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ABSTRACT

In this thesis we compare several machine learning techniques for evaluating
external skeletal fixation proposals. We experimented in the context of dog bone
fractures but the potential applications are numerous. Decision trees tend to give
both binary and multiple-class predictions quickly and accurately. The classifier
system method does worse due to the small size of the data set and missing values.
The use of Artificial Neural Networks is promising, although it takes considerable
time in training. A Genetic Algorithm is also employed to find the best parameters
of the Neural Network. Experimental results for the different methods are presented
and compared.
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CHAPTER 1

INTRODUCTION

Accidents can happen to anybody including your pets. Bone fractures that occur in
dogs need special attention and treatment. Bone fracture repair in dogs is very crit-
ical for the health of the pet when an unexpected accident occurs. There are various
methods of repairing fractures from simple confinement and rest to internal mechan-
ical fixation with bone grafts. However, animals are not as cooperative as humans in
following instructions. Therefore, veterinarians usually use external skeletal fixation
devices (also called fixators ) that can be attached to the bone in order to secure it
during the healing process. External Skeletal Fixation (ESF) is a technique that is
frequently used to treat patient with orthopedic injuries. An simple ESF consists of

three elements:

e Fasteners. These pins transfix bone segments and act as handlers to those bone

segments.
e Connectors. Used to connect rods or acrylic columns.
e Linkage devices. Attach the fasteners to the connectors.

Many different configurations of ESF with different level of stability (type I, IT and
[II) can be obtained by utilizing these three basic components. For more information,
refer to [7]. A typical type Ib fixator is shown in Figure 1. It contains two frames
with two planes, which secure the bone fracture(s), yet allow the animal to move

around moderately.



Figure 1.1: An external skeletal fixation device-Type Ib fixator

Researchers and veterinarians at the Veterinary School of The University of
Georgia have been collecting and studying the data of their dog patients in order to
learn which treatment is suitable for which dog. Not all dog patients can be treated
in the same way. Veterinarians have to consider biological, mechanical and clin-
ical information in order to provide the best treatment. Therefore, the researchers
have to consider different treatments for each dog. An efficient evaluation (or better
yet recommendation) system would be a useful tool for them in several aspects. It
can be used in teaching by allowing students to test their proposed treatment plans
through this system before going through expensive experiments. It can also be used
to demonstrate the bone fracture(s) and different treatment proposals to the owner
of the patient. Since the owners usually understand their pets better, having them
involved would greatly help veterinarians make a final decision about treatment. The
system can also be used to assist veterinarians in building databases, selecting fixa-

tors and recommending treatments. Most importantly, through testing this system
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on dog external skeletal fixation, we could optimize this system, and hopefully it
could be used to help human patients and their doctors in selecting a treatment
plan to some extent.

There are many factors that affect the selection of treatment. Many institutes
have their own rules for selecting the effective parameters, but there are no existing
standards in the public domain. Based on operational experience, professors in the
veterinary school of the University of Georgia proposed a standard for recording
the patient condition, which contains two parts with five categories. The first part
records patient characteristics like age, history, size and owner’s responsibility level.
The second part refers to the proposed treatment itself. Table 1.1 shows an example
of the score system. In the table, the biological parameters describe the general
situation about a patient (a dog); the clinical parameters denote the responsibility
of the owner; the mechanical parameters describe the mechanical situation of the
fracture; and the mechanical treatments and the biological treatments describe the
treatment plan proposed by the veterinarian.

Following the standard, a profile for each patient that describes its physical situ-
ation and treatment proposal is constructed. For each patient, 5 different treatment
proposals are provided for training purposes; each treatment gets a different assess-
ment. In order to make this problem suitable for computer program handling, a
scoring standard is proposed as well. A score is assigned for each parameter that
refers to the scoring standard, and a final balance score concludes the appropriate-
ness of each treatment. The final balance score is the training target and ranges
from 1 to 10. It should be noted that every training example has 33 features cor-
responding to the patient description and the fixator description, plus one target
attribute, which is the final score that measures how suitable the proposed fixator

is for this patient.



Table 1.1: An example of the Scoring System.

BIOLOGICAL PARAMETER

MECHANICAL TREATMENT

age 3 KE vs. SK 4
history 2 number of pins 6
pretreatment 0 type of pins 8
limb appearance 2 insertion techniques )
fracture pattern 4 load share 6
displacement 5 grade of pin 7
palpation stability 2 number of frames 4
metabolic abnormalities 3 articulation 3
open fracture 4 implement vs. bone 4
CLINICAL PARAMETER supplemental fixation 4
patient 3 pin location 6

client 4 BIOLOGICAL TREATMENT
MECHANICAL PARAMETER open vs closed 6
size 3 duration of surgery 3
load of share 4 tissue observation 6
palption stability 5 amount of implement 4
abnomal limbs 4 graft 3
bone 5 amount of HBS 5




1.1 RELATED WORKS

Previously, Potter [1] and Dale [3] designed an expert system called “Bone-FixES”
to analyze and evaluate treatment plans. An expert system is a computer program
that utilizes human experts’ experience to tackle real-world problems. It is suitable
for domains with complex symbolic representation. Typically, there are three major
components: knowledge base, inference engine and user interface. In the “Bone-
FixES” program, the knowledge base contains the domain specific and problem-
solving knowledge, i.e. facts and rules. The inference engine controls the flow of
the program; it adopts a backward chaining structure, which considers all the pos-
sible solutions, then eliminates the weaker ones. Through a user interface, users can
interact with the program by answering questions.

One feature of this approach is that a domain expert’s knowledge is captured by
the system. Since the knowledge base is constructed ahead of the prediction phase,
there is no training process necessary. The system can be put to use very quickly.
However, in this problem, like in many real life problems, it is easier for the domain
experts (veterinarians) to describe different patient-treatment examples and their
relative merit, rather than directly describe rules. They prefer inductive learning to
expert system learning.

The expert system approach is the first attempt of applying Artificial Intelligence
techniques in this domain. Thereafter, another technique was tested on this problem,
which is decision tree learning.

Two students did a course project on this problem. In each of their experiments,
four patients with five treatments each were used for training, and another patient
for testing. They concluded that decision trees tend to predict better if the target is a

binary decision, i.e. good fixator or bad fixator. They also mentioned that insufficient
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data (5 patients in total, with 5 treatments proposed for each patient) impacts the

result of multiple-class prediction.

1.2 OBJECTIVES OF THIS STUDY

This research is the first step in a project, which includes several parts: developing an
evaluation system to assess the future treatment proposal; developing a recommen-
dation system that can be used to provide a treatment proposal for a new patient;
implementing an image view tool that can be used to manipulate the bone frac-
ture picture to help veterinarians suggest a cure plan. Among those, the evaluation
system is the core of this research.

The goal of this study was to search for an optimal model building method that

can serve as an evaluation system. More specifically, the objectives were:

1. Propose appropriate methods by analyzing the data set provided by the

researchers from the veterinary school of UGA.
2. Implement proposed methods.

3. Evaluate these methods on the data set and evaluate each method’s perfor-

mance.

We continued this project by considering several different approaches. With the
help of researchers in the veterinary school, more data sets along with a revised
recording standard were constructed.

The remainder of this thesis is organized as follows: chapter 2 presents several
learning methods that we used. In chapter 3, we explain the implementation details.
In chapter 4, we describe the experiments and results. Following that, we conclude

the thesis with a discussion of the results and future directions.



CHAPTER 2

THE MACHINE LEARNING METHODS USED

We tested four methods in our experiments. One is decision trees, another is classifier
systems, the third one is artificial neural networks, the last one is to use a genetic
algorithm for finding the design parameters of an artificial neural network. Before
we go into details, we have to describe the data. There are 12 patients in total; each
patient has 5 treatments. For each patient-treatment combo, there are 33 parameters
that contribute to the final score as mentioned in chapter one.

In preparing data for model building, one obvious way is to take all 33 patient-
treatment parameters as variables, with the final score being the target. This is the
so-called full parameters approach. An alternative is to cluster the related parameters
and treat them as a single variable. We name this the reduced parameters approach.
The reason of introducing the reduced parameter concept is that we only have 60
observations in total, with each observation containing 33 parameters, which means
the model we are building is going to search in a 33-dimensional space in order to
find an optimal solution. It is a very expensive process and highly unlikely to find
the optimal solution. Hence, we need to reduce the dimensionality to help the model
converge better. In order to accomplish this, we chose to transform those variables
using some mathematical formula. We take the average of the parameters in our
experiment, which shrinks the parameters into four key factors. The validity of both
approaches is checked in the experiments. We then describe each method in detail

in the remainder of this section.



2.1 DECISION TREES

Decision tree learning (Mitchell [11]) is a widely used and practical machine learning
technique for inductive learning. A decision tree can be easily converted to a set of
if-then rules, which are human readable. The decision tree classifier is constructed
by studying sets of positive and negative examples. It then measures the informa-
tion gain by choosing different attributes for constructing the tree. The formula for
calculating the information gain is given below:

Gain(S, A) = ZveValues(A)%Entropy(Sv)
where:

S is the set of data samples

Entropy(S) = ¥i_; — pilogh’

Values(A) is the set of all possible values for attribute A

S, is the subset of S for which attribute A has value v

The best attribute at each level is considered as the pivot value, and based on
that pivot value data are partitioned into sub-trees. It is a heuristic method since it
always uses the attribute that leads to maximizing the information gain, plus it is
very fast.

A tree structure is something like the one in figure 2.1. And the corresponding
expression is:

(Age < 3 A (Surgical time) < 2)

V (Age <1)

V (Age < 4 AN Wound = Closed)
In plain English, this means, if the age of the patient (dog) is less than 3 and the
surgical time is less than 2 or if the age of the patient is less than 1 or if the age

is less than 4 and the wound is closed, then we consider the patient easy to cure.
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Otherwise, it is not. Clearly, you can see how concise yet powerful the decision tree

is.

i1
|
bge ==13 bge <=1 bge == 4
Gand
Surgury Time i Wound
?2 . HERD (losed st \
boind Bad Goud Bad

Figure 2.1: A typical decision tree structure

2.2 CLASSIFIER SYSTEM

A classifier system is another machine learning technique that uses evolutionary
algorithms such as a Genetic Algorithm as an exploration engine. Essentially, a
classifier system contains 5 parts: detectors, a classifier list, a genetic algorithm, a
credit assignment scheme and effectors. A classifier system is shown in figure 2.2.
Information flows from the environment through the detectors into the classifier
system, once this finite length input matches one or more classifiers maintained
in the classifier list, the corresponding action of these classifiers are posted to the
message list. A classifier is made up of two parts, a condition part and message part.
The condition is a simple pattern recognition device where a wild card character
(#, means don‘t care) is added to the underlying alphabet. A message is simply

a finite-length string over some finite alphabet, usually, a binary string. From the
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Environment

Genetic Algorithm
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1 o <01##1001> 111

— < <17 10> 001 £1 3 .
| T, Vi
k4 ¥4

MMessage List

111, 101, 001

Figure 2.2: A simple classifier system

message list, the system can either select the best action or all of the actions act
to the environment through effectors. Next, some credit value is returned from the
environment, and the system will distribute the credit to each classifier that fires to
the environment according to some criteria, called the credit assignment scheme. In
this way, the classifier system learns and adjusts its action to the environment. The
genetic algorithm acts as the “quality improvement” rule search. It can be triggered
either at certain intervals or once the whole population fitness is below a certain
threshold. Through genetic operators we hope that better rules will be generated,
which corresponds to the rule generalization. We will explain more about Genetic

Algorithms in section 2.4.
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2.3 BACKPROPAGATION NEURAL NETWORK

Frequently, we have to make decisions in our real life. If the relationship between
each individual factor and the final decision is clear, our life would be much simpler,
but most of the time it is not. Nevertheless, our brain can handle these situations
surprisingly well. An artificial neural network ([9], [10] ) is a computer program
that can be thought of as a device that mimics the human neural system, which has
considerable strength in handling complex real world problems. We applied Artificial
Neural Networks to this problem as well. Instead of explicitly telling the output
score corresponding to a certain combination of the input variables, we leave it to
the program to figure out what the output could be by training the neural network
using existing examples. An example of backpropgation neural network is shown

below.

ST ~ 2 ©

Figure 2.3: A simple artificial neural network

In the backpropgation neural network, The number of features determines the
number of input nodes. The number of output nodes can be either one node with

several partitions with each partition corresponding to one target or multiple nodes.
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The number of hidden nodes varies, it can be set upon experiment. Corresponding to
each interconnection, there is a weight value that is adjusted in the training process,
which is used to denote the importance of the node in the previous layer. In the
training process, the network sums up all the incoming values multiplied by the
corresponding weights along with the bias weights for each node. The total is then
mapped through a logistic function (usually a sigmoid function), then the output is
sent to the nodes in the next layer(Fig. 2.3). The formula for updating the weights
is as follows:

Aa??:e*%—fjtu*Aa?;_l
where:

m is the epoch number.

Aaqj} is the weight change in this epoch.

€ is the learning rate, which determines how large the change is going to be.

%—f is the error derivative with respect to weight a;;.

i is the momentum, which determines how significantly the previous weight
change affects the current weight change.

Aag?_l is the previous weight change.

The sigmoid function is:

where wu is the summation of incoming inputs (including the bias) multiplied by
the corresponding weights.

The structure of a neural network significantly impacts its performance and
training ability. If a neural network does not have enough connections between nodes
or is insufficiently trained, it will be difficult to converge or to approximate the
desired function well. On the other hand, using a network with dense connections or
over-training will cause over-fitting. In order to find the best structure of a network,

we turn to the help of genetic algorithms.
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2.4 GENETIC ALGORITHMS: FINDING THE STRUCTURE FOR THE NEURAL NET-

WORK

This is a particular search problem where the search space is all possible configu-
rations of networks. Genetic Algorithms (GAs) (Goldberg [2], Michalewicz [14]) are
search algorithms that mimic natural selection. They have been widely used in very
complex domains where regular methods are not applicable.

A Genetic Algorithm contains 5 key components: a representation or encoding,
a selection method, genetic operators that include crossover and mutation, a fitness
function, and a style of the Genetic Algorithm, generational Genetic Algorithm or
steady-state Genetic Algorithm, which in turn determines population maintenance
strategy.

A Genetic Algorithm maintains a population of solutions for a particular problem.
Each solution is referred to as an individual. Each individual will get a fitness value
according to some “goodness” measurement (fitness evaluation). During the evolu-
tion process, individuals first pair up, followed by crossover and mutation, offspring
are born. The offspring are evaluated with the same fitness evaluation process. A
new population is formed by the offspring with/without candidates from previous
generations (generational GA with/without generation gap) or replace an existing
individual with the offspring (steady-state GA). After several generations, the popu-
lation will hopefully converge to a better population where a global optimum exists,
which refers to the best solution to the problem.

A design of a genetic algorithm example is shown in Figure 2.3. The population
size at generation t and generation t+1 is the same. The population sizes for crossover
and mutation depend on the crossover probability Pc and mutation probability Pm

respectively. Notice that in the example above, individuals 4 and 7 are selected
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Fltness =6 Fitness=6

110l100$1011 001l111l0101

110 111 1011 Fitness=8

Point Crossover (fitness is the number of ones)

Generation t
Generation t+1

Individual 1 Tndividual 4
. ali Tndividual | L
Individual 2 —p IS ation ' Tndividual |
Individual 3 . N -
Sclection Crossover . Individual 2
Individual i
Meth ; o)
Inividual 4
1-Pm
individual 7 I
Individual m 1-Pe
Tndividual m Tndividual m

Figure 2.4: Elements of Genetic Algorithm

multiple times right after the selection, because they have better fitness value and

the selection method favors better individuals.



CHAPTER 3

IMPLEMENTATION DETAILS

3.1 DECISION TREE IMPLEMENTATION

We continued the decision tree approach by using See5.0 [4] as our testing tool. See5.0
is the latest successor of ID3, an algorithm developed by Ross Quinlan (1993). It is
very fast and easy to manipulate, and the performance of the decision tree can serve
as the base line method that the other methods can be compared with.

Different methods were used to improve the prediction and reduce the error.
Proposed methods include two kinds of predictions, one was binary prediction; the
other one was multiple-class prediction. In the binary prediction case, we aggregate
several treatments into one class, and the remaining parts into another class. In
our case, we group treatments with better score values into a class that shares a
common score 1, and the others into another class with score 0. In the multi-class
prediction scenario, we allow 10 classes to exist. In each experiment, we constructed
the decision tree with 11 patients (each patient with 5 treatment proposals, 55 cases
in total), and left one patient for testing. Different options such as: cross-validation,
boosting, pruning, and winnow attributes were combined together. Each option can
be turned on by checking the corresponding check box located on the program menu.
A snapshot of the program menu is shown in Fig 3.1. At the same time, we conducted

training on both the full parameters and the reduced parameters (averages).

15
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Figure 3.1: Seeb program control menu

3.2 CLASSIFIER SYSTEM IMPLEMENTATION

We adopted the idea of classification based on accuracy by Stewart W. Wilson
[13]. Instead of using strength, it uses prediction accuracy as its fitness. A Java
implementation of this algorithm (XCS) by Martin V. Butz (2000)[12] can be found
on the Illinois Genetic Algorithms Laboratory web page!. We added a class to send
our problem to the system, and we rewrote the Genetic Algorithm to meet our needs.
Since the original system takes a binary representation and we want a real valued
prediction, we implemented a sub-routine to convert the actual input and output

into the right format.

http://gald.ge.uiuc.edu /sourcecd.html
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In the training phase, the classifier system takes each treatment as an input;

it generates a classifier, which is made of a condition part and an action part. An
internal classifier list is maintained and each classifier covers some examples. The
system tries to generalize each classifier, make it cover as many examples as it
can, and the corresponding action would match the target action value. In the pre-
diction phase, the system takes the query from environment—in our case a string
describing the new patient—and tries to match it with existing classifiers. A classi-
fier that matches this statement will post its message to the environment. If several
classifiers fire, the classifier with the highest strength will be considered the winner.
Its action is posted to the environment, and a reward based on the reward scheme

will be obtained.

3.3 ARTIFICIAL NEURAL NETWORK IMPLEMENTATION

A simple backpropagation neural network (A.N.N.) that includes momentum and
learning rate features was implemented for testing. Although there are many existing
artificial neural network packages, we decided to write our own program simply
because we planned to use genetic algorithms (GA) to set artificial neural network
architectures(G.A.A.N.N.). Writing our own program adds more effort, but actually
we gained more control. Also, we want to compare the performance of pure A.N.N
approach and G.A.A.N.N. approach. Because we had 10 possible scores, we experi-
mented with networks with 10 output nodes and networks with one output node with
10 partitions. We selected the choice of a network with one output node with 10 par-
titions for the faster training process, especially for the G.A.A.N.N. approach(refer
to the next section). Users can specify the value for momentum, learning rate and
tolerance. Tolerance is a value that controls the variance of the network, it is used

here to decide how close an output is to the target to be considered a match, in
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another words, it defines the partial match rate. If there is a difference between an
output and the actual target within the tolerance value, we consider the prediction
to be correct.

A stopping detector was implemented as well. We considered the testing error
as the key factor to determine when to cease training. We computed the mean
error for 10 consecutive epochs, and we compared it with the global minimum (best
error so far). If the current average error is smaller than the global minimum, which
corresponds to the network searching towards the right direction, it should continue;
if it is greater than or equal to the global minimum, it indicates that either the
network is in a local minimum or the beginning of over-fitting. Instead of stopping
the training right there, we allowed the program to continue searching for another
certain number of epochs. If the situation changes within the specified epochs (i.e. the
current average error got smaller than the global minimum) the program continues
the training, otherwise, training is stopped. The main idea behind this was to avoid
over-fitting without getting stuck in local optima. The best network was saved during

the training process.

3.4 GENETIC ALGORITHM IMPLEMENTATION

We selected a generational GA since it is easy to maintain population diversity.
For the representation, we considered that the number of nodes in the hidden-layer,
momentum value, learning rate value and the tolerance value that controls the vari-
ance of the network are the most important factors. A four-tuple real valued vector
forms the representation. There are many selection methods we can choose from. In
this project, we adopted a simple proportional selection method, which is easy to
implement, yet provides enough selection pressure. A single point crossover and a

random mutation have been tested in the program. In our case, no single function
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can be used to evaluate the goodness of an individual, instead of an actual mathe-
matical formula, the fitness function is the artificial neural network simulator that

we constructed before. To get a better view of this approach, refer to Figure 3.2.

T
— 01 T+1
Newhorn Fitniess Eval [
— 2
Meural
L MNetwork
Simulator

Figure 3.2: A Genetic Algorithm with an Artificial Neural Network simulator

Upon evaluating the fitness of a point, the simulator is invoked and a value is
returned. This value acts as the fitness value. The idea is that the Genetic Algo-
rithm generates a population of solutions, with each solution representing a possible
training setup. Each solution is assigned its fitness value by constructing a network
with the specified configuration and training the network followed by testing, then
the mean squared error of the prediction set is returned as fitness. During the search
process, a pair of candidates is randomly selected, then crossover and mutation are
conducted, which generates an offspring with a fitness value. The best individual is
preserved for the next generation.

Several features are included in this design. A dynamic data partition sub-routine
that divides the whole data set into a training set, a testing set and a validation
set. The benefit is obvious, we do not need to determine which instances are used

for training, which for testing and so forth. At the same time, we hope that this
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idea could prevent the network from favoring a particular region of the search space,

hence it will generalize better. The same stopping detector described above was used.



CHAPTER 4

EXPERIMENTS AND RESULTS

To compare the performance of the different methods, we conducted our experiments
on the same data set. For each method, we left one case (dog) out for testing, one for
validation, and the other cases for training, so-called leave-one-out cross validation.
We repeated this method for all the data and took the average. Then, we constructed
a confusion matrix for each method to summarize the overall performance. In the
table, the horizontal direction stands for the target value and the vertical direction
for prediction value. The digits in the table denote the frequency of prediction for a
particular target. The more the data are concentrated on the diagonal direction, the

better the performance of the method. Our final conclusion and discussion follows.

4.1 DECISION TREES

The first method that we used was decision trees. As we mentioned before, we tested
each method on both full parameters and reduced parameters, we repeatedly con-
structed a tree classifier for each method followed by testing. The average accuracy
for binary prediction using average parameters is about 91.7%. The average accu-
racy for binary prediction using full parameters is 86.7%. The average accuracy for
multi-class prediction on both reduced parameters and full parameters was worse
than binary prediction with the same parameters. The average accuracy for the 10-

class prediction was 73.3% with full data and 66.6% with averages only. We also
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Table 4.1: Decision tree with full data and multiple-class prediction.

Target
112131456 7]|8]|9]|10
119111
21113
3 11821
4 1
Prediction | 5 1 4
6 71112
7 2
8 1 1 3 2
9
10 107

noticed that different aggregation methods would affect the accuracy of the predic-
tion. A good partition we discovered is to make the treatments with a final score

above 5 into one class and the rest are put into another class.

average of mec treat score >= b (4.491%):
awverage of bio treat score <= 5,17 (5.21%: 6 (9.1-4 2
average of bio treat score »= 6.83 (5. 21): 10 {12 .2-5)
average of mec treat s=core <= 3.89 (5,916

1 3
..average of bio treat score »= 4.2 (4.185):
caverage of mec & clinical <= 4.8 (4.815): § (3.6-1.5)
average of mec & clinical = 5.8 (4. B T R A
average of bio treat score <= 3:17 {4:18
. .awverage of mec treat score = 427 (4 135} 4 fh.353 .5
average of mec treat score <= 4 (4 135):

(13.8/6.1)
(2.1}

..average of mec treat score <= 2.73 (3.8L550);
average of mec treat score = 3.89 (3.855);

P

Figure 4.1: Reduced parameters with 10-class prediction.

From Tables 4.1, 4.2 and 4.3, we concluded that the result obtained by using
full data for training and testing is slightly better than the result from using the
reduced data set for 10-class prediction. We observed that the tree rules are more
oriented towards treatment rather than patient information. This information can
be perceived by studying tree classifiers generated from the program. As a tree goes

deeper, the importance of each pivot value at that level decrease. We noticed that



Table 4.2: Decision tree with average data and multiple-class prediction.

Target
1121314 (5]6]7|8]9]10
111033
2 2
3 116112
4 1 1
Prediction | 5 1 3 1
6 7 1 1
7
8 1 113
9
10 112 8

Table 4.3: Decision tree with full data and average data for binary prediction

Target
Average Data | Full Data
0 1 0] 1

Prediction | 0 | 30 2 0132] 6
11 3 25 112120
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almost all the trees start with treatment parameters at the root level, only at lower
level patient information parameters act as pivot value. At the same time, using the
binary target for classification is better than that of using multi-class prediction. A
yes/no answer is much easier to give that an exact score value. If we have adequate
training data, we might reduce the error and the system should perform better than

the result obtained.

4.2 CLASSIFIER SYSTEM

We followed the same steps and experimented on the classifier system. We concluded
from Tables 4.4, 4.5 and 4.6 that the classifier system has trouble in learning this
data set. Overall, there are 60 points, but it only correctly predicted 13 points,
which is 21% accuracy. The classifier system with average data did slightly better.
The accuracy is 43%, but still below the decision tree. For binary prediction, both
the classifier system with full data and the classifier system with average data did
well. The accuracy is 75% and 80% respectively. During the experiment we noticed
that the reward scheme affected the performance of the system greatly. Two different
schemes were tested:
Full Reward. For each prediction, if the prediction matches the target action, a
maximum payoff value is rewarded. Otherwise, the reward is inversely proportional
to the difference between the target value and the prediction, i.e. the greater the
difference between target and prediction, the lesser the reward.
Binary Reward. If the prediction matches the target action, a maximum payoff
value is rewarded; otherwise, the reward is zero.

In Figure 4.2 we compared the performance of the program based on full param-
eters . The y-axis denotes the prediction of the previous 50-iterations, which is an

inverse function of the prediction error. The x-axis is the iteration number. From the
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Table 4.4: Classifier system with full data and multiple-class prediction using binary

representation.
Target
11234 6|7 9110

115121 1111
212122
3 1 111 1
4 3

Prediction | 5 |1 11111 11 2
6 |1 3 2 2
711 2111 1
8 112 2
9 1 111
10 111

Table 4.5: Classifier system with reduced data and multiple-class prediction using

binary representation.

Target
1121314567 9110
1|71
2 12(3|1]|1
3111|511
4 3 2|1
Prediction | 5 1111212
6 2
7 311 1
8 1 21 2
9 1 3
10 3

Table 4.6: Classifier system with full data and average data for binary prediction

Target
Average Data | Full Data
0 1 0] 1
Prediction | 0 | 30 4 0]28] 6
116 20 1] 8 |18
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graph, we can see that the reward scheme affects the performance of the program.
Selecting the right reward scheme could help the system predict better. Notice that
the program with full reward is slightly better than using binary reward. We thus

used the full reward approach in the rest of our experiments.

Average data with different reward

1 T T T T T T T T T

Full reward
08| /

<“wCopRrE 00 >

Binary reward

0.2 1
O [ i ] i i i i i i
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Tteration

Figure 4.2: Comparison of reward scheme with average data set.

Overall performance of using full data is worse than using the reduced data set. A
possible reason is that a classifier with full parameters as its condition part will suffer
from searching in high dimensional spaces, at the same time, a large population has
to be maintained in order to achieve better accuracy. This is particularly true since

we used a binary representation.
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Table 4.7: Artificial neural network with full data and multiple-class prediction.

Target
112131456 7]|8]|9]|10
118211
212123
3 11511
4 1111412
Prediction | 5 2 1
6 1 1 1
7 112 1|3
8 2 2
9
10 2 1 4

4.3 ARTIFICIAL NEURAL NETWORK

In this experiment, we used a leave-one-out cross validation approach in which we
trained a network using ten patients, then, validated the network on one patient
and used another one for testing. We manually adjusted the parameters based on
repeated experiments.

Table 4.7 summarizes the performance of our artificial neural network with full
data set and 10-class prediction with accuracy 31.7%. Table 4.8 summarizes the
performance of our Artificial Neural Network with the average data set and multiple-
class prediction with accuracy of 45%.

Table 4.9 compares the performance of our artificial neural network with average
and full data for binary prediction with accuracy of 91.6% and 95% respectively.
Clearly, we can see that both approaches did better than the classifier system

approach, while they did worse than the decision tree method.
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Table 4.8: Artificial neural network with average data and multiple-class prediction.

Target
112 415|167 9110
1|71
2133
3 1 11
4 2
Prediction | 5 1122
6 1 2
7 311 1
8 1 2
9 1 5
10 2

Table 4.9: Artificial neural network with average and full data with binary prediction.

Target
Average Data | Full Data
0 1 0] 1
Prediction | 0 | 31 2 0(31] 0
113 24 113 1|26
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Table 4.10: Genetic Algorithm for finding the structure for artificial neural network
with full data and multiple-class prediction.

Target
1121314156789/ 10
1
2 13122
3 711
4 21411
Prediction | 5 2
6 4
7 21213
8 211 4
9 )
10 1

4.4 GENETIC ALGORITHM FOR FINDING ANN STRUCTURE

The performance of the Genetic Algorithm is promising. In the first attempt, it
found a near optimal solution with a fitness value of 638.327, which corresponds
to the mean squared error of 0.156 according to the fitness function we proposed.
This is better than the results we obtained by manually setting the neural network
parameters (by which, we got a solution with mean squared error 1.25).

From Tables 4.10, 4.11 and 4.12 we noticed that using the Genetic Algorithm for
finding a better structure for the artificial neural network resulted in great success.
Considering the simplicity of the Genetic Algorithm we are using (population size
20, generation 10, crossover probability 0.8, mutation rate 0.3, single-point crossover,
and random mutation), we believe that applying the Genetic Algorithm in finding

a set of parameters for the neural network is a promising approach.
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Table 4.11: Genetic Algorithm for finding the structure for artificial neural network
with reduced data and multiple-class prediction.

Target
1121341567 9110
1191
21213 |4
3 7
4 11213
Prediction | 5 1126
6 3
7 2 1
8 1
9 7
10 1

Table 4.12: Genetic Algorithm for findig structure for artificial neural network with

average and full data with binary prediction.

Target
Average Data | Full Data
0 1 0] 1
Prediction | 0 | 34 0 0(34] 0
110 26 110 |26




CHAPTER 5

FUTURE WORK

The data type that we are dealing with is a long vector of real values. The question is
whether or not each factor significantly contributes to the final prediction. A simple
statistical analysis (Ott [8] ) has been done on the data and we discovered that there
are several factors that do not provide any help in predicting the target value. A
feature extraction routine can be used to exclude the nuisance factors.

The way to measure the performance of the system needs to be reconsidered. In
our experiments, we count how many times the system guesses correctly. Another
reasonable approach could be to count the correct guesses and compute the standard
deviation of the wrong guesses the system makes, since we want the guesses as close
as possible to the targets.

Skurichina and Duin [6] studied weak classifiers with small data sets. They con-
cluded that a classifier constructed using a relatively small number of observations
from data with a large number of features is biased. They also suggested readers
using techniques like bagging, boosting and random subspace to adjust the perfor-
mance of the classifier.

In our case, in order to improve the performance of the classifier system, we need
to improve the expressiveness of the classifier. This is particularly true since there
is a small data set involved.

The accuracy of the neural network predictions may be improved by using more

than one output node. We have limited our experiments to one output node for
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speed considerations. It may be worthwhile to further experiment with networks
with multiple output nodes.

We need to start thinking about how to speed up the whole process. Training
a neural network is time consuming, and applying a Genetic Algorithm search for
a neural network structure takes a long time. Constructing the classifier system is
also time-consuming. Currently, all this is done offline. It will be much better if the
system could be adaptive to the new examples. If the retraining process can be done
quickly, we could afford to retrain the system for better accuracy. Methods like least
squares analysis have been extensively studied in previous research (Rasheed et al.
[5]). They demonstrate high efficiency with yet reasonable accuracy. These methods
could be successfully apply in this domain as well. The quantity and quality of
the data greatly affect the performance of the program. We will work closely with
researchers at the veterinary school of UGA to obtain more data.

Finally, a good continuation to this work is to design a user interface that could
take a description of the patient and convert it into the right data format for pre-
diction. We also intend to design an image processing toolkit to view and identify
the bone fracture. Finally, a recommendation system will be built on top of the
evaluation system to design treatments by running a design optimizer (probably a

Genetic Algorithm) whose objective function is the evaluation module.



CHAPTER 6

CONCLUSION

This thesis has presented a comparison of several methods in assessing bone fixation
proposals. Decision trees did very well in binary prediction and also reasonably well
in 10-class prediction. In our experiment, we got 91.7% and 86.7% accuracy by using
decision trees for binary prediction with full data and average data respectively and
73.3% and 66.6% for 10-class prediction by using full and average data respectively.

The classifier system with full data did poorly in 10-class prediction, with accu-
racy of only 21%, it did well with average data and gave 43% accuracy. For the binary
prediction, the accuracy is 75% and 80% by using full and average data respectively.
Due to the small sample size, the classifier set that we constructed through training
could be biased. The influence was that the prediction for an unseen example was
not always accurate. Most of the time, the prediction exactly matches the target,
but some times, it gives different results.

The artificial neural network did very well for binary prediction. In our experi-
ments, a very simple network was able to get 31.7% and 45% accuracy for 10-class
prediction by using full and average data, and 95% and 91.6% accuracy for binary
prediction respectively.

Using the Genetic Algorithm to find the structure of a neural network shows a
great deal of promise. We were able to get 100% accuracy in binary prediction by
using both full and average data. For 10-class prediction, we obtained 63.3% and

53.3% accuracy by using full and average data respectively.
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Table 6.1: Multiple-Class Prediction Comparison

H ‘ Decision Tree ‘ Classifier System ‘ A.N.N. ‘ G.A.A.N.N. H

Reduced Data 66.6% 43% 31.7% 53.3%
Full Data 73.7% 21% 45% 63.6%

Table 6.2: Binary Class Prediction Comparison

| | Decision Tree | Classifier System | A.N.N. | G.A.A.N.N. |

Reduced Data 91.7% S0% 91.6% 100%
Full Data 86.7% 75% 95% 100%

There is one shortcoming about neural network is that it is not human readable.
There is no obvious way to tell which factor is more important than the others,
while a decision tree can be easily converted to a set of if-then rules. Comparison of
performance for each method is presented in Tables 6.1 and 6.2.

We also created a simple CGI enabled web page ! to let users evaluate their
proposed methods. Once a user selected his/her proposal and submitted the form,
the CGI program will invoke the actual program—a neural network constructed ahead
of time, and the output of the neural network displays on the web page. A snapshot

of the input form is shown below.

https:/ /machinelearning.dnsalias.net /FPAS.php



Biological Parameters:

bge:f0 -]

History: m

Pretreatment: m

Limb Appearance: m
Fracture Pattern: m
Dizplacement: ID_LI

Palpation Stability: ’D_j
Metabolic Abnormalities: ’D_j
Open Fracture: lﬂ_j

Other Factors: lu_j

Clinical Parameters:

Patient: |0 *]
Client; |0 7

Other Factors: [0 7

Mechanical Parameters:

Size: ’U_j

Load Share: ﬂ
Palpation Stabdity: IU_;]
Abnormal Limbs: [0 ]
Bone: IU—LI

Other Factors: [0 =
Biological Treatment:

Open we. Clozed: ’D_j
Duration of Operation: ’D_j
Tissue Observation: ﬂ
Amount of Implement: ’U—j
Graft: [0 =

Amount of HBS: |0 7

Mechanical Treatment:

EEws SE: |0 =

Mumber of Pins: |0 =

Type of Pin: [0 =

Inzertion Techniques: |0 =
Load Share |0 =
Grade of pin: |0 7

Mutnber of Frames: |0 7
Murnber of Planes: [0 7
Articulation: |0 7

Implement v, Bone: |0 =
Supplemental Frzation: |0 ']

Pin Location; |0 =

submit

Figure 6.1: Web page for users to evaluate their proposal
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