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Representing time has been considered a general problem for artificial 

intelligence research for many years. More recently, the question of 

representing time has become increasingly important in representing human 

decision making process through connectionist expert systems. Because most 

human behaviors unfold over time, any attempt to represent expert 

performance, without considering its temporal nature, can often lead to 

incorrect results. 

A temporal feedforward neural network model that can be applied to a 

number of neural network application areas, including connectionist expert 

systems, has been introduced. The neural network model has a multi-layer 

structure, i.e. the number of layers is not limited. Also, the model has the 

flexibility of defining output nodes in any layer. This is especially important for 

connectionist expert system applications. 

A temporal backpropagation algorithm which supports the model has 

been developed. The model along with the temporal backpropagation algorithm 

makes it extremely practical to define any artificial neural network 

application. Also, an approach that can be followed to decrease the memory 

space used by weight matrix has been introduced. 

The algorithm was tested using a medical connectionist expert system 

to show how best we describe not only the disease but also the entire course of 



the disease. The system, first, was trained using a pattern that was encoded 

from the expert system knowledge base rules. Following then, series of 

experiments were carried out using the temporal model and the temporal 

backpropagation algorithm. 

The first series of experiments was done to determine if the training 

process worked as predicted. In the second series of experiments, the weight 

matrix in the trained system was defined as a function of time intervals before 

presenting the system with the learned patterns. The result of the two 

experiments indicate that both approaches produce correct results. The only 

difference between the two results was that compressing the weight matrix 

required more training epochs to produce correct results. To get a measure of 

the correctness of the results, an error measure which is the value of the error 

squared was summed over all patterns to get a total sum of squares. 
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CHAPTER I 

INTRODUCTION 

The purpose of this study is to examine ways of representing time in 

neural networks. More specifically, a model of representing time in a multi-

layer feedforward neural network has been defined. Moreover, a temporal 

backpropagation algorithm which supports this model has been introduced. 

The algorithm has been tested using a medical connectionist expert system. 

The rationale for including connectionist expert systems is that it is more 

convenient to address the question of how best to capture temporal data in 

expert systems because of the temporal nature of most events requiring 

human expertise. 

Artificial neural networks have been studied for many years and have 

been applied to different areas of research including pattern recognition, image 

processing, robotics, data analysis, and optimization. More recently, these 

ideas have been used in conjunction with expert systems technology [1, 6, 7, 

11,12] to eliminate the time-consuming part of constructing and debugging the 

knowledge base. The use of an artificial neural network greatly simplifies the 

knowledge engineering task because it allows the system itself to construct the 

knowledge base from a set of training examples. The resulting trained system 

is used to make expert decisions after it has been provided with a set of test 

instances. Expert systems that use artificial neural networks to develop their 

knowledge bases and to make inferences are called connectionist expert systems 



[6]. Compared to the rule-based expert systems, connectionist expert systems 

are a better model of human-like reasoning. Although these models can be 

applied to any kind of decision problems, they are especially suitable when the 

creation of if-then rules is not possible or contradictory. 

More recently, the question of representing time has become 

increasingly important for representing human decision making processes 

using connectionist expert systems. Because most human behaviors unfold 

over time, any attempt to represent expert performance without considering 

its temporal nature can often lead to incorrect results. As part of this 

continuing question, a method of representing time explicitly has been identified 

in this study. The model and the algorithm discussed here make it extremely 

practical to define any artificial neural network application including 

connectionist expert systems. 

Background 

Models of neural networks have been studied for many years and have 

been applied to both psychological and neurophysiological research [5,13,14, 

15,17). The field of artificial neural networks began as an approach to 

simulating biological neurons. In the 1980's, neurobiologists began to accept 

neural network models as a method for examining brain functions, such as 

visual and audio perceptions, memory maintenance, cognition, and control 

mechanisms. As a result, artificial neural networks took on a dual role; first, as 

technological systems for complex information processing and machine 



intelligence, and second, as simplified biological models for testing various brain 

functions [24], 

A typical artificial neural network consists of nodes modeled after a 

biological neuron. Some researchers use the term processing element, or just 

element, or unit, or node to define the core of the network. Here, I will use the 

terms neurons and units interchangeably. However, an artificial neuron differs 

from the biological neuron in that it contains not only the neural cell body, but 

also the input synapses and a mechanism for training them [23]. 

Neurons are connected together creating paths in which the output of 

one neuron is the input to another neuron. These paths can be unidirectional or 

bi-directional. The strength of connection between two neurons is denoted by 

the weight value of the connection. A neuron receives input from many 

neurons, but produces a single output each time it is activated, which is, in 

turn, transmitted to all other connected neurons. The output of a neuron is 

calculated as a function of its inputs and the corresponding connection 

strengths. The connection structure of a neuron is illustrated in Figure 1.1. 

In a neural network, neurons are grouped into layers. There are different 

types of layers; an input layer consists of neurons that receive input from the 

external environment. The output layer contains the neurons that transmit the 

output of the system to the external environment. All the other layers are 

called intermediate or hidden layers. The neurons in one layer are always 

connected to some or all neurons in other layers. 



Backpropagation Algorithm 

In most artificial neural network systems, the system itself computes 

the connection strengths (weights) among the neurons. The process of 

updating the initial weights to learn a data set is called learning. For the 

system to learn, it must be given a learning method that can modify the 

weights among the neurons to the ideal values to recognize a given data set. 

There are two different types of learning: supervised and unsupervised. 

In supervised learning, the system is provided with the correct answer. 

The system then uses this information to update the weights in such a way 

that once given the input, it will produce the expected output. This type of 

learning is also called learning with a teacher. 

In unsupervised learning, the system receives only the inputs, not the 

expected outputs. The system then learns to produce the pattern that has 

been supplied. 

The backpropagation algorithm is a supervised learning technique where 

the weights in any artificial feedforward neural network are updated to learn a 

set of training patterns. The training patterns consist of the initial activations 

of input nodes and the expected activations of output nodes. 

The backpropagation algorithm is one of the most important 

developments in artificial neural network research. It was introduced 

independently by Paul Werbos [22], Arthur Bryson and Yu-Chi Ho [2], David 

Parker [18], and by David Rumelhart [19], Ronald Williams, and other 

members of the "PDP Group" [9,10], "The elements used by Rumelhart et al. 

in the backpropagation network differ from those used in the earlier adaptive 



linear element architectures. The adaptive elements in the original 

architecture used hard-limiting quantizers, which is used to produce a binary 

±1 output, while the elements in the backpropagation network use only 

differentiable smooth non-linear functions" [23, p.1416]. 
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Figure 1.1. An Artificial Neuron 

The backpropagation algorithm has been studied extensively, and many 

extensions and modifications have been implemented recently. However the 

backpropagation algorithm described below is the basic technique that is used 

to train a multi-layer feedforward artificial neural network. A multi-layer 

neural network is a network that has one input layer, one output layer, and one 

or more intermediate layers. The nodes in the input layer are called input 

nodes, whereas the nodes in the output layer are called output nodes. All 

remaining nodes are referred to as intermediate (hidden) nodes. A connection is 

made from each node in a layer to all other nodes in subsequent layers. These 

connections are assigned weight values where the weight w; .• represents the 
A\l 



strength of the connection from nodes i to node j. The weights are said to be 

feedforward, because they flow in a forward direction starting with the input 

layer, and because they are not allowed to cycle back to a node in a previous 

layer. Furthermore, the nodes are indexed in such a way that if there is a 

directed arc between the node j and the node i, then j < i. This allows each 

node's activation to be computed first in the order that it is indexed. An 

example of a multi-layer feedforward neural network is illustrated in Figure 1.2. 

The learning process takes place in two passes. The first pass (forward 

pass) begins by introducing the training patterns to the network. Each input 

node is assigned a value depending on whether it matches the training pattern. 

The input nodes transmit their values to all the nodes in the second layer. An 

activation is computed for each node in the second layer by using the values of 

input nodes and the weights that connect the first and second layers. The 

activations of the nodes in the second layer are then computed and 

transmitted to all the nodes in the third layer until all output nodes have 

received the activations from the previous layer. The activations of the output 

nodes are then computed which, in turn, become the network's estimate of the 

expected activations. After these estimates are computed, each output node is 

supplied with its expected activation value, and the second pass (backward 

pass) of the learning process begins. The difference between the expected and 

the estimated activations of output nodes are transmitted backwards and used 

to update the weights between the output layer and each preceding layer. If 

the difference is zero, no learning occurs. Otherwise, the weights are changed to 

reduce the difference. For example, the nodes in the last layer update their 
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Figure 1.2. A Multilayer Artificial Neural Network 

activations accordingly and transmit them backwards so that the connection 

strengths between this layer and the preceding layer might be updated. This 

process is repeated for all training patterns. After successfully training the 

network, the network can be tested by using test patterns. 

One of the basic issues affecting the design of neural networks is the 

type and nature of the activation function (transfer function) used to compute 

the activation level of a neuron. This solution requires the use of a continuous, 

nonlinear function. The sigmoid activation function is used in most 

backpropagation algorithms [24] because the function must be differentiable 

and should saturate at both extremes i.e., either [0,1] or [-1,1]. For small 

variations in patterns (those near zero) the slope of the input curve is steep, 

producing high gain. As the magnitude of the patterns becomes larger, the gain 

decreases. Different variations in patterns can be accommodated without 
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either saturation or excessive attenuation. Similarly, another continuous, non-

linear activation function, called logistic activation function, can be used to 

train the feedforward neural networks [19]. 

The backpropagation algorithm can be summarized in a step-by-step 

fashion, taking one pattern ja at a time. I use the notational conventions used 

by Hertz [10] where the value of the training pattern ji for the k1*1 input node is 

represented as £k^, and the i ^ node in the m^ layer is represented as Vjm. 

The connection strength (weight) between node Vj111'1 and node is indicated 

by w: ,m. Using this notation, the backpropagation algorithm proceeds as 

follows [10]: 

1. Initialize the weights to small random values. 

2. Choose a training pattern [i and apply it to the input 

layer so that 

Vkl = f°r all k. 

3. Propagate the activations forward through the network 

using 

Vim = gih^) where h i
m = I]j w y

m V^ ' 1 

for each i and m until all the final output activations have been 

computed, g is the sigmoid activation function. 

4. Compute the deltas (differences between the expected and estimated 

activations) of the output nodes by comparing the computed outputs 

Vj111 with the expected ones for the pattern [X being considered. 
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m=g'(h i

m)K i
m-V i

m] 

5. Compute the deltas for the preceding layers by propagating the errors 

backward until a delta has been calculated for every node 

8.m-1
 = g.(him-1)2jWjim5ji m 

6. Use 

Awym = n V V / - 1 where ri is the learning rate 

to update all weights according to w.- ,new = w.- ;
ol<* + Aw.- .• 

7. Return to Step 2 and repeat for the next pattern. 

Coimectionist Expert Systems 

Expert systems have been used in conjunction with neural network 

technology [1, 6, 7,11,12] to eliminate the time-consuming part of 

constructing and debugging the knowledge base. 

The use of an artificial neural network greatly simplifies the knowledge 

engineering task because it allows the system itself to construct the knowledge 

base from a set of training examples. Because the correct output of the expert 

system is known according to given inputs, it is appropriate to deploy a 

supervised learning algorithm to train the system. The resulting trained 

system is used to make expert decisions after it has been provided with a set of 

test instances. Expert systems that use artificial neural networks to develop 

their knowledge bases and to make inferences are called connectionist expert 
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systems [6]. Compared to rule-based expert systems, connectionist expert 

systems seem to be a better model of human-like reasoning. Although these 

models can be applied to any type of decision problems, they are especially 

suitable when the creation of if-then rules is not possible or the information is 

contradictory. A connectionist expert system usually contains three major 

parts: knowledge base, inference engine, and user interface. The knowledge 

base is a problem-dependent part that contains expert knowledge. The 

connectionist expert system data base is composed of neurons and connections 

among them. The inference engine is a problem-independent driver program 

which is responsible for reasoning. The user interface is a link between the 

inference engine and the external user. The architecture of a connectionist 

expert system is illustrated in Figure 1.3. 

Much work has been done in the area of connectionist expert systems. 

Gallant [6] introduces a two-program package for constructing connectionist 

expert systems from training examples: "The first program is a network 

knowledge base generator that uses several connectionist learning techniques, 

and the second is a stand-alone expert system inference engine that interprets 

such knowledge bases. The system has been tested on a large number of 

artificial problems and on several medical and economic problems where data 

were readily available" [6, p. 152]. 
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Figure 1.3. A Connectionist Expert System 

The connectionist medical expert system described in [12] uses a 

learning algorithm developed by the authors that is based on a potential 

function approach to supervised learning. Bradshaw et al. introduce a three-

layer connectionist expert system that learns to forecast flares [1]. They 

conclude that their connectionist expert system can perform the same task as 

well as a conventionally built rule-based system. The architectures for 

executing probabilistic rule-bases in a parallel manner using information-

theoretic models is discussed in [7]. The main concern in this research is 

automatic generation of connectionist expert systems from data using a rule-

based representation. Hudli et al. [11] propose using artificial neural networks 

to construct an expert system model consisting of vertically organized sets of 

simple neural networks, each realizing a simple task. Two reasoning 
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procedures, backward and forward chaining, of expert systems have been 

implemented using neural network formalism. 

Representing Time 

Representing time has been considered a general problem for artificial 

intelligence research for a number of years. Many researchers have 

compensated for the lack of a direct representation method by modeling the 

course of external time with the program's own internal clock, changing the 

world model to reflect reality. This approach, however, leads to some confusion 

over when the system is correcting a mistaken decision, versus when it is 

updating an outdated conclusion [16]. 

More recently, the question of representing time has become 

increasingly important in our search for ways of representing human decision 

making processes through connectionist expert systems. Because most 

human behaviors unfold over time, any attempt to represent expert 

performance, without considering its temporal nature, can often lead to 

incorrect results. For example, physicians are responsible for not only 

diagnosing a disease but monitoring the patient's progress over time. Thus, a 

medical expert system must incorporate the element of time by representing 

not only a description of the disease but the entire course of the disease. 

The question of representing time in artificial neural networks seems 

contradictory because of the parallel nature of artificial networks. In many 

artificial neural network models, time has been used to learn, recognize, and 

reproduce temporal sequences. Temporal sequence learning is important for 

problems that can be expressed only as a sequence of events. Neural 
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networks which store and recognize a temporal sequence of inputs have been 

studied by [3, 4,8, 21]. In most of this research, time is represented explicitly 

rather than implicitly. 

Most specifically to this study, representing time in connectionist expert 

systems has been studied by [20]. In this particular work, the validity of rules 

and facts are collected at a selection of time instances that are used to 

determine the connecting weights of the respective instances. The resulting 

system is a temporal three-layer feedforward neural network. For each fixed 

time instance, the temporal neural network attempts to match the input 

pattern to the output pattern. To achieve this matching, the directed edges are 

attached k ordered pairs of weights for k time instances by using an algorithm 

that uses two separate methods to assign weights to the edges between input 

nodes and hidden nodes, and to the edges between hidden nodes and output 

nodes. Although most artificial neural networks can be represented as a three-

layer network, it is not always convenient to limit the number of layers to 

capture the temporal knowledge in connectionist expert systems. 

Furthermore, some input or hidden nodes may serve as output nodes at 

different time instances. Similarly, an output node may serve as an input node 

later. For example, in a medical expert system, several symptoms may be 

related to a specific disease (i.e., diagnoses). In this particular case, the 

symptoms are the input nodes and the specific disease is the output node. 

Later, this disease, along with its symptoms and several new symptoms, 

cause the system to conclude a second disease. In the second case, the first 

disease and its symptoms plus the new symptoms are the input nodes, and the 

second disease is the output node. 
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Thus, this research hopes to rectify the situations discussed above by 

presenting a model for representing time in connectionist expert systems. The 

idea, called unfolding of time, is used which assumes that the weight value 

between nodes is independent of specific time. Rather, the weight values 

between nodes are defined on the time interval between events. This model 

argues that it is irrelevant whether two events occur at a particular time 

instance. What is relevant is that the same two events are always separated 

by the same amount of time or time interval. A modified version of the 

backpropagation algorithm, called temporal backpropagation algorithm, is 

then used to update the weights between nodes. This model can be applied to 

any artificial neural network application, especially to those where time 

intervals are critical. Here, connectionist expert systems are chosen to 

examine the flexibility, generality, and applicability of the model. 

This work attempts to extend current work in connectionist theory by 

addressing the specific question of how best to capture sets of training data in 

a temporal connectionist expert system. Furthermore, the explicit 

representation of time discussed here makes it extremely practical to define 

any artificial neural network application including connectionist expert 

systems. 

Organization of the Thesis 

Chapter two describes the model and the algorithm developed. Chapter 

three describes the medical expert system used in the study, and the manner 

in which it is processed by the neural network. It also discusses the design and 
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methodology of the two experiments. Chapter four presents results of the 

experiments and discusses conclusions drawn from the experimental results. 

Chapter five discusses advantages and disadvantages of the method described 

in this research. It also suggests areas for further research. 
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CHAPTER II 

DESIGN 

A typical rule-based expert system keeps its expert knowledge (rules) in 

a knowledge base. A connectionist expert system, on the other hand, does not 

store the rules explicitly. We use the generated training patterns to train the 

system, instead. Once the system has been trained, it can answer any 

question in the field of its expertise, without referencing any previously stored 

information. This chapter will focus on the design issues related to the 

connectionist expert system that uses a temporal neural network model to 

develop its knowledge base. The temporal backpropagation algorithm that was 

developed to train temporal neural networks will also be explained in this 

chapter. 

The Expert System Architecture 

The knowledge base for the connectionist expert system is represented 

by a multi-layered neural network. Furthermore, each input has an associated 

discrete activation, 1 (true), 0 (unknown), or -1 (false). The input activations 

are set externally and used to compute activations of the other nodes. The 

output of the system is the activation(s) of its output node(s). 

The knowledge base for the temporal connectionist expert system 

consists of three major data structures: a pattern vector, a weight matrix, and 

18 
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a dependency matrix. (Figure 2.1). The meaning and purpose of each node are 

defined when constructing the knowledge base. The pattern vector is used to 

store the user's assigned values for the activations of the nodes for each time 

interval. The weight matrix stores the initial weights for each node in the 

network. These weights are randomly generated by the system. Finally, the 

dependency matrix stores information about how each node relates to the 

other nodes. The matrix lists the nodes whose values suffice for computing the 

activation value for each node. As a consequence, the expert system's 

inference engine can use the resulting network to make inferences based on 

partial information. 

The dependency matrix is also used to justify the conclusions derived by 

the expert system. Whenever the expert system makes a decision, i.e., an 

output node equals true, the system can use the information stored in the 

network matrix to explain how a particular node relates to other nodes in 

different layers over time. The justification is provided by referring to the initial 

input node activations and determining how they affect the final decision. 
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Figure 2.1. The Connectionist Expert System Data Structures 
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The Connectionist Model 

The connectionist expert system described in this work uses a temporal 

multi-layer feedforward neural network model (Figure 2.2). Thus, all 

connections between nodes go forwards, and there are no connections that go 

backwards between nodes in either the same or previous layers. Moreover, the 

system is able to store and learn patterns defined over different time intervals. 

A time interval is defined as the length of time between two time instances. 

Thus, the relationship between node Vx 2 m at time instance two and V3 4 n at 

time instance four, and 1 m at time instance one and V3 3 n at time instance 

three are equal because both node pairs are separated by the same time 

interval, i.e., two. To achieve this feature, the original network is duplicated for 

each time instance. A set of training data patterns is provided to the 

backpropagation algorithm, where each pattern represents a particular 

instance or case of expertise. 

The training patterns specify the desired activations for input and 

output units. It should be noted that the input nodes are not necessarily the 

nodes that appear in the first layer. Similarly, the output nodes can occur at 

any time instance and, thus, appear in any layer. Any node at any specific 

time instance can serve as an input node to any node at the same or a higher 

time instance. For example, for a network in which the nodes A, B, and C are 

input units, and D is the output unit at time t, a training instance used for the 

if-then rule, 
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Figure 2.2. A Multi-layer Temporal Neural Network 

if A at time t and B at time t+1 and D at time t+2 

then C at time t+3 

defines the unit C as the output unit at time t+3. To distinguish between the 

different occurrences of the same unit over time, the network structure is 

duplicated T times for sequences spanning the time instances t=l, 2,..., T. The 

resulting network is a temporal neural network. The idea, called unfolding of 

time, was originally suggested by Minsky and Papert [6] and assumes that the 

weight value between nodes is independent of time. But because a node can be 

connected to a node at the same or different time instance, there may be T 

different weight values for a connection between two units. Because of this 

feature, the weight can be formed as a polynomial function of time by using a 

curve fitting method after the network is trained. 
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The set of rules involving time must be duplicated and stored for every 

time interval in a rule-based expert system. For example, the rule 

if A at time t, and 

B at time t+i 

then C at time t+j 

where 

0 <= i <= 1,1 <= j <= 2, and 1 <= t <= 2 

must be stored in the knowledge base as a set of rules as follows 

if A at time 1, and 

B at time 1 

then C at time 2 

if A at time 2, and 

B at time 2 

then C at time 3 

if A at time 1, and 

B at time 2 

then C at time 2 

if A at time 2 and 

B at time 3 

then C at time 3 

if A at time 1, and 

B at time 2 

then C at time 2 

if A at time 2 and 

B at time 3 

then C at time 4 

if A at time 1, and 

B at time 1 

then C at time 3 

if A at time 2 and 

B at time 2 

then C at time 4 
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As the ranges of i, j, and t increases, the number of rules that need to be stored 

also grows rapidly. 

The resulting rules are not stored in a connectionist expert system, but 

rather are transformed into training patterns that are used to train the 

system. The connectionist model introduced in this study makes it possible to 

train the system for every time instance. 

Temporal Neural Networks Backpropagation Algorithm 

The back-propagation algorithm is central to most current work on 

learning using artificial neural networks. When the number of neurons and 

their connections are known, backpropagation is the most efficient learning 

algorithm [31. The backpropagation algorithm updates weight values as a 

result of each training session. Because the model described above makes it 

possible to connect a node at one time instance to another node at the same or 

a later time instance, a modified version of the backpropagation algorithm, 

called a temporal backpropagation algorithm, is introduced to train temporal 

neural networks. I call the connections between the units at the same time 

instance as intra-network connections, and the connections between the units 

at different time instances as inter-network connections. 

The enhanced multi-layer network (Figure 2.5) can be described as 

follows. Starting with the first node in layer 1, each node is given a sequential 

index number, called the network index. The nodes in different layers are also 

indexed independently. This second index number is called the layer index. Thus, 

a single node is represented with two different indices, a network index which is 
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valid throughout the network, and a layer index which is valid only in the layer 

that the node belongs. This particular notational convention is similar to the 

one used by Hertz [5]; Wy i n t denotes the weight value of the connection 

between node i and node j at time interval int, where i andj are network 

indexes. The time interval indicates the time difference between node i and 

node j. The weight for a given interval, regardless of which time instance the 

two end points occur, is always represented by the subscript int. In contrast, 

specific time instances are designed using either a t or time. The inputs are set 

to particular values. We label different training/test patterns by the 

superscript JA, SO that input k at time instance t is set to Sk ^ whenever 

pattern ja is presented. can be -1 (for false), 0 (for unknown), or 1 (for 

true). We denote the number of nodes by N in a single time instance, the 

number of training patterns by P, the number of layers by M, and the number 

of time instances by T. Thus, Vk t denotes the current activation (or 

output) of node k in layer m at time instance t, where k is the layer index. 

Nodes(m) is defined as a function that gives the number of the nodes in layer 

m. For the node to transmit an output, the actual potential or the net input 

should pass through a filter or transformation which is called the activation 

function. In this work, the sigmoid activation function has been used to filter 

the data. 

As in the conventional backpropagation algorithm, the temporal 

backpropagation algorithm modifies weights in the network in response to the 

training patterns. The network is updated incrementally; a pattern fx is 

presented and then all weights are updated before the next pattern is 

considered. The temporal backpropagation algorithm proceeds as follows: 



27 

1. For each time instance t, create a copy of the original neural 

network 

2. Initialize the weights to small random values. 

W i j , i n t : = r a n d o m 

for i =1,2,...,N 

j =1,2,--,N 

t =1,2,...,T 

such that WiJ i n t = Wj i i n t 

3. Choose a training pattern Sk and apply it to the network such that 

^k,t,m = ^k,t^ 

4. Check if this pattern involves time. 

4.1. If the training pattern involves time then 

4.1.1. Determine the output unit(s), V index t i m e l a y e r 

4.1.2. Propagate the signals forward through the 

network at the time instance time using 

^i,time,m — — ^k,p,0 

where 

k is the network index of node Vj t i m e m - 1 , and 

p is the network index of node Vj t i m e m 

for m = 2,..., layer, and 

i = l,...,Nodes(m) 
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4.1.3. Propagate the signals forward from all units 

defined at previous time instances through the 

output unit(s) using 

îndex, time, layer — S^ndex,time,layer) + îndex, time, layer 

= g(2j Wjj p t i m e . t Vj t j) 

where 

k is the network index of node V; t ]f and 
J * 1 ' ) 1 

p is the network index of node V index t i m e layer 

for 1 = 1,...,M, and 

t = 1,..., time-1 

4.1.4. Compute deltas for the output unit(s) by 

comparing the actual outputs, V index t i m e l a y e r 

with the expected ones, Expindex t i m e l a y e / , for 

pattern [i being considered 
8 — 
°index,time,layer ~ 

£ îndex,time,layer -̂̂ ^Pindex,time,layer^ " îndex,time,layer] 

4.1.5. Compute the deltas for the other units at time 

instance time by backpropagating the errors 

î,time,m~" 8 ̂ i,time,m) ^k,p,0 ĵ,time,m+l̂  
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where 

k is the network index of node Vj t i m e m, and 

p is the network index of node Vj t l-mp m + 1 

for m = layer-l,...,2 

i = Nodes(m),...,l 

4.1.6. Compute the deltas for the other units at 

previous time instances by backpropagating the 

errors from output unit(s) to these units 

^index^k,p,time-t îndex,time,layer'' 

where 

k is the network index of node Vj t m , and 

p is the network index of node V index t i m e l a y e r 

for m = M,...,l, 

i = Nodes(m),...,l, and 

t = time-l,...,l 

4.1.7. Use 

^k,p,0 = ^j,time,m+1 ^i,time,m + ^k,p,0 

where 

k is the network index of node Vj t i m p m , and 

p is the network index of node Vj time,m+i 

for m = layer-l,...,2 
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i = Nodes(m),...,l, and 

j = Nodes(l),...l 

to update all weights between the output unit(s) 

and the other units defined at time instance time 

4.1.8. Use 

^k,p,int _ ^index,time,layer^i,t,m + ^k,p,time-t 

where 

k is the network index of node V; f m , and 
J , t/,111 

p is the network index of node V index ^ l a y e r 

for m= 

i = Nodes(m),...,l, and 

t = time-l,...,l 

to update all weights between the output unit(s) 

and the other units defined at previous time 

instances 

4.1.9. Return to step 3 and repeat for the next pattern 

4.2. If the pattern does not involve time then 

4.2.1. Determine the output unit(s), V index t ime>layer 

4.2.2. Propagate the signals forward through the 

network at the time instance time using 

^i,time,m = £^,time,m) = ^k,p,0 Yj,time,m-l) 
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where 

k is the network index of node Vj t i m e ^ , and 

p is the network index of node Vi t i m e m 

for m = 2,..., layer 

i = l,...,Nodes(m) 

4.2.3. Compute deltas for the output unit(s) by 

comparing the actual outputs, V index t i m e l a y e r 

with the expected ones, Exp index t i m e l a y e / , for 

pattern ji being considered 

index,time,layer ~ 

£ ̂ index,time,layer^^^index,time,layer^ " ^index,time,layer ̂  

4.2.4. Compute the deltas for the other units at time 

instance time by backpropagating the errors 

^i,time,m~ £ ^,time,m^ ^k,p,0 ^j,time,m+l^ 

where 

k is the network index of node Vj t i m e m , and 

p is the network index of node Vj time m + 1 

for m = layer-l,...,2 

i = Nodes(m),...,! 
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4.2.5. Use 

^k,p,0 = *1 ĵ,time,m+l ̂ i,time,m + ^k,p,0 

where 

k is the network index of node Vj t ime m , and 

p is the network index of node Vj t l W m+1 

for m = layer-l,...,2, and 

i = Nodes(m),...,l, and 

j = Nodes(l),...l 

to update all weights between the output unit(s) 

and the other units defined at time instance time 

4.2.6. Return to Step 3 and repeat for the next pattern 

The activation function used to compute the activation level of a neuron 

must be a continuous, nonlinear function. The sigmoid activation function is 

used in most backpropagation algorithms [9] because the function must be 

differentiable and should saturate at both extremes. Either a [0,1] or a [-1,1] 

range can be used. It has the following form: 

1 
g(h) = 

l + e W 

and 

g(h) = tanh ph 
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respectively for the activation function, b is a system parameter and set 

usually to 1 or 1/2 [5]. 

In the above algorithm, h denotes the learning rate. A large value of h 

offers the most rapid learning. However, it is recommended to start with a 

large value such as 0.8 and gradually reduce it to 0.1 or less [4] to protect the 

neural network's generalizability and to avoid oscillations. The larger this 

constant is, the larger the changes in the weights [7] 

At the end of the training process, there are T different potential 

connections between two units which results in T different connection 

strengths, i.e. T different weights for T many time intervals, in the form of 

(in^W i j .0),(in ti,Wi j ti
) , . . . XT-l/Wy ^ ) 

where 

intk is the length of the time interval, 

i and j are network indexes, 1 <= i <= N, 1 <= j <= N, and 

N is the number of nodes in a single time instance 

It is possible to decrease the storage space used by fitting the weight values in 

a polynomial function of time: 
wij,int = f i j ( i n t ) = a0 + a l i n t + a ^ 2 + - + V1*1*"1 

This can be accomplished by using any curve fitting method. The method 

adopted in this research is least-squares polynomial approximation [1, 2]. 
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CHAPTER III 

A CONNECTIONIST MEDICAL EXPERT SYSTEM 

This chapter describes the medical expert system that was used to test 

the temporal neural network model and the temporal backpropagation 

algorithm. This study was carried out in two steps. First, the expert system 

knowledge base was rebuilt as a neural network using the connectionist model. 

Then, the resulting neural network was used to test the algorithm. 

The Medical Expert System Knowledge Base 

The knowledge base for the medical expert system contains the rules 

used to diagnose human infertility problems and recommend proper treatment. 

The system has twenty-nine parameters. These parameters and their values 

are described in Table 3.1. 

The expert system contains the rules defined over different time 

intervals. Total number of intervals used in this system is five. Each time 

interval corresponds to one week. An example of one of the rules is listed in 

Table 3.2. The time constraints of each rule are defined at the end of the rule. A 

complete listing of all the rules used in the study can be found in Appendix A. 

35 
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The Connectionist Expert System Knowledge Base 

The knowledge base of the connectionist expert system is a three-layer 

neural network which has 29 nodes: 12 nodes in the first layer, 11 nodes in the 

second layer, and 6 nodes in the third layer. Each node represents a parameter 

of the original expert system. The structure of the knowledge base is depicted 

in Figure 3.1. All connections are not shown in the figure. 

The training patterns have been generated from the rules defined above. 

Since each rule has several timing constraints, it is possible to generate more 

than one test pattern from each rule. In this study, 65 distinct patterns were 

generated and used to train the network. Training patterns are composed of O's 

(unknown), l's (true), and -l's (false). When generating a training pattern from 

a rule, the nodes that correspond to the expert system parameters with 

positive values are represented as 1, whereas those parameters with negative 

values are represented as -1. All the remaining nodes are 0. As an example, to 

generate a training pattern from the rule 

If HPO-Axis at time t and 

HSG/Laprascopy result at time t+i and 

not TSH Level at time t+i 

Then Check Prolactine Level at time t+k 

where k >= i >=0 

a time interval is first selected. Let's assume i is 1, and k is 2. Given these time 

constraints, the initial activations of the nodes are as follows: 



37 

Table 3.1. The Medical Expert System Knowledge Base Parameters 

Unit Explanation Value 

1 Amenore Yes/No 
2 Pregnant Yes/No 
3 Check cervix group 1 Yes/No 
4 Check cervix group 2 Yes/No 
5 Check female factor Yes/No 
6 Check FSH+LH level Yes/No 
7 Check Invitro-SP Yes/No 
8 Check Prolactine level Yes/No 
9 Check male factor Yes/No 
10 Do Clomiphen-citrate treatment Yes/No 
11 Do Estrogen stimulation Yes/No 
12 Do WorkUp on thyroid Yes/No 
13 Estrogen-progession treatment result Bleeding/Not 
14 Ovulation evaluation result Ovulatory/Unovulatory 
15 HP 0-Axis Yes/No 
16 HSG/Laparascopy test result Normal/Abnormal 
17 Ovulation test result + / -
18 Cervical mucus test result + / -
19 Post coital test result + / -
20 Prolactine level High/Normal 
21 Seminal fluid analysis result Normal/Abnormal 
22 Do WorkUp on estrogen-progession Yes/No 
23 TSH level High/Normal 
24 Unexplained infertility Yes/No 
25 No infertility problem Yes/No 
26 Hypogonadism infertility Yes/No 
27 End-organ failure Yes/No 
28 Mechanic infertility Yes/No 
29 Abnormal sperm deposition Yes/No 
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Table 3.2. An Expert System Rule 

Rule 01 

If Check female factor at time t and 
Ovulation Test result at time t+i and 
Cervical Mucus Test result at time t+i and 
Post Coital Test result at time t+i 

Then Do WorkUp on Thyroid at time t+k 

where 
k>= i>= 0 

Node 15 at time 1 is 1, 

Node 16 at time 2 is 1, 

Node 23 at time 2 is -1, 

Node 8 at time 3 is 1, 

All remaining nodes are represented as zero. 

This training pattern is represented as 

00000000000000100000000000000 

0000000000000001000000.000000 

00000001000000000000000000000 

A list of all training patterns used are given in Appendix B. 
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Figure 3.1. The Knowledge Base Structure of the 
Temporal Connectionist Expert System 



CHAPTER IV 

IMPLEMENTATION AND EVALUATION 

This chapter gives an overview of the system and describes a series of 

experiments that were carried out using the temporal neural network model 

and the temporal baekpropagation algorithm. The purpose of the first series of 

experiments was to determine if the training process worked as predicted. In 

the second set of experiments, the weight matrix in the trained network was 

compressed by defining the weight as a function of time intervals before 

presenting the system with the learned patterns. The same sets of training 

and test patterns were used for both cases. The result of the experiments 

indicate that both approaches produce correct results and that there are only 

minor differences in the results obtained from each set of experiments. 

Implementation 

The connectionist model is implemented using Think Pascal. The 

program itself actually consists of several subprograms: The weight matrix 

generator, the network generator, the pattern classifier, the propagation 

routines, the baekpropagation routines, and the weight update routines. The 

second version of the program uses additional routines, called the function 

approximation routines, which are used to define the weight matrix as a 

polynomial function of time at the completion of the training phase. 

40 
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The Weight Matrix Generator 

The matrix generator is a subroutine, called InitWeights, that initializes 

weights to small random values in the interval [0,1]. It is also responsible for 

generating symmetric weights such that W i j i n t = Wj i i n tfor all j and i. 

The Network Generator 

This set of subroutines is designed to initialize the temporal neural 

network. The first subroutine, ReadLevels, is used to define the number of 

nodes in each level. Because the program allows the user to define the number 

of layers and the nodes in each layer, different networks can be created 

interactively when the layers are defined. The second subroutine is called 

ReadTrainPattern. This routine reads one training pattern at a time and 

updates the initial values of nodes accordingly. 

The Pattern Classifier 

This set of programs are used to classify the pattern. Whenever a 

training or a test pattern is introduced to the network, it is first checked to see 

if it involves a time element. If the pattern does involve time, then it is said to 

be an inter-pattern, else it is classified as an intra-pattern. These patterns 

specify the desired activations for input and output units. The input units are 

not necessarily the units in the first layer. Similarly, the output nodes may be 

at any time instance and, thus, occur in any layer. Any unit at any specific 

time instance can serve as an input unit to any unit at the same or a higher 

time instance. Thus, the subroutine FindOutlnter is used to determine the 
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output node(s) in an inter-pattern. Similarly, the subroutine FindOutlntra is 

used to determine the output node(s) in an intra-pattern. 

The Propagation Routines 

The propagation routines Propagatelnter and Propagatelntra propagate 

the signals in an inter-pattern and intra-pattern respectively. These 

subroutines are called during the training phase of the system. The other two 

propagation routines are TestPatternlnter and TestPatternlntra which are used 

to propagate the signals and compute the activation(s) of output node(s) during 

the test phase. 

The Backpropagation Routines 

The backpropagation routines BackPropagatelnter and 

BackPropagatelnta are used to backpropagate the errors in an inter-pattern 

and intra-pattern respectively. BackPropagatelntra deploys the conventional 

backpropagation algorithm, whereas BackPropagatelnter uses the temporal 

backpropagation algorithm to backpropagate the errors. These 

backpropagated errors are then used to compute the errors in the weight 

values. 

The Weight Update Routines 

The UpdatesWeightlnter is used to update the weight values after 

introducing an inter-pattern. Similarly, UpdatesWeightlntra is used to update 

the weight values after introducing an intra-pattern. Because the 
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backpropagation routines compute the errors in the weight values, the weight 

update routines are called after each backpropagation routine is completed. 

Function Approximation Routines 

The function approximation routines are LeastSquares, SysLinEqns, 

Lufac, Lusolv, and Linsolv, which are used to define the weight values as n-th 

degree polynomial function of time intervals by using least squares polynomial 

approximation. As long as the training process continues, the weight values 

are updated accordingly. Thus the function approximation routines are called 

when the training phase is completed. This makes it possible to compress the 

weight matrix before using it in the test phase. 

Running the Program 

To run the NeuralNet program, it is first necessary to create files that 

contain training patterns and test patterns. Before the training phase, the 

program initializes the following variables: 

• NumberOfNode s: total number of nodes in the network. 

• NumberOfLayers: total number of layers in the network 

• NumberOfTimes: total number of time intervals in the temporal network. 

• NumberOfTrainPatterns: Total number of training patterns that are going 

to be used to train the network. 

• NumberOfTestPatterns: Total number of test patterns that are going to be 

used to test the system. 
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• DegOfPoly: Degree of the polynomial which is an approximation of the set of 

weight values. 

• Epochs: The correct set of weights is approached if the training process is 

continued for several more iterations through the set of patterns. Each of 

these iterations is called an epoch. This parameter indicates the total 

number of epochs required to obtain a set of weights, which are closer to a 

perfect solution. 

The program inputs one training pattern at a time. A single training 

process consists of reading a pattern, classifying it, determining the output 

node(s), propagating the signals throughout the network, backpropagating the 

errors backwards, and updating the weights accordingly. Following the training 

phase, the program reads the different test patterns, again, one pattern at a 

time, to determine whether the network can recognize the test pattern. The 

system displays YES if the activation of the output node is a positive value. 

The system displays NO if the calculated activation is a negative value. The 

system displays the answer UNKNOWN for the set of activations that are 

either zero or a number close to zero. A number is assumed to be zero if it is 

less than or equal to O.le-6. An example of test patterns is given in 

Appendix C. 
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Experiment 1 

In this series of experiments, the system was trained using training 

patterns created from the expert system knowledge base. After the system 

was trained, the network was tested using three different sets of test data. 

The first data set, Data Set #1, contained the same patterns as the training 

data set. The purpose of this first experiment was to see whether the training 

process was successful, i.e. whether the system could successfully recognize 

the learned pattern. To determine how well the system could successfully 

recognize the test pattern, all l's in Data Set #1 were changed to -1, and all 

-l's were changed to 1. This new data set was labeled Data Set #2. Although 

the system was not trained using this test data, the generalizability of a neural 

network should cause the system to respond correctly. The third data set, 

Data Set #3, contained some patterns representing those questions whose 

answers were unknown initially to the system. 

The results of the experiments indicate that the system learned the 

training patterns introduced successfully (Data Set #1). It also used its 

generalization ability to answer the questions represented by any test data 

(Data Set #2). Finally, the system was also able to respond to problems that 

contained unknown information (Data Set #3). The results of the experiments 

are given in Table 4.1. Because the correct set of weights were obtained in the 

training phase, the system was able to produce correct results for all three 

sets of test data. 



46 

Experiment 2 

The same methodology, training and data sets were used in a second 

series of experiments. However, the weight values in the trained system were 

approximated to n-th degree polynomial function of time intervals, instead. The 

system was tested using different degrees of polynomial. The results from 

these experiments indicate that compressing the weight matrix has no effect 

on the system 's accuracy, but it does affect the number of epochs and the 

amount of time required to learn the training examples. However, when the 

number of nodes in the system were relatively large, compressing the weight 

matrix saved storage space. The results of the experiments are given in Table 

4.2. 

Evaluation 

For each node X, the backpropagation algorithm finds all other nodes 

that positively or negatively contribute to node X. The affecting nodes 

eventually are assigned all of the weight. If any node does not affect another 

node, it is assigned zero. 

In each experiment, the first epochs were assigned a large learning rate 

(0.8) to obtain the most rapid learning. For all remaining epochs, the learning 

rate was reduced gradually to 0.0 to protect the neural network's 

generalization ability and to avoid oscillations. Reducing the learning rate made 

it easier to recognize an unusual set of patterns. To get a measure of the 

closeness of the approximation to a perfect solution, an error measure was 
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calculated for each pattern and for each epoch. For each pattern, the error 

measure is the value of the error (expected - computed) squared. This measure 

was then summed over all patterns to get a total sum of squares measure [1]. 

The resulting error measure for each of the epochs gets smaller over epochs. 

The number of epochs where the number of errors became zero for the each 

experiment is shown in Table 4.3 and Table 4.4 respectively. 

The results indicated that the network had difficulty recognizing test 

patterns that differed from the typical patterns presented in the training data 

set. This was most obvious when weight values were approximated. The 

system tended to have fewer errors as the degree of the polynomial was 

increased. One of the reasons for this is that as the number of hidden units 

increases, the training error rates generally decrease [2]. Compressing the 

weight matrix via weight approximation has the effect of decreasing the 

number of hidden layers. Thus, there is a decreased flexibility in the network to 

fit the data. However, it seems likely that the system would eventually learn to 

differentiate between the "average" and "atypicial" patterns. The system 

always gave correct results to all test patterns whenever real and not 

approximated values were used. 
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Table 4.1. Experiment 1 Results 

Data Set Epoch Num. of Errors 
1 1 0 
2 4 0 
3 6 0 

Table 4.2. Experiment 2 Results 

Data Set Epoch Num. of Errors Deg. of Poly. 
1 21 0 3 
1 15 0 4 
1 16 0 5 
2 22 1 3 
2 22 0 4 
2 20 0 5 
3 22 2 3 
3 22 1 4 
3 21 0 5 
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Table 4.3. Error Measurements for Experiment 1 

Epoch Total Sum of Squares 
6 0 

Table 4.4. Error Measurements for Experiment 2 

Epoch Total Sum of Squares Deg. of Poly 
22 5 3 
21 1 4 
21 0 5 
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CHAPTER V 

CONCLUSION AND FURTHER RESEARCH 

This chapter summarizes the findings of this dissertation. More 

specifically, it lists the advantages and disadvantages of the temporal neural 

network model and the temporal backpropagation algorithm. It also includes a 

discussion of future research. 

This dissertation has introduced a temporal neural network model that 

can be applied to a number of neural network application areas. The idea of 

using neural networks to develop knowledge bases for expert systems was 

suggested several years ago as a way of eliminating the tedious chore of 

encoding knowledge from the experts. Expert systems developed from neural 

networks are known as connectionist expert systems. The advantage of using 

a connectionist expert system approach over other conventional techniques to 

build expert systems are as follows. 

• A connectionist model is easier to maintain than conventional expert 

systems because the connectionist expert systems use training patterns, 

not human knowledge, to develop their knowledge base. 

• Connectionist expert systems are better models of human-like reasoning 

compared to conventional rule-based systems. Connectionist expert 
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systems are especially suitable when the creation of if-then rules is not 

possible or would be contradictory. 

While connectionist expert systems hold many advantages, as listed above, 

they lack the ability to represent time. Since most human behavior unfolds 

over time, it can be argued that it is extremely important to represent 

temporal knowledge in artificially intelligent systems, particularly in 

connectionist expert systems. The model suggested in this research, called a 

temporal connectionist expert system, addresses the problem of representing 

time in a connectionist expert system. The system does this by duplicating the 

original network for T time instances such that, at the end of the training 

process, the network contains T different weights for each connection in the 

network. Thus, the weight can be defined as an n-th degree polynomial 

function of time intervals. The approach adopted in this research is least-

squares polynomial approximation. One disadvantage of the weight 

approximation approach is that it tends to make the system run slower. Also, 

the network has difficulty recognizing test patterns that differ from the typical 

instances in the training data set. This is more effective when we approximate 

the weight values to a function. Although the system works more accurately 

as we increase the degree of the polynomial, it does not always give correct 

results when given test patterns that differ from typical instances. However, it 

seems likely that the system would eventually learn to differentiate between 

the average and atypical cases. 
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Thus, the temporal model along with the temporal backpropagation 

algorithm makes it extremely practical to define any artificial neural network 

application. The advantages of using this particular approach are 

• The temporal neural network model provides the user with greater 

flexibility to represent time in neural networks. Because most human 

behaviors unfold over time, representing time is extremely important in 

expert systems. The model introduced in this research has been tested by 

using a medical connectionist expert system to show how we describe not 

only the disease but also the entire course of the disease. It has been shown 

that the model captures the temporal knowledge conveniently. 

• The temporal connectionist model makes the knowledge base of a 

connectionist expert system easier to maintain. A connectionist expert 

system uses training patterns to develop its knowledge base; it does not 

store expert knowledge explicitly. Once the neural network is trained, it can 

be used to make inferences. 

• Because connectionist expert systems are a better model of human-like 

reasoning compared to rule-based expert systems, the temporal model 

allows the user to represent a number of different types of applications in a 

more natural way. Although this connectionist expert system model is 

applicable to many different decision problems, it is especially suitable 

when the creation of if-then rules is not possible or contradictory. 
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• The model along with the temporal backpropagation algorithm makes it 

extremely practical to define any artificial neural network application. 

• Output nodes can be defined in any layer. This is very important, especially 

for temporal models, because it is often necessary to have an input or 

output node at a specific time instance serve as an input node to a node at 

the same or higher time instances. 

• Although it may seem redundant to duplicate the neural network for each 

time instance, this is not a major problem because of the discrete nature of 

the model. It is possible to process the large networks partially using 

several optimization techniques. In this way, the memory space required to 

represent the neural network can be maintained conveniently. 

• Memory space can be reduced by compressing the weight matrix using the 

function approximation approach. This makes it possible to decrease the 

storage space used by the weight matrix by eliminating the redundancy of 

keeping all weight values for all connections in the network. 

Further Research 

This dissertation has introduced a temporal neural network model that 

can be applied to a number of neural network application areas. The model and 

the backpropagation algorithm described in this study are applicable to multi-

layer feedforward neural networks, which can be extended to include recurrent 
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neural network models. For example, the temporal model introduced in this 

research can be modified to represent temporal data in recurrent neural 

networks, which are not strictly feedforward, but include direct or indirect loops 

of connections. Then, the temporal backpropagation algorithm discussed here 

can be extended and applied to these recurrent networks. 

In the connectionist expert system discussed in this research, the rules 

were defined over time intervals, instead of time instances (see page 40). For 

this reason, the temporal backpropagation algorithm used the weight values 

that were also defined over time intervals. However, for the connectionist 

experts systems that have rules defined over time instances, it will be 

necessary to modify the algorithm to work with specific time instances. This 

and other basic questions concerning temporal reasoning and neural networks 

will be the subject of future research. 
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Riile 01 

If Check female factor at time t and 

Ovulation Test result at time t+i and 

Cervical Mucus Test Result at time t+i and 

Post Coital test result at time t+i 

Then HP O-Axi s at time t+k 

where k >= i >= 0 

Rule 02 

If HPO-Axis at time t and 

HSG/Laprascopy result at time t+i and 

TSH Level at time t+i and 

Then Do WorkUp on Thyroid at time t+k 

where k >= i >= 0 

Rule 03 

If HPO-Axis at time t and 

Do WorkUp on Thyroid at time t+j and 

not Pregnant at time t+i 

Then Unexplained Infertility at time t+k 

where k>=i >=j >=0 
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Rule 04 

If HPO-Axis at time t and 

HSG/Laprascopy result at time t+i and 

not TSH Level at time t+i 

Then Check Prolactine Level at time t+k 

where k >= i >=0 

Rule 05 

If Check Prolactine Level at time t and 

Prolactine Level at time t+i 

Then Do Bromocriptine Treatment at time t+k 

where k >= i >=0 

Rule 06 

If Check Prolactine Level at time t and 

not Prolactine Level at time t+i and 

Then Do Clomiphen Citrate Treatment at time t+k 

where k >= i >=0 

Rule 07 

If Do Clomiphen Citrate Treatment at time t and 

not Ovulation Evaluation result at time t 

Then Do Clomiphen Citrate Treatment at time t+i 

where i >=0 
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Rule 08 

If not FSH+LH level at time t+i 

Then Work-Up on Estrogen-Progession at time t+k 

where k >= i >=0 

Rnle 09 

If Work-Up on Estrogen-Progession at time t and 

Estrogen-Progession Treatment result at time t+i 

Then Hypogonadism Infertility at time t+i 

where i >=0 

Rule 10 

If Work-Up on Estrogen-Progession at time t and 

not Estrogen-Progession Treatment result at time t+i 

Then End-Organ Failure at time at time t+i 

where i >=0 

Rule 11 

If FSH+LH level at time t+i 

Then Hypogonadism Infertility at time t+i 

where i >=0 
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Rule 12 

If HPO-Axis at time t and 

not HSG/Laparascopy result at time t+i 

Then Mechanic Infertility at time t+i 

where i >=0 

Rule 13 

If Check Male Factor at time t and 

Seminal Fluid Analysis result at time t+i 

Then Check Female Factor at time t+k 

where k >= i >=0 

Rule 14 

If Check Male Factor at time t and 

not Seminal Fluid Analysis result at time t+i 

Then Check Male Factor at time t+k 

where k >= i >=0 

Rule 15 

If Check Female Factor at time t and 

Ovulation Test result at time t+i and 

not Cervical Mucus Test result at time t+j and 

not Post Coital Test result at time t+j 

Then Check Cervixl at time t+k 

where k >= j >= i >=0 
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Ride 16 

If Check Female Factor at time t and 

not Ovulation Test result at time t+j and 

Cervical Mucus Test result at time t+i and 

Post Coital Test result at time t+i 

Then Cervix2 at time t+k 

where k >= i >=j >=0 

Ride 17 

If Do Clomiphen-Citrate Treatment at time t and 

Ovulation Test result at time t+i and 

Cervical Mucus Test result at time t+i 

Then Do Clomiphen-Citrate Treatment at time t+k 

where k >=i >=0 

Rule 18 

If Do Clomiphen-Citrate Treatment at time t and 

Ovulation Test result at time t+i and 

not Cervical Mucus Test result at time t+i 

Then Do Estrogen Stimulation at time t+k 

where k>= i >=0 
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Rule 19 

If Do Clomiphen-Citrate Treatment at time t and 

not Ovulation Test result at time t+i and 

not Cervical Mucus Test result at time t+i and 

Then Do Clomiphen-Citrate Treatment at time t+k 

where k >= i >= 0 

Rule 20 

If Check Female Factor at time t and 

not Ovulation Test result at time t+i and 

not Cervical Mucus Test result at time t+i and 

not Post Coital Test result at time t+i 

Then Severe Infertility Condition at time t+k 

where k >= i >= 0 

Rule 21 

If Do Estrogen Stimulation at time t and 

not Cervical Mucus Test result at time t+i and 

not Post Coital Test result at time t+i 

Then Check Cervixl at time t+k 

where k >= i >= j >= 0 
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Riile 22 

If Do Estrogen Stimulation at time t and 

Cervical Mucus Test result at time t+i and 

not Post Coital Test result at time t+i 

Then Check Cervixl at time t+k 

where k >= i >= j >= 0 

Rule 23 

If Check Cervix2 at time t+j and 

Do Clomiphen-Citrate Treatment at time t and 

Ovulation Test result at time t+i and 

Cervical Mucus Test result at time t+i and 

not Pregnant at time t+i 

Then HPO-Axis at time t+k 

where k >= i >= j >= 0 

Ride 24 

If Check Cervixl at time t+j and 

Do Estrogen Stimulation at time t and 

not Cervical Mucus Test result at time t+i and 

not Post Coital Test result at time t+i and 

not Pregnant at time t+k 

Then HPO-Axis at time t+k 

where k >= i >= j >= 0 
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Rule 25 

If Do Clomiphen-Citrate Treatment at time t and 

not Ovulation Evaluation result at time t+i 

Then Do Clomiphen-Citrate Treatment at time t+k 

where k >= i >= 0 

Rule 26 

If Do Clomiphen-Citrate Treatment at time t and 

Ovulation Evaluation result at time t+i 

Then No Infertility Problem at time t+i 

where i >= 0 
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*** Training Pattern # 1 *** 
Node[l,l,5]= 1 
Node[2,2,5]= 1 
Node[2,2,6]= 1 
Node[2,2,7]= 1 
Node[3,2,3]= 1 
All other nodes are 0 

Output Node is : NN[3,2,3] 

*** Training Pattern # 2 *** 
Node[2,l,5]= 1 
Node[3,2,5]= 1 
Node[3,2,6]= 1 
Node[3,2,7]= 1 
Node[4,2,3]= 1 
All other nodes are 0 

Output Node is: NN[4,2,3] 

*** Training Pattern # 3 *** 
Node[l,2,3]= 1 
Node[l,2,4]= 1 
Node[l,2,ll]= 1 
Node[2,l,12]= 1 
All other nodes are 0 

Output Node is: NN[2,1,12] 

*** Training Pattern # 4 *** 
Node[l,2,3]= 1 
Node[2,2,4]= 1 
Node[2,2,ll]= 1 
Node[3,l,12]= 1 
All other nodes are 0 
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Output Node is: NN[3,1,12] 

*** Training Pattern # 5 *** 
Node[2,2,3]= 1 
Node[2,2,4]= 1 
Node[2,2,ll]= 1 
Ncxie[3,l,12]= 1 
All other nodes are 0 

Output Node is: NN[3,1,12] 

*** Training Pattern # 6 *** 
Node[2,2,3]= 1 
Node[3,2,4]= 1 
Node[3,2,ll]= 1 
Node[4,l,12]= 1 
All other nodes are 0 

Output Node is: NN[4,1,12] 

*** Training Pattern # 7 *** 
Node[3,2,3]= 1 
Node[3,2,4]= 1 
Node[3,2,ll]= 1 
Node[4,l,12]= 1 
All other nodes are 0 

Output Node is: NN[4,1,12] 

Training Pattern # 8 *** icick 

Node[l,l,12]= 1 
Node[l,2,3]= 1 
Node[2,l,2]= _ 
Node[2,3,l]= 1 
All other nodes are 0 

Output Node is: NN[2,3,1] 
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*** Training Pattern # 9 *** 
Node[l,2,3]= 1 
Node[2,l,2]= _ 
Node[2,l,12]= 1 
Node[2,3,l]= 1 

All other nodes are 0 

Output Node is: NN[2,3,1] 

*** Training Pattern #10 *** 
Node[l,2,3]= 1 
Node[2,l,12]= 1 
Node[3,l,2]= _ 
Node[3,3,l]= 1 

All other nodes are 0 

Output Node is: NN[3,3,1] 

*** Training Pattern #11 *** 
Node[2,l,12]= 1 
Node[2,2,3]= 1 
Node[3,l,2]= _ 
Node[3,3,l]= 1 
All other nodes are 0 

Output Node is: NN[3,3,1] 

*** Training Pattern #12 *** 
Node[2,2,3]= 1 
Node[3,l,2]= _ 
Node[3,l,12]= 1 
Node[3,3,l]= 1 
All other nodes are 0 

Output Node is : NN[3,3,1] 
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*** Training Pattern #13 *** 
Node[2,2,3]= 1 
Node[3,l,12]= 1 
Node[4,l,2]= _ 
Node[4,3,l]= 1 
All other nodes are 0 

Output Node is: NN[4,3,1] 

*** Training Pattern #14 *** 
Node[3,l,12]= 1 
Node[3,2,3]= 1 
Node[4,l,2]= _ 
Node[4,3,l]= 1 

All other nodes are 0 

Output Node is: NN[4,3,1] 

*** Training Pattern #15 *** 
Node[3,2,3]= 1 
Node[4,l,2]= _ 
Node[4,l,12]= 1 
Node[4,3,l]= 1 
All other nodes are 0 

Output Node is: NN[4,3,1] 

*** Training Pattern #16 *** 
Node[l,2,3]= 1 
Node[l,2,4]= 1 
Node[l,2,ll]= _ 
Node[2,l,8]= 1 
All other nodes are 0 

Output Node is: NN[2,1,8] 
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*** Training Pattern #17 *** 
Node[l,2,3]= 1 
Node[2,2,4]= 1 
Node[2,2,ll]= _ 
Node[3,l,8]= 1 
All other nodes are 0 

Output Node is: NN[3,1,8] 

*** Training Pattern #18 *** 
Node[2,2,3]= 1 
Node[2,2,4]= 1 
Node[2,2,ll]= _ 
Node[3,l,8]= 1 
All other nodes are 0 

Output Node is : NN[3,1,8] 

*** Training Pattern #19 *** 
Node[3,2,3]= 1 
Node[3,2,4]= 1 
Node[3,2,ll]= _ 
Node[4,l,8]= 1 
All other nodes are 0 

Output Node is : NN[4,1,8] 

*** Training Pattern #20 *** 
Node[2,2,3]= 1 
Node[3,2,4]= 1 
Node[3,2,ll]= _ 
Node[4,l,8]= 1 
All other nodes are 0 

Output Node is : NN[4,1,8] 
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*** Training Pattern #21 *** 
Node[l,l,8]= 1 
Node[2,2,8]= _ 
Node[3,l,10]= 1 
All other nodes are 0 

Output Node is : NN[3,1,10] 

*** Training Pattern #22 *** 
Node[2,l,8]= 1 
Node[3,2,8]= _ 
Node[4,l,10]= 1 
All other nodes are 0 

Output Node is: NN[4,1,10] 

*** Training Pattern #23 *** 
Node[l,l»10]= 1 
Node[2,2,2]= _ 
Node[3,l,10]= 1 
All other nodes are 0 

Output Node is: NN[3,1,10] 

*** Training Pattern #24 *** 
Node[2,l,10]= l 
Node[3,2,2]= _ 
Node[4,l,10]= 1 
All other nodes are 0 

Output Node is: NN[4,1,10] 
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*** Training Pattern #25 *** 
Node[l,2,10]= 1 
Node[2,2,l]= 1 
Node[2,3,3]= 1 
All other nodes are 0 

Output Node is: NN[2,3,3] 

*** Training Pattern #26 *** 
Node[2,2,10]= 1 
Node[3,2,l]= 1 
Node[3,3>3]= 1 
All other nodes are 0 

Output Node is: NN[3,3,3] 

*** Training Pattern #27 *** 
Node[3,2,10]= l 
Node[4,2,l]= 1 
Node[4,3,3]= 1 

All other nodes are 0 

Output Node is: NN[4,3,3] 

*** Training Pattern #28 *** 
Node[l,2,10]= 1 
Node[2,2,l]= _ 
Node[2,3,4]= 1 
All other nodes are 0 

Output Node is: NN[2,3,4] 
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*** Training Pattern #29 *** 
Node[2,2,10]= l 
Node[3,2,l]= _ 
Node[3,3>4]= l 
All other nodes are 0 

Output Node is: NN[3,3>4] 

*** Training Pattern #30 *** 
Node[3,2,10]= l 
Node[4,2,l]= _ 
Node[4,3,4]= 1 
All other nodes are 0 

Output Node is : NN[4,3,4] 

*** Training Pattern #31 *** 
Node[l,2,3]= 1 
Node[l,2,4]= _ 
Node[l,3,5]= 1 
All other nodes are 0 

Output Node is: NN[1,3>5] 

*** Training Pattern #32 *** 
Node[l,2,3]= 1 
Node[2,2,4]= _ 
Node[2,3,5]= 1 
All other nodes are 0 

Output Node is: NN[2,3>5] 
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*** Training Pattern #33 *** 
Node[2,2,3]= 1 
Node[2,2,4]= _ 
Node[2,3,5]= 1 
All other nodes are 0 

Output Node is : NN[2,3,5] 

*** Training Pattern #34 *** 
Node[2,2,3]= 1 
Node[3,2,4]= _ 
Node[3,3,5]= 1 
All other nodes are 0 

Output Node is: NN[3,3,5] 

*** Training Pattern #35 *** 
Node[3,2,3]= 1 
Node[3,2,4]= _ 
Node[3,3,5]= 1 
All other nodes are 0 

Output Node is: NN[3,3>5] 

*** Training Pattern #36 *** 
Node[3,2,3]= 1 
Node[4,2,4]= _ 
Node[4,3,5]= 1 
All other nodes are 0 

Output Node is : NN[4,3,5] 
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*** Training Pattern #37 *** 
Node[4,2,3]= 1 
Node[4,2,4]= _ 
Node[4,3,5]= 1 
All other nodes are 0 

Output Node is: NN[4,3>5] 

*** Training Pattern #38 *** 
Node[l,l,9]= 1 
Node[2,2,9]= 1 
Node[3,l,5]= 1 
All other nodes are 0 

Output Node is: NN[3,1,5] 

*** Training Pattern #39 *** 
Node[2,l,9]= 1 
Node[3,2,9]= 1 
Node[4,l,5]= 1 
All other nodes are 0 

Output Node is: NN[4,1,5] 

*** Training Pattern #40 *** 
Node[l,l>9]= 1 
Node[2,2,9]= _ 
Node[3,l,9]= 1 
All other nodes are 0 

Output Node is: NN[3,1,9] 
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*** Training Pattern #41 *** 
Node[2,l,9]= 1 
Node[3,2,9]= _ 
Node[4,l,9]= 1 
All other nodes are 0 

Output Node is : NN[4,1,9] 

*** Training Pattern #42 *** 
Node[l,l,5]= 1 
Node[2,2,5]= 1 
Node[2,2,6]= _ 
Node[2,2,7]= _ 
Node[3,l>3]= 1 
All other nodes are 0 

Output Node is: NN[3,1,3] 

*** T r a in ing Pattern #43 *** 
Node[l,l,5]= 1 
Node[2,2,5]= 1 
Node[3,2,6]= _ 
Node[3,2,7]= _ 
Node[4,l,3]= 1 

All other nodes are 0 

Output Node is: NN[4,1,3] 

*** Training Pattern #44 *** 
Node[2,l,5]= 1 
Node[3,2,5]= 1 
Node[3,2,6]= _ 
Node[3,2,7]= _ 
Node[4,l,3]= 1 
All other nodes are 0 
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Output Node is: NN[4,1,3] 

*** Training Pattern #45 *** 
Node[l,l,ll]= 1 
Node[2,l,3]= 1 
Node[3,2,6]= 1 
Node[3,2,7]= 1 
Node[4,l,7]= 1 
All other nodes are 0 

Output Node is: NN[4,1,7] 

*** Training Pattern #46 *** 
Node[l,l,H]= 1 
Node[2,l,3]= 1 
Node[3,l,2]= _ 
Node[3,2,6]= _ 
Node[3,2,7]= _ 
Node[4,2,3]= 1 
All other nodes are 0 

Output Node is: NN[4,2,3] 

*** Training Pattern #47 *** 
Node[l,l,H]= 1 
Node[2,l,3]= 1 
Node[3,2,6]= _ 
Node[3,2,7]= _ 
Node[4,l,2]= _ 
Node[4,2,3]= 1 
All other nodes are 0 

Output Node is: NN[4,2,3] 
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*** Training Pattern #48 *** 
Node[l,l,5]= 1 
Node[2,2,5]= _ 
Node[2,2,6]= 1 
Node[2,2,7]= 1 
Node[3,l,4]= 1 
All other nodes are 0 

Output Node is : NN[3,1,4] 

*** Training Pattern #49 *** 
Node[2,l,5]= 1 
Node[3,2,5]= _ 
Node[3,2,6]= 1 
Node[3,2,7]= 1 
Node[4,l,4]= 1 
All other nodes are 0 

Output Node is: NN[4,1,4] 

*** Training Pattern #50 *** 
Node[l,l,10]= 1 
Node[2,2,5]= 1 
Node[2,2,6]= 1 
Node[3,l,10]= 1 
All other nodes are 0 

Output Node is : NN[3,1,10] 

*** Training Pattern #51 *** 
Node[2,l,10]= 1 
Node[3,2,5]= 1 
Node[3,2,6]= 1 
Node[4,l,10]= 1 
All other nodes are 0 



79 

Output Node is: NN[4,1,10] 

*** Training Pattern #52 *** 
Node[l,l,4]= 1 
Ncx3e[l,l,10]= 1 
Node[2,l,7]= -
Node[2,2,5]= 1 
Node[2,2,6]= 1 
Node[3,2,3]= 1 

All other nodes are 0 

Output Node is: NN[3,2,3] 

*** Training Pattern #53 *** 
Node[l,l,10]= 1 
Node[2,l,4]= 1 
Node[3,l,7]= _ 
Node[3,2,5]= 1 
Node[3,2,6]= 1 
Node[4,2,3]= 1 
All other nodes are 0 

Output Node is: NN[4,2,3] 

*** Training Pattern #54 *** 
Node[2,l,4]= 1 
Node[2,l,10]= 1 
Node[3,l,7]= _ 
Node[3,2,5]= 1 
Node[3,2,6]= 1 
Node[4,2,3]= 1 
All other nodes are 0 

Output Node is: NN[4,2,3] 
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*** Training Pattern #55 *** 
Node[l,l,10]= 1 
Node[2,2,5]= 1 
Node[2,2,6]= _ 
Node[3,l,H]= 1 

All other nodes are 0 

Output Node is: NN[3,1,11] 

*** Training Pattern #56 *** 
Node[2,l,10]= 1 
Node[3,2,5]= 1 
Node[3,2,6]= _ 
Node[4,l,H]= 1 
All other nodes are 0 

Output Node is: NN[4,1,11] 

*** Training Pattern #57 *** 
Node[l,l,10]= 1 
Node[2,2,5]= _ 
Node[2,2,6]= _ 
Node[3,l,10]= 1 
All other nodes are 0 

Output Node is: NN[3,1,10] 

*** Training Pattern #58 *** 
Node[2,l,10]= 1 
Node[3,2,5]= _ 
Node[3,2,6]= _ 
Node[4,l,10]= 1 
All other nodes are 0 

Output Node is: NN[4,1,10] 
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Training Pattern #59 *** 
Node[l,l,5]= l 
Node[2,2,5]= _ 
Node[2,2,6]= _ 
Node[2,2,7]= _ 
Node[2,3,l]= 1 

All other nodes are 0 

Output Node is: NN[2,3,1] 

*** Training Pattern #60 *** 
Node[2,l,5]= l 
Node[3,2,5]= _ 
Node[3,2,6]= _ 
Node[3,2,7]= _ 
Node[3,3,l]= 1 

All other nodes are 0 

Output Node is: NN[3,3,1] 
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*** Test Pattern # 1 *** 
Node[l,l,ll]= 1 
Node[l,l,12]= _ 
Node[3,2,3]= ? 
All other nodes are 0 
Output Node is: NN[3,2,3] 
Activation(Sum) = 0.54235076904297 

YES 

*** Test Pattern # 2 *** 
Node[3,l>10]= 1 
Node[4,2,3]= ? 
All other nodes are 0 
Output Node is: NN[4,2,3] 
Activation(Sum)= 0.51249492168427 

YES 

*** Test Pattern # 3 *** 
Node[2,l,12]= ? 
All other nodes are 0 
Output Node is: NN[2,1,12] 
Activation(Sum)= 0.00000000000000 

UNKNOWN 

*** Test Pattern # 4 *** 
Node[3,l>12]= ? 
All other nodes are 0 
Output Node is: NN[3,1,12] 
Activation(Sum)= 0.00000000000000 

UNKNOWN 

*** Test Pattern # 5 *** 
Node[2,2,ll]= _ 
Node[3,l,12]=? 
All other nodes are 0 
Output Node is: NN[3,1,12] 
Activation( Sum) = -0.24751421809196 

NO 
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*** Test Pattern # 6 *** 
Node[2,2,3]= 1 
Node[3,2,4]= _ 
Node[3,2,ll]= 1 
Node[4,l,12]= ? 
All other nodes are 0 
Output Node is : NN[4,1,12] 
Activation( Sum) = 0.59448164701462 

YES 

*** Test Pattern # 7 *** 
Node[3,2,3]= 1 
Node[3,2,4]= 1 
Node[3,2,ll]= 1 
Node[4,l,12]= ? 
All other nodes are 0 
Output Node is: NN[4,1,12] 
Activation(Sum)= 0.94872558116913 

YES 

*** Test Pattern # 8 *** 
Node[l,l,12]= 1 
Node[l,2,3]= 1 
Node[2,l,2]= _ 
Node[2,3,l]= ? 
All other nodes are 0 
Output Node is: NN[2,3,1] 
Activation(Sum)= 0.95491796731949 

YES 

*** Test Pattern # 9 *** 
Node[l,2,3]= 1 
Node[2,l,2]= _ 
Node[2,l,12]= 1 
Node[2,3,l]= ? 
All other nodes are 0 
Output Node is: NN[2,3,1] 
Activation( Sum) = 0.85617786645889 

YES 
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