published paper 

[Florio et al 1998]      

 

The “Prediction of Response to Treatment with Stimulant Medication of Children with 

ADHD” study was a collaboration of Tony Florio and Florence Levy. Clinical records 

from Prof Levy’s practice were used to construct a dataset of 225 children with ADHD, 

who were treated with stimulant medication. The childrens’ scores on a pre-treatment 

CPT test where extracted, one at a time, from a computer database by Tony Florio. Prof 

Levy reviewed each child’s clinical record file and rated each child’s response to 

treatment from her own notes. Tony Florio applied neural Network and traditional 

statistical classification techniques to the dataset. 

 

The “Autism Diagnosis” study was a collaboration of Tony Florio, Bruce Tonge, Avril 

Brereton and Stewart Einfeld.  An initial dataset of 638 subjects (319 matched pairs, one 

of each pair having a diagnosis of Autistic Disorder, the other not) was collected by 

Professor Tonge and Dr Brereton at the Monash Autism Clinic in Melbourne. Tony 

Florio in Sydney collected an Independent cross-validation data set of 100 subjects from 

3 diagnosis and assessment clinics (Grosvenor, Kogorah and Tumbatin). Tony Florio 

applied neural Network and traditional statistical classification techniques to the dataset            

  

 
 
 
 
 



 viii

CONTENTS 
 
 

Abstract 
 
Certificate of Originality 
 
Acknowledgements 
 
Statements of Originality and Collaboration 
 
Contents 
 
List of Tables 
 
List of Figures 
 
List of Publications 
 
Glossary 
 
General Introduction to the Investigation 
 
Part I – Background 

I

ii

iii  

vi

viii

xiv

xvi

xix

xx

xxiv

   
Chapter 1 Introduction  

 
1.1   Clinical Judgment Verses Statistical Decision Making 
 
1.2 Biases and Heuristics in Clinical Judgments 
 
1.3 Expert Systems & Structured Decision making 
 
1.4 Conclusions 
 

1

Chapter 2 Artificial Neural Networks 
 
2.1 The Multi-Layer Perceptron 
 
2.2 Back-Error Propagation 
 
2.3 Pattern Recognition by Multi-Layer Perceptron Neural Networks 
 
2.4 The Use of Neural Networks in Diagnostic Medicine 
 
2.5 place of Neural Networks in Decision Making 
 
2.6 Studies comparing Neural Network with Statistical Methods in 

Medical Decision Making Problems 
 
2.7 Neural Networks from a Statistical Perspective 

13



 ix

 
2.8 Neural Networks and the Bias-Variance Trade Off 
 
2.9 Conclusions 
 
 

 Part II – Methodology 
 

Chapter 3 Evaluating Diagnostic Classifiers 
 
3.1    Measuring the Accuracy of a Diagnostic Classifier 
          

3.1.1    The “Gold Standard” 
 
3.1.2  Measures of Accuracy 

Proportion Correctly Classified 
Sensitivity 
Specificity 
Positive Predictive Value and Negative Predictive Value  
Receiver Operating Characteristics (ROC) Curve 
Comparing the Areas under the ROC Curves derived from the 
same cases 

 
3.2    Generalisation Assessment 

 
         3.2.1. Strategies for the Measurement of Generalisation 

              Validation using a large test dataset  
              Cross-validation 
              K-fold Cross-validation 
              Jacknife 
              Bootstrapping 
 

3.3   Subgroup or Spectrum Effects 
 

3.4   Conclusions 
 
 

 

56

Chapter 4 Methodology 
 
4.1    LD and Neural Network Training 

4.2   Comparison of Linear and Non-Linear Classification 
 
4.3    Significance Tests 

                 

75

 4.4   Determining the Future Performance of a Classifier  

 4.5   Summary     

  
   



 x

 
 

 Part III Clinical Studies 
 

 
Chapter 5 

  
Diagnosis of Melancholia 
 
5.1 The Clinical Decision Making Problem: Diagnosis of Melancholia 
 
5.2 METHOD 

   Subjects 
          Analyses 
 
5.3 RESULTS 
          Diagnostic Criteria: Clinical Diagnosis 
          Diagnostic Criterion: DSM Allocation 
          Diagnostic Criteria: Newcastle Diagnosis 
          Shrinkage 
          Summary  
          Comparison to previous work 
 
5.4 CONCLUSIONS 
 

90

 
 
Chapter 6 

 
 
Prediction of Response to Stimulants in Children 
with ADHD 
 
6.1 The Clinical Decision Making Problem:  Prediction of Response to  
        Treatment with Stimulant Medication in Children with Attention 
        Deficit Hyperactivity Disorder (ADHD) 
 
6.2 Method 

   Setting 
           Subjects 
           Procedures 
        
6.3 Results 
 
6.4 Discussion 
 
 

103

 
 
 
 
 
 
 

 
 
 
 
 
 
 



 xi

 
 
Chapter 7 

 
 
Diagnosis of Autistic Disorder 
 
7.1 The Clinical Decision Making Problem:  Diagnosis of Autistic  
           Disorder 
 
7.2     Study:  Comparison of  LD and MLP as Classifiers for the Diagnosis 

of Autistic Disorder using parent/carer responses to the 
Developmental Behaviour Checklist (DBC) 

                       Subjects and Criterion Diagnosis of Autistic Disorder 
                       Instruments  
                       Input Variable Selection 
                       Classifiers 
                       Results 
       
7.3      Study: Independent cross-validation of the Neural Network 

Classifier for Diagnosis of Autistic Disorder 
                        Subjects and Criterion Diagnosis of Autistic Disorder 
                        Instruments 
                        Procedures 
                        Results 
                         
 
7.4      Neural Network Autism Probability Score Verses Test Set 
           Probability  
 
 
7.5      Neural Network Autistic Disorder Probability Score Verses the             

Number of DSM-IV Symptoms 
 
 
7.6      A Study of the Stability of Neural Network Diagnosis of Autistic 

Disorder Over Time 
                        Subjects 
                        Results 
 
7.7     Conclusions from Studies 
 
 
7.8     Comparison to Currently Used Practices for Diagnosis of Autistic 

Disorder 
                        DSM-IV\ICD-10 
                        Childhood Autism Rating Scale (CARS) 
                        Gilliam Autism Rating Scale (GARS) 
                        Autism Diagnostic Observation Schedule (ADOS) 
                        Autism Diagnostic Interview – Revised ADI-R 
                        Neural Network Diagnosis of Autistic Disorder 
                        Autism Diagnostic Instruments - Compared 
  
7.9      Envisaged Clinical Use(s) of the DBC-Neural Network Diagnosis of 

Autistic Disorder 

 
 
122

  



 xii

 
 
 
 
 
Chapter 8 

 
 
Part IV Conclusions 
 
 
Summary & Conclusions 
 
8.1        Summary of Findings 
 
8.2 Can Neural Networks be applied to Clinical Decision-Making     

problems in Psychiatry? 
 
8.3 The Importance of Training dataset sample size 
 
8.4 Proto-types, Subgroups and Clinical Entities 
 
8.5 The use of MLP-type Neural Networks for Research related to 

Psychiatric Theories and Psychiatric Taxonomy 
 
8.6 Suggested Further Work 

8.6.1 Transforming Inputs for LR 
8.6.2 Generic Classifiers 
8.6.3 Power Analysis for MLPs 
8.6.4 Bias-Variance Trade Off for Classification Problems 
8.6.5 Fast Track Bridging Between Psychiatry and Classifier 

Research 
8.6.6 Transparency of MLP solutions 
8.6.7 Deployment Over the Internet 
8.6.8 Factors Affecting Uptake by Clinicians  

 
 
 

 

159

 References 190
  
  

 
 
 
 
 
 
 
 
 
 
 



 xiii

 
 
Appendices 
 

Appendix 1 Data Collection Forms 
 

 
Appendix 2 

 
 
Artificial Neural Networks: A Historical & Technical 
Overview 
 
A2.1   Historical Background 
 
A2.2   Pattern Classification by the Perceptron 

A2.3   The Logistic Activation Function 
 
A2.4   The Perceptron Error Surface 
 
A2.5   The Multi-Layer Perceptron 
                
A2.6    Equation for a Multi-Layer Perceptron 
 
A2.7    Classification with an MLP 
 
A2.8    Multi Layer Perceptron Error Surface   
 
A2.9    Back-Error Propagation 
 
A2.10   Modifications to Back Prop 
                
A2.11   Other Optimization Algorithms 
 
A2.12   Universal Function Approximation by MLPs 
 
A2.13   MLPs, Function Approximation and Generalisation 
 
A2.14   Power Analysis by VC Dimension 
 
A2.15   Regularization 
 
A2.16  Conditioning 
 
A2.17 Cross-entropy Error Function 
 

 
 
 
 
 

 



 xiv

LIST OF TABLES 
 
 
2.1 Input variables used by Baxt[1990] to diagnose acute myocardial infraction. 

 
20

2.2 Some Neural Network Applications in Medicine. 
 

22

2.3 Decision Making Practices by Clinicians 
 

24

2.4 
 

Summary information for 21 additional articles published since Sargent [2001]  
 

48

3.1 Classifier Outcomes compared to a Gold Standard. (adapted from Ley [1972]) 
 

58

3.2 Classification of Areas Under the ROC Curve [Tape 2002] 
 

63

5.1 Training Dataset and Bootstrap Corrected AZ (Area under the ROC Curve) and 
their standard deviations, for a Logistic Discriminant  (LD) and the MLP2 non-
linear model (2 hidden units), for three predictor sets: CORE, SYMPTOM and 
CORE + SYMPTOM combined, using the criterion of a Clinical Diagnosis of 
Melancholia as the output.  
 

99

5.2 Training Dataset and Bootstrap Corrected AZ (Area under the ROC Curve) and 
their standard deviations, for a Logistic Discriminant  (LD) and the MLP2 non-
linear model (2 hidden units), for three predictor sets: CORE, SYMPTOM and 
CORE + SYMPTOM combined, using the criterion of a DSM Melancholia 
Diagnosis as the output. 
 

100

5.3 Training Dataset and Bootstrap Corrected AZ (Area under the ROC Curve) and 
their standard deviations, for a Logistic Discriminant  (LD) and the MLP2 non-
linear model (2 hidden units), for three predictor sets: CORE, SYMPTOM and 
CORE + SYMPTOM combined, using the criterion of a Newcastle Diagnosis of 
Melancholia as the output. 
 

101

6.1 Sample Characteristics for the whole sample (n=225), Medication Responders 
(n=189) and Medication Non-Responders (n=36). 
 

110

6.2 The 25 Input (predictor) variables for Prediction of response to treatment with 
stimulant medication study. 
 

112

6.3 Training Dataset and Bootstrap corrected AZ (Areas under the ROC Curve) for 
Logistic Discriminant & MLP Neural Network (3 hidden units) 
 

116

  
7.1 Sex and Age and IQ group characteristics of the Autistic Disorder Diagnosis 

Study sample. 
 

129

7.2 Input variable set: The first 40 rows are the 40 DBC items, to which a parent 
responds 0,1 or 2  (0 = not true, 1 = somewhat or sometimes true, 2 = very true 
or often true) in describing the child’s behaviour “now or within the past six 
months”, The last three rows are the three demographic variables Age, IQ 
Range and Sex.   
 

130



 xv

7.3 Average Cross Entropy, number of parameters and AIC values for the LD model 
(1) and eight MLP models of increasing complexity with 2 to 9 hidden units 
 

132

7.4 Training Dataset and Bootstrap measures of classification accuracy for Logistic 
Discriminant and MLP with 3 hidden units. 
 

133

7.5 Sex and Age characteristics of the Sydney Independent Test Set by clinic 
source.  
 

137

7.6 Classification Accuracy of the Neural Network Diagnosis of Autistic Disorder on 
the Sydney Independent Cross-Validation Test Set  
 

139

7.7 Actual and expected (from Neural Network Autistic Disorder Probability Score) 
distributions of cases diagnosed as Autistic Disorder. The 2 for the differences 
between the distributions of 8.41 did not exceed the critical value of 16.93 (df=9, 
〈= 0.05)          
     

141

7.8 Cross-distribution of Neural Network Autistics Disorder Probability Score and 
DSM-IV symptom score for the Sydney Independent Cross-Validation Test Set. 
 

143

7.9 Cross-distribution of Neural Network Autistic Disorder Probability Score and 
DSM-IV Diagnosis for the Sydney Independent Cross-Validation Test Set. 
 

144

7.10 Correspondence between Time 1 and Time 2 (5 years later) neural network 
diagnoses on the same 40 individuals all diagnosed as DSM-IV Autistic Disorder 
at Time 1. 
 

147

7.11 Training dataset derived and Test dataset derived agreement with Gold 
Standard (DSM-IV) of commonly used Instruments and Practices used in the 
Diagnosis of Autistic Disorder and the Neural Network Diagnosis of Autistic 
Disorder based upon the DBC 
 

154

8.1 Overview of main findings by Chapter 
 

165

  
  
  
 

 
 



 xvi

LIST OF FIGURES 
 
2.1 A Multi-Layer Perceptron Artificial Neural Network 

 
15

2.2 Conceptual Map of Clinical Decision Making Practices 
 

25

2.3 Classification using a cut-off on a single variable 
 

26

2.4 Classification using a linear combination of two variables 
 

27

2.5 Piece-wise linear approximation (straight lines in grey) of a non-linear function 
(curve in black) 
 

28

2.6 Artificial Classification Problem 28
  
2.7 The relationships between Mean Square Error measured on a Training Dataset, 

Mean Square Error measured on a Test Dataset, Bias and Variance, as a 
function of the progress of training through successive iterations of a training 
algorithm such as Backprop. (Adapted from Gemen et al [1992]). 
 

34

2.8 The relationships between Mean Square Error measured on a Training Dataset, 
Mean Square Error measured on a Test Dataset, Bias and Variance, as a 
function of model complexity, which is adjusted by varying the number of hidden 
units. (Adapted from Gemen et al [1992] and Hastie et al [2001]). 
 

36

2.9 Test dataset MSE by Complexity curves for 3 hypothetical classification problem 
explored using an LR model and seven MLP models of varying complexity 
(varied by adjusting the number of hidden units in the MLP model)    
 
 

38

2.10 
 

Distributions of dataset sample sizes, according study outcome for the 
combined set (Sargent’s [2001] review of 29, plus 17 new studies), broken down 
by review source 
 

49

3.1 Typical Receiver Operating Characteristics (ROC) curve 
 

59

3.2 Two ROC Curves with the same or similar values for Az (Area under the ROC 
Curve), but different shapes and therefore different accuracies in specific 
Sensitivity or Specificity ranges of interest. 
 

61

5.1 AIC values for LD and eight MLP (2 to 9 hidden units) models in each of nine 
classification problems (3 diagnostic criteria X 3 predictor sets).   

95

  
6.1 Conceptual Map of ADHD Symtomatology and Response to Treatment with 

Stimulant Medication 
 

105

6.2 AIC values for LD and eight MLP (2 to 9 hidden units) models.   
 

113

6.3 Training Dataset and Bootstrap corrected AZ (Area Under the Receiver 
Operating Characteristics Curve) of   Logistic Discriminant and MLP Neural 
Network Model (3 hidden units).  
 

115



 xvii

6.4 
 

Training Dataset ROC plots for Logistic Discriminant and MLP 3 
 
 

116

7.1 AIC values for the LD model (1) and eight MLP models of increasing complexity 
with 2 to 9 hidden units. 
 

130

7.2 Training Dataset and Bootstrap Corrected AZ  (Areas Under the ROC Curve) for 
LD and MLPs with 3 hidden units.  
 

131

7.3 Training dataset ROC Curve plots for Logistic Discriminant (LD) and the MLP 
with 3 Hidden Units. 

132

  
7.4 ROC Plot for the Sydney Test Set classified by the MLP 3 developed in Study 

7.3. 
 

136

7.5 Conceptual Map of the distributions of Autistic and Non-Autistic populations in 
reference to clinician defined DSM-IV Symptomatology and NN Autism 
Probability derived from parent-reported patterns of behaviour 
 

143

7.6 The effects of the Base Rate for Autistic Disorder (in the clinical population it is 
applied to) upon the Positive Predictive Value (PPV), Negative Predictive Value 
(NPV), and overall Accuracy of the DBC-NN. Calculations are based upon the 
Sensitivity and Specificity values given in Table 7.4. 
 

155

8.1 Classification problems in which the two entities being discriminated consist of 
cases that are variations of a class proto-type 

170

  
8.2 Classification problems in which one (or both) of the two entities being 

discriminated consist of subgroups and is not a simple proto-type distribution 
171

  
8.3 Block Diagram of a Generic Classifier 

 
178

8.4 Block-flow diagram for an Internet deployed Neural Network diagnostic classifier 
based upon the MLP developed in Chapter 7 
 
 
 
 
 
 

188

A2.1 A Perceptron 
 

A5

A2.2  A Linearly Separable Pattern Classification Problem in 2-dimensional space 
 

A7

A2.3 The step function and the logistic function 
 

A11

A2.4 Perceptron Error Surface. A14

A2.5 Non Linearly Separable Classes 
 

A15

A2.6 A Multi-Layer Perceptron 
 

A16

A2.7 MLP solution to a problem involving non-linearly separable classes 
 

A20

A2.8 The half-plane decisions regions of 3 hidden units are combined by the output 
it t f th h ll d i i i f M lti l P t i d

A21



 xviii

unit, to form the convex hull decision region of a Multi-layer Perceptron, required 
to solve the classification problem in Figure 2.7 (adapted from Reed & Marks 
1999)  
 

A2.9 Decision boundaries (a) a Perceptron, (b) an MLP with a small number of 
hidden units (c) an MLP - large number of hidden units. Adapted from (Bishop 
1995). 
 

A21

A2.10 Multi-layer Perceptron Error Surface. Adapted from Bishop (1995) 
 

A22

A2.11 Direction and movement in a two dimensional weight space 
 

A26

A2.12 Training Set Error by Trials of Learning.  In this example, as training progresses 
the Back-Error Propagation algorithm encounters a local minimum at about 100 
trials, which it passes through and eventually finds a global minimum at about 
500 trials. 
 

A33

A2.13 Trajectory of the BackProp algorithm through weight space, towards an error 
minima. Adapted from Reed & Marks 1999. 
 

A34

A2.14 Effect of Training Set Sample Size on Test Set Error. Adapted from Reed & 
Marks (1999). 
 

A47

A2.15 Test Set Error by sample size for increasing levels of complexity. Adapted from 
Reed & Marks (1999)  
 

A48

A2.16 Test Set Error by Complexity for 3 levels of Noise added to Training Set input 
patterns (Adapted from Reed & Marks 1999). 
 

A49

A2.17 Training Set Error and Test Set Error as a function of sequential trials of 
learning. Adapted from Reed & Marks 1999 
 
 
 

A55

 



 xix

 
LIST OF PUBLICATIONS 

 
        
 
 

Florio T., Einfeld S.L. & Levy F. (1994), Neural Networks and Psychiatry: Candidate 
Application in Clinical Decision Making.  Australian & New Zealand Journal of 
Psychiatry, 28(4):651-666. 

 
 

Florio TM. Parker G. Austin MP. Hickie I. Mitchell P. Wilhelm K. (1998) Neural network 
subtyping of depression.  Australian & New Zealand Journal of Psychiatry. 32(5):687-
94. 

 



 xx

GLOSSARY 
 
 
Az Area Under the ROC Curve. The volume of the area contained between 

the ROC Curve generated by a classifier and the bottom and right hand 
axes of the ROC graph. Az is an index of the classification accuracy of 
the classifier as a whole. 
 

Back Error 
Propagation 

An algorithm used to find the set of weights for an MLP, which are 
associated with an error minima. Also known as BackProp. 
 

Bayesian 
Classification 
Decision 
Boundary 
 

Bayes theorem stipulates that we should use knowledge (information) 
about probabilities to assign a case of unknown class membership to a 
class. If we know the probability of class membership at all points in an 
information space, then we can assign all cases at point in this space to 
the class with the highest probability at that point. If all the points in one 
region of the space have a higher probability for one class, and all the 
points in an adjacent region have a higher probability for another class, 
then there will be a boundary line between the two adjacent regions 
where the probability of membership of one class is equal to the 
probability of membership of the other class. This line is the Bayesian 
Classification Decision Boundary. The boundary can be a straight line 
an curved line or a ragged line with many twists and turns.  
   

Bootstrap 
corrected Az 
 

An Az value which is less optimistically biased than a training data set 
derived Az. 
 
The Bootstrap technique is used to generate a large number of 
samples. The classifier is then individually trained on each bootstrap 
sample. Az is measured on each bootstrap sample and the bootstrap 
derived classifier is also applied to the original full data set to obtain a 
second Az value. The difference between these two values is a 
measure of the optimistic bias of that particular bootstrap sample. The 
procedure is repeated for every bootstrap sample. The average 
difference between the two Az values across all the bootstrap samples 
is used as an estimator of the size of the optimistic bias. The classifier 
is then trained on the original full data set. The training data set Az 
value derived from this classifier is then corrected by subtracting the 
value of the estimated optimistic bias to produce a Bootstrap corrected 
value for Az. 
     

Classification 
Algorithm 
 

The set of equations or rules developed by a classifier to assign cases 
to classes based upon the values of a set of predictor variables. 
  

Classifier A method or technique for classifying cases into known classes. 
 
 

Complexity 
 

The degree of non-linearity of a function and also denotes the number 
of hidden units in an MLP required to approximate the function. Zero 
complexity is a linear function or zero hidden units. A complexity of two 
indicates one turning point in a curved line (i.e. a quadratic) or two 
hidden units. A complexity of three indicates two turning points in 
curved line (an equation with a cubed term) and three hidden units. And 
so on. 
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Connection 
 

The connection between the output of one unit and the input of another 
unit. Functionally equivalent to a synapse in a biological neural system. 
  

Early Stopping The practice of using a holdout data set to estimate the performance of 
multi-layer perceptron on the population during training and using 
deterioration in that performance as criteria to stop the training earlier 
than would otherwise be the case using other criteria for stopping. 
  

Error function 
 

A mathematical function which measures the difference between the 
actual and predicted values of a variable, usually the variable which 
signifies class membership. 
  

Error Surface The manifold surface of average (across all cases) error function values 
plotted as a function of all the possible values of all the weights in an 
MLP when applied to a set of cases. 
 

Generalisation  The classification accuracy of a classifier on a population. 
 

Global minima 
 

The point on the error surface of an MLP where error is at minimum 
value compared to anywhere else on the error surface. The set of 
weight values which define this point represent the best possible 
solution for the MLP on that data set using that error function.   
  

“gold standard” 
 

A classifier, which is judged to be the best possible (or best obtainable) 
in a particular clinical domain. It used as the standard against which 
other classifiers are evaluated. 
 

Hidden layer The middle layer(s) of a multi-layer perceptron. 
 

Ill-Posed Problem 
 

A classification problem where it not possible to classify cases, 
because there is no (or not much) separation of classes in the input 
space. 
 
The opposite of ill-posed is well-posed. 
 

Input Layer The first layer of a multi-layer perceptron which receives inputs (input 
patterns). 
 

Input Pattern The set of values of a set of predictor variables in a classification data 
set. 
 

Input space 
 

The space defined by all the possible values of all the input variables. 
 

Input Variable 
 

A variable which is member of the set of predictor variables. 

Linear 
 

A line, or function represented by a line, which is a straight line.   
 

Linear model 
 

An equation for a straight line, where the variables represent objects of 
interest such as the predictor variables and the classification criterion.   
 

Linear 
Discriminant 
Function Analysis 
 

A statistical modeling technique which can be used to develop a linear 
classifier. 

Local minima A point on the error surface of an MLP where error is at minimum value 
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compared to other points in its near vicinity on the error surface. The 
set of weight values which define this point represent a relatively good 
solution for the MLP on that data set using that error function.   
 

Logistic 
Regression  
 

A statistical modeling technique which can, amongst other things, be 
used to develop a linear classifier. Also known as a Logistic 
Discriminant when used as a classifier. 
 

Multi-layer 
Perceptron (MLP) 

A type of neural network consisting of 3 or more layers of units, in 
which information feeds forward from inputs in the first layer to outputs 
in the last layer. Also Known as an MLP. 
 

NevProp Software for implementing and training MLPs, developed by Dr P 
Goodman at the Centre for Biomedical Modeling Research at the 
University of Nevada, Reno Nevada, USA. 
 

Non-Linear 
 

A line, or function represented by a line, which is not a straight line. It 
has at least one, possibly more kinks or curved sections. 
 

Non-Linear model 
 

An equation for a curved or kinked line, where the variables represent 
objects of interest such as the predictor variables and the classification 
criterion.   
 
 

Optimistic bias  The bias present in measures of classification accuracy derived from a 
training data set, which come about as a result of capitalisation upon 
chance relationships (inherent in any sample) by training algorithms. 
The bias is always optimistic (that is towards indicating greater 
accuracy).  
 

Output layer The final or last layer of a MLP which generates an output(s). 
 

Output value The value of the output of a unit in the output layer of a MLP. 
  

Production After a classifier has been trained, it can be used to classify cases for 
which predictors are known but class membership is not. This phase is 
known as production. 
 

QuickProp An algorithm used to find the set of weights for a MLP which locate an 
error minima, but does so much quicker than BackProp.  
 

ROC Curve Receiver Operating Characteristics Curve. A particular graph, with 
origins in signal detection theory, which is drawn by plotting variations 
in Sensitivity (y axis) and 1 – Specificity (x-axis) across the full range of 
possible cut-off values of the output values of a classifier. 
   

Shrinkage 
 

The difference between a training data set derived measure of 
classification accuracy (e.g. Az) and a test data set derived measure of 
classification accuracy. It is a measure of the amount of optimistic bias 
contained in the training data set derived measure. 
 
If all the available data is used for training, then Az shrinkage can be 
estimated by subtracting Bootstrap corrected Az (see above) from 
training data set derived Az. 
 
   



 xxiii

SYSTAT A software package for statistical analysis sold by the SPSS 
corporation. 
 

Test data set A data set of cases with predictor variables and known class 
membership, which is used to measure the performance of a classifier 
by applying the classifier to the data set and recording the accuracy of 
classification. Also known as a cross-validation data set. 
  

Training The process of applying an optimisation algorithm, such as BackProp, 
to an MLP to locate a set of weights for the MLP which minimises the 
error function 
 

Training  
algorithm 

An algorithm, for example BackProp, which used for training an MLP. 
  

 
Training data set 

 
A data set of cases with predictors and known class membership, 
which is used for the training of a classifier. 
  

Weight Also known as a “connection weight”. A positive or negative number 
used to multiply input connections to a unit in a multi-layer perceptron. 
The term Weight in an MLP corresponds directly to the term 
“coefficient” as used in regression and statistics.    
  

Weight Decay 
 

An addition to optimisation algorithms such as BackProp, which 
subtracts a constant small proportion from weights, on each pass of the 
algorithm and so biases the solution towards containing smaller rather 
than larger weights. This improves generalisation. 
  

Well-Posed 
Problem 
 

A classification problem where it is possible to classify all (or almost all) 
cases, because there is good separation of classes in the input space. 
 
The opposite of well-posed is ill-posed. 
 

Unit A single artificial neuron, which is part of a neural network. 
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GENERAL INTRODUCTION 
 TO THE INVESTIGATION 

 
Clinical Decision Making 

 

Clinical decision-making is the cornerstone of all clinical practice. Before an intervention 

is commenced, before a referral is made and even before further assessment is 

undertaken, the clinician must make a decision(s) about the nature of the clinical 

problems that are being presented. 

 

Improved clinical decision-making leads to improved clinical outcomes [Knottnerus et al, 

2002]. The most effective intervention is only effective when it is applied to an 

appropriate case. Many interventions have side effects or carry other risks. In the best-

case scenario, inappropriate intervention is a waste of clinical resources. In the worst 

case, inappropriate intervention causes unnecessary harm. Inappropriate referral and 

inappropriate further assessment are similarly problematic. 

 

Improvements in clinical decision-making practices offer the potential to improve clinical 

practices as a whole. Improvements to clinical decision-making practices have usually 

come about through clinical problem based research, in which the investigators have 

sought to gain a better understanding of the clinical entity(ies) at hand. Through this 

better understanding of specific clinical problems better clinical decision making 

practices have been suggested. These suggested practices are then empirically compared 
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to pre-existing practices and if they are found to be better, it is usually recommended that 

they be adopted in place of the previous practices. Through this mechanism of one-

clinical-problem-at-time investigation, clinical decision-making practices as a whole have 

gradually improved. 

     

An alternate approach is to attempt to improve clinical decision making, by focusing 

research efforts more directly on better understanding the clinical decision making 

process itself, rather than on understanding specific clinical problems. Such an approach 

has the potential to produce results that can be broadly applied to many clinical decision 

making problems. The investigations reported in this thesis take this approach. 

 

There are at least two basic components to clinical decision-making. These are: 

Information Gathering and Decision Making. For both these components there can be 

many alternatives. Combinations of the available alternatives for these two components 

produce many possibilities for clinical decision making for any particular clinical 

problem. The alternatives for information gathering tend to be closely tied to the clinical 

problem. The nature of the clinical problem, our conceptualisation and understanding of 

the clinical problem and the available technology, strongly dictate the range of 

information that can be gathered.  On the other hand the alternatives for decision-making 

are generally independent of the clinical problem. Instead they are related more to 

information theory and/or to statistical technologies. This distinction makes it more likely 

that general improvements to clinical decision making practices will be found by 
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researching alternatives for the decision making component rather than alternatives for 

information gathering component.  

 
 

Neural Networks 
 

Artificial neural networks, hereafter referred to as neural networks, are a recently 

developed, biologically inspired, form of computation modelled upon the functioning of 

neurons and nervous systems in biological organisms.  Traditional computing has 

developed since the 1940’s along the lines of centralised processing of information, 

known formally as the “Von Neuman Architecture” after its creator the mathematician 

John Von Neuman [Dayhoff 1990]. There has been a phenomenal pace of development in 

computing since World War II.  The main aspects of this have been faster and faster 

Central Processing Units (CPU), increases in the amounts of faster Random Access 

Memory (RAM), larger and faster Hard Disks, Local Area networking (LAN), Wide 

Area Networking (WAN), the Internet and more user friendly user interfaces.  The range 

of applications, such as complex calculation, word-processing and electronic 

communication, for which computers are now used is also phenomenal. In Western 

societies they have become an integral part of the workplace and are progressing towards 

becoming an integral part of all aspects of life in those societies. 

 

None the less, it is generally recognised that such computers, based upon the Von 

Newman Architecture, are only one of a large range of possible computing architectures. 

It is also generally recognised that they have little resemblance to neural systems in 
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biological organisms, such as the brain. These biological systems are composed of many 

simple information-processing units (neurons), which are linked together in networks and 

perform computation on information by parallel and distributed processing, rather than by 

centralised processing [Rummelhart & McClelland, 1986].  

 

Amongst other things, biological neural systems are capable of complex pattern 

recognition and classification tasks that traditional computers with centralised processing 

architecture, have found difficult to emulate. Examples of tasks, which humans, with 

their biological neural systems, are capable of, but which traditional computers are not as 

good at, are visual recognition of persons, objects and symbols, speech recognition and 

clinical diagnosis [Dayhoff, 1990].     

 

This has led to efforts amongst artificial intelligence researchers to develop artificial 

neural networks that use parallel and distributed information processing as an alternative 

to centralised information processing [Rummellhart & McClelland, 1986].  Amongst 

other things, it has been found that such neural networks can be used in pattern 

recognition tasks, such as visual recognition of persons, objects and symbols, speech 

recognition and clinical diagnosis [Dayhoff 1990; Cross, Harrison & Kennedy 1995; 

Price, Sptitznagel, Downey, Meyer, Risk & el-Ghazzaway 2000], and that they have 

much in common with statistical classification and pattern recognition techniques [Cheng 

& Titterington 1994, Ripley 1994, 1996, Sarle 1994, Bishop 1995, Reed & Marks 1999]. 

As well there are now a number of well established applications of neural network to 

clinical decision making in medicine (e.g. Diagnosis of Myocardial Infarction [Baxt 
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1990,1991]; detection of cervical cancer in Pap Smears [Kok & Boon, 1996, Kok et al 

2001, Cenci et al 2000, Halford et al 1999]; staging of prostate cancer [Babaian & Zhang 

2001, Jung et al 2002]; Prediction of survival after colon carcinoma treatment  [Snow, 

Keerr, Brandt & Rodvold 2001]). All this raises the question of their potential 

applicability to clinical decision-making problems in psychiatry. 

 

  

Problem Statement 
 

In recent years Neural Networks have been successfully applied to a large number of 

classification and pattern recognition problems [Mjosness & DecCoste 2001]. There is 

also a growing body of published research investigating the potential application of 

neural networks to a wide range of clinical decision-making problems [Cross et al. 1995]. 

A small number of these investigations have been in the area of psychiatry.  

 

Motivation for many of these investigation comes from the notion that Neural Networks 

may provide a better solution than a traditional statistical techniques (e.g. Linear 

Discriminant Function Analysis or Logistic Regression) commonly used in clinical 

decision making practices, because they can recognise patterns in data in much the same 

ways as an experienced clinician (who is presumably using his/her biological neural 

network). 

 

This notion is both true and misleading. Under certain conditions a neural network may 

provide a good solution to a particular clinical decision making problem and the 
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underlying basis of this good solution is pattern recognition. However a neural network 

can also be conceptualised as a solution based upon well understood principles of 

statistical approximation and estimation. It has much in common with Logistic 

Regression and other related statistical regression and classification techniques [Ripley 

1996]. Neural networks can be seen as one of a range of techniques, which can be applied 

to clinical decision-making problems. The real issue is not “Are they better?”, but “Under 

what conditions should they be considered and how can they be applied?”   

 

Despite a large number of studies which investigated the application of neural networks 

to individual clinical decision-making problems, a clear picture about their applicability 

to clinical decision-making problems has yet to emerge. There are several reasons for 

this.  

 

Firstly, the literature as a whole is not cohesive. Most investigations have tended to be 

“one offs” that have examined the application of a neural network to a specific clinical 

decision-making problem. They have not built upon previous work and as such they are 

not part of a thread which has progressively illuminated different aspects of a specific 

application1 or of the application of neural networks to clinical decision-making in 

general. 

 

                                                           
1 With a couple of notable exceptions, for example PAPNET - a neural network based system for 
diagnosing cervical cancer in PAP smears, which has been serially studied and developed. 
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Secondly, much of the literature on the application of neural networks to clinical 

decision-making has failed to consider neural networks from a statistical viewpoint 

[Ripley, 1996]. 

 

Finally, most investigations fail to consider a large body of knowledge and research that 

exists about clinical decision-making [Florio et al 1994].    

 

The objective of this thesis is to study the applicability of neural networks to clinical 

decision-making problems in psychiatry, in a systematic fashion and from both a 

statistical and a clinical decision-making viewpoint.  
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Research Questions 
 
The central question of this thesis is: 

Are MLP type neural networks applicable to clinical decision-making problems in 

Psychiatry? 

 

More specifically the thesis investigates the following:  

• Can MLP type neural networks be applied to clinical decision-making problems 

in psychiatry? 

 

• Under what conditions can MLP type neural networks be applied to clinical 

decision-making problems in psychiatry? 

 

• How should the application of MLP type neural networks to clinical decision-

making problems in psychiatry be evaluated? 

 

• What are the implications of applying MLP type neural networks to clinical 

decision-making problems in psychiatry for psychiatric taxonomy and for our 

theoretical understanding of psychiatric disorders?   
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 General Plan of the Thesis 
 
Part I.  

 
Examines the historical debate on clinical and statistical decision 
making, which has been the main focus of researchers to date. 
 
Introduces neural networks and reviews some of the literature on the 
application of neural networks to clinical decision making problems in 
medicine.  
 
Describes neural networks and their implementation in detail. 
Concludes that MLP type neural networks can be used to solve non-
linear classification problems. 
 
Uses the theoretical framework of the bias-variance tradeoff to 
compare MLPs and Logistic Regression, and to elucidate important 
aspects of comparing and evaluating classifiers.  
 
Extends a review, of 28 studies, by Sargent [2001], which examines 
the comparative application of MLPs and Logistic Regression to large 
clinical datasets (N > 200), by adding 21 new studies published since 
his review.  
 
Concludes that it is worthwhile to explore the use of neural networks 
for clinical decision making in psychiatry. 

 
Part II 

 
Discusses methodological issues relevant to the evaluation of 
classifiers (including MLP type Neural Networks) for clinical decision-
making problems. Concludes by outlining, in detail, a framework for 
such evaluations, which are applied later in the thesis  

  
 
Part III. 

 
Individually describes three sets of empirical studies of the application 
of MLP type neural networks to three clinical decision-making 
problems. These are: 
 

• Diagnosis of Melancholia amongst depressed patients 
 
• Prediction of response to stimulant medication in children with 

Attention Deficit Hyperactivity Disorder  
 

• Diagnosis of Autistic Disorder 
 
Part IV 

 
Provides a general conclusion on the overall findings of the 
investigation 
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