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ABSTRACT

The Russian Wheat Aphid (RWA) is a very costly pest of wheat and barley in
the western United States. The Aphid Case decision-support system has been
developed-to help disseminate expert knowledge about RWA control to decision
makers. The knowledge engineering paradigm used, case-based reasoning
(CBR), has several features that make it appear desirable for such a system.
The advantages and disadvantages of the CBR paradigm are discussed.
Experiments are performed on the Aphid Case database to determine the
accuracy of the CBR technique in the domain, and these results are compared to
experiments using neural network and decision tree algorithms. The results are
promising, though future experiments on larger and more varied data will be.
recuired to determine exactly how accurate and useful the Aphid Case CBR
paradigm can be.




CHAPTER1

-INTRODUCTION TO CASE-BASED REASONING

QOrigin

Case-based reasoning (CBR) is a technology developed in the field of
Artificial lntélligence that uses past experience to solve new problems. CBR
attempts to use memory, in the form of stored knowledge; to guide problem-
solving. This approach to computer reasoning was brought to public attention by
Rogér Schank in his book Dynamic Memory [1], but really began to gain '
attention in the field of Al in the late 1980's.

Basic Paradigm of CBR

In CBR, domain knowledge is stored in the form of cases. Each case is rﬁade
up of some set nu'mbér of features. Different cases will have different values for
these features. Besides values for each feature, each‘cage in the database will
also cqntain an answer or a solution that corresponds to that specific case. For
example, cbnside'r a simple CBR system that identifies fruits. There could be
three features: 1) color, 2) sha[;é/, 3) volume; and oné solution: 4) name of fruit.
One case could Have the following values: 1) yellow, 2) elongated, 3) 40cm3, 4)
. banana. Another case may have these values: 1) orange, 2) round, 3) SQcm3,
4) orange. Now assume a new case is entered to be classified with these |
values: 1) yellow, 2) elongated, 3) 32cm3. The cases in the database are

" compared with this new case. When the most similar case is found, the solution
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to that case (probably banana in this example) is applied as the solution to the

new case, and the fruit is thereby identified.

" Advantages of CBR

CBR has gained popularity largely due to many problems that have been
encountered with rule-based systems. For example, because knowledge in a
CBR system is S|mply stored as a set of cases, it is relatlvely straightforward to
gather knowledge. And updating knowledge can be as easy as addlng a new
case to the database. Secondly, because a solution is based upon a past
experience, the reason for that solution can be explained to the user by simply
displaying that previous case. Thirdly, because there is no need to understand
and generalize domain theory to fit them into rule form, CBR can perform well in
domains in.which there is little understanding of underlying causal relationships
[2]. Finally, CBRis also ablé to to[erate incomplete data better than many other

paradigms.

Disadvantages of CBR

There are séveral weaknesses of the CBR approach. First, it is a form of
supervised learning: it requires a teacher to enter in the correct solutions to the
cases in the database. Secondly, it does hot find the r.easons‘ behind the
relationships it reveéls,' it siﬁply deals on a case-by-case level. And thirdly,
inconsistencies in the database can easily go ﬁnnoticﬁed. Finally, CBR

introduces two difficult research issues that are the topics of the next section.
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Maior Areas for Research

There are two difficult issues concerning the CBR paradigm which must be.
solyed to have a useful CBR system. First we must find .a way to efficiently
search the database. Most complex domains will have a database consisting of
a great number of cases. To compare a new case with every case in the -
database could easily become too time consﬁmin‘g; some efficient form of.
indexing or database filtering must be applied. The second issue deals with how
we should determine which case in the database is thé-most similar to the new
case, when no cése matches exactly. A number of different solutions have been
suggested for these two issues [3]. We will later explore some ‘possible
solutions.

While CBR is still a relatively new paradigm, there have been several
successful implementations of the technology. For example, a CBR system -
called Prism was created to classify telex messageé received by a large bank..
.Origin'ally the baﬁk used a rule-based system that had an accuracy level of 72%
and took two to seven seconds per classification. The Prism system achieved
an accuraéy of 77% and processed each telex in 0.19 - 0.25 seconds, prompting
the bank to switch to the CBR paradigm [4]. Other domains in which CBR has
been at least partly successful inglude medical diagnosis, recipe creation, and

legal reasoning.




CHAPTER 2

THE APHID CASE PROJECT
B-ackgroUnd of the Project

The impetus for the creation of Aphid Case, the project described in this -
thesis, is the very costly Russian Wheat Aphid (RWA). The RWA is an
especially damaging pest that can destroy fields of wheat and barley. It Was not
found in the Unifted States until March_, 1986 [5]. However by 1991 it had
already cost American prodﬁcers over $300 million in damages and control costs
[6]; and was found in seventeen western states [7]. Unfortunately, because the
RWA is suéh a new best in the United States, very little is known about it. Ini
addition, there are only a few éxperts, making it difficult for the majority of
producers to have adequate access to good i’nform_atioh about the RWA." In
answer to these problems and the high toll that the RWA was taki‘ng on
American production of wheat and bariey, the United States Department of
Agriculture (U.S.D.A.) sponsored a major reseérch proposal. This proposal had
three main goals [8]: -

1. Study RWA effects. upon wheat growth
_ 2.. Study how differing planting détes affect RWA damagé '

3. Develop decision si.;pport so_ftware to help disseminate useful knbwledge
about the RWA

Aphid Case was one of the tools to come out of the third goal.
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Goals of the Aphid Case Project

. Major Emphasis

As stated above, the major emphasis of Aphid Case is to help disseminate
useful advice in the domain of managing or avoiding RWA infestations of wheat
and ba(rley crops. Aphild Case is not designed to create 'neW domain knowledge,
but rather to share the expel_"tise_heid by a few individuals with the great many

people to whom it would be extremely useful.

Major Sub-goals

To best achiev'e. ‘;his main goal, the tearp‘desi'gning Aphid Case chose four
major sub-goals:

1. Use a data representation and user interface that makes initial data
gathering as easy as possible,. bedéuse this is a very complex domain and
access to domain ekperts' time is limited. |

2. Allow all types of new knowledge to be easily entered by users in the
future, because more information is dbnstantly being learned about the RWA.

3. Make sure that Aphid Case 'is simple and pleasant to use because most
users will not be overly familiar with 60mputer's.

4. Make sure the reasoning technique used to make recommendations is
understandable by the average user becauée Aphid Case is a decision support .

system rather than a system claiming always to give optimal advice.

Nature of the Domain
The final factor we considered when designing Aphid Case was the nature of

 the RWA management domain. Little is understood about cause and effect




6
_relationships in this domain [9]. So we knew we had to use a knowledge

engineering technique that could cope with a weak domain theory.

CBR is the Best Choice for the Project

Choices. Available

We considered various possible alternatives for building Aphid Case.
Perhaps the most common technique used for decision support systems is the
rule-based paradigm. Other common techniques inblude' decision trees and-
neural networks. Yet we chose CBR because it seemed to have several nice

features to help us fulfill our objectives.

CBR Fulfills Major Sub-Goals

1. Our first sub-goal was that the system allow .data to be gath'ered very .
‘easily and efficiently. Rule-based systems often require the domain expert to
express his knowledge in the form of rules. Quite often the expert will find this
very difficult or impossible to do. It is a very'time-consuming and intensive
process, leading to the common problem of thé knowledge-acquisition
bottleneck. In this situation, acqu‘iring the necessary domain kndwledge for the
computer system becomes s0 difficult and slow that the rest of the developmént
process is de]ayed.

However ease of knowledge acquisition is a principle strength of CBR.
Knowledge is simply represented by a set of cases, each of which contains
some number of features describing a certain situation. Knowledgé Acquisition
just means entering cases into the database. This can be done very quickly and

efficiently. In fact, during an interview, the knowledge engineer can enter the
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data as the domain expert is speaking. This saves an enormous amouﬁt of time
for both parties.

2. The second major sub-goal waé that Aphid Case should have a
knowledge ba$e~that ‘could be easily updated in the future. It can be very
difficul.t 1o add new'information to a rule-based system, because it is hard to
know exactly what will happen to-its-overall functioning when a new rule is
introduced. Often there will be unexpected and unwénted effects upon the
system's 6utput. And neural networks must be retrained in order tb take
advantage of new information. This retraining can be a very fimeTConsuming
process. | | "

Once again, however, because of CBR's very simple knowledge structure, it
is. very.easy to add new information to its database. One simply adds a new
case to the database. Now, it should be no{ed that this does not guarantee that
new information will always increase the accuracy of the system, for as in the
rule-based system, unexpected and unwanted 'effécts can result.

3. Our third sub-goal was to .make sure that Aph'id Case would be perceived
by the users as simple, stvraightforward, and intuitive. In achieving this goal, it is
possible that thé béckward-chaininq rule-based systém would have been slightly
preferable to a CBR or neural netwérk approach. Most CBR implementations
ask fdr the values of all features. But a bac;kward chaining system is able to ask
for values of only the features needed to arrive at a solution. This hay bfa
" beneficial to the user.. However, we have implemented a filtering téchnidue
(discussed in chapter 3) that helbs make Aphid Case easier to use énd lessens
this handicap. |

4. Our fourfh sub-goal was that the reasohing proceés of Aphid Case bg

easy to understand by the average user. Aphid Case is designed to give useful
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advice and suggestions, but not completely replace the need for human
decision-making and guidance. Therefore it is important thaf the user
understénd how Aphid Case determines its reSl;ll'[S. Rule-based systems usually
explain their re:asoning by listing long chains of rules. These can be hard to
follow. And it is extremely difficult, often impossible, to understand exactly how a
neural network creates a speéific‘output. |

But CBR has a great advantage in the area of explaining its. results. Since

these results are based on one or more cases in the database that are similar to

the user's newly entered case, the sygterﬁ_éan simply display these similar cases
to the user as the reason for classifying their input in the way it was classified. .
The user can look for himself to see if he agrees that the previous examples are
similar enough to the new situation to warrant taking the advice of the system.
In fairness, it must be admitted that how easily the user understands. the
reasoning process behind the given classification depends upon how simple and'
straightforward the similarity evaluation function is in thé system. CBR has the
advantage, that if this is a key priority, this  similarity function can be made very
simple. and straightforward (with some possible sacrifice in accuracy), and this is
"~ what we have chosen. There is no 'complex chain of rules, as in rule-based
systems; nor a potentially complex and confusing tree to follow, as in the
decision tree paradigm; nor a mysterious black-box that simply receives input

-and delivers output, as in the case of neural networks.




CBR Works Well Given the Nature of the Domain

As was remarked earlier, the domain of RWA management is poorly understood. |
Since "the strength of a domain theofy depends on the certainty associated with
the relationships_between terms," [10] it is clear that this is a weak-thedry
domain. Generalization-based methods such as rule-based systems use a
highly compiled form of knowledge, as compéred to the more raw form found in
CBR. However, the more highly compiled knowledge is, the Iongef and less
reliable the_chains of inference become. | In strong-theory domains this is
acceptable; but in weak-theory domains it is best to keep thé chains of inference
as short as possible. The simple matching nature of a basic CBR system helps -

to do this [11]. Therefore we felt that CBR would be the best technique for the ~

RWA management dbmain.
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CHAPTER 3.

'THE APHID CASE PROGRAM

. Hardware

The first consideration involvé_d in the actual creotion of the Aphid Case
program was- what kind of hardware would be required to rurr it.. The target
market for Aphld Case is threefold: 1) RWA experts, 2) agricultural extension
agents that give. advice to producers,. and 3) producers themselves. To allow
these various users to be able to run Aphid Case, we decided to aim for 'the‘
standard IBM PC compatible market. Because we wished to take advantage of
the ease of use and public familiarity of a windows-style graphical user interface

we decided to produce a program that ran under Microsoft Windows. Thus we

decided to require a machirle that could adequately run Microsoft Windows.

This suggests any computer with at least 4 MB of RAM and an intel 386-

compatible or greater CPU.

Software

~

Next we needed to determine what programming ‘Iangljage to develop our

windows program in. We chose KnowledgePro for Windows 2.0, which is a

. high-level Ianguage that allowed us to focus our attention on algorithmic details

rather than being too concerned with various low-level windows details.

KnowledgePro also included nice features such as object-oriented programming,
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éxtensive list handling, and options for interpreted or compiled code, making it

an attractive development environment.
Basic Data Structure

The basic data structure used in Aphid Case is'the-case. A case consists of
the following six items (described in detail below):

o Case Name

o Category

o Features

o Tactical Advice

o General Advice

o General Information

Case Name '
Each case in Aphid Case has a simple case name. ‘The case name consists
of the general category that the case falls under as well as a numeric identifier to

make the name unique. ' {

Categ'o'ry
Each case belongs to one of five general categorles that reflect the type of

management that is suggested for that situation. The five general categones are

listed in Table 1.

Features |
A case consists of values for forty-séven different features describing

potentially relevant current conditions, such as "Crop,” and historical conditions,.
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such as "History of RWA Infestation.” For instance, the feature "Crop" may have
the value "Winter Wheat," "Spring Wheat," "Barley" or "unknown" (which
appears as a blank space in Aphid Case). It is these values that Aphid Case
uses to determine how similar different cases are. These features were
acquired by interviews with experts in the RWA domain. They were asked to list
what features are most important to know values for in order'té be able to
suggest good pest management advice. Then each expert was asked to rank
.the importance of these-features. Finally, all of their various opinions were
merged and a ranked list of forty-seven features was the result. The features in
Aphid Case are ordered according to the expert rankings. The values that each
feature can have were also obtained from the experis. Some features may have.
as few as two possible Iegal values to be chosen from, while others may have 'up

to twenty.

Tactical Advice

anh case is assigned an expert-supplied tactical advice. This is a fairly
specific piece of advice, telling the produber what should be done about the
RWA infestation in his or her field. Each type of tactical advice falls under one

of the five general categories as shown in Table 1.

General Advice _

"General Advice is advice that goes ‘beyond'fhe simple and straightforward
format of the tactical -advice. For instance, suggestions about what should be
done in a year, or what could have been done better several months previously,
or additional suggestions not included in the taétic_al advice could all be included

under this category.
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General Category Tactical Advice
Chemical apply granular insecticide
apply insecticide
spot spray insecticide
apply foliar spray
apply tank mix
. apply seed treatment
- Cultural " delay seeding
control green bridge
seed at optimum date for agronomics
. livestock grazing ' |
use as set aside acres

No Risk ' no risk of RWA damage
Too Late : . no treatment: too late
Wait or Scout wait and scout

wait, irrigate, and scout

scout until threshold reached
wait until weather warms

scout volunteer wheat and crop
irrigate and scout

scout until weather moderates

Table 1: General categories and tactical advicé in Aphid Case

General Information

General Information‘includes any information that is useful to keep track of
"but is neither important for the classification of the case, nor contains any advice
for the producer. Information such as the name of the person who entered the.
case into the database, the address of the producer whose field wés described

in the case, and similar kinds of information can be placed under this category.
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The CBR Algorithm

i
‘:9

The heart of the Aphid Case program is the CBR algorithm that takes a newly
entered case and searches the database in an attempt to find the most similar

case. There are many different ways this can be done within the CBR paradigm.

Wéighting of Features

For instance, the simplest methoq would be to simply count how many
matching values the new case had with each old cas'e, and choose as most
similar that old case with the most matches.. This was done in the early CBR
system Proximity [12]. However, it was quite clear from our discussions with
RWA experts that some features were far more im_poriant thaﬁ other features in
classifying é case, so we decided to assign numeric values to each of the
features. The higher a feature was ranked, the greater the ‘numeric value
assigned to it. Our final rankings varied from 60 for the most important feature to
1 for the least important. Instead of simply counting features that match, the
system keeps track of total match strength between two cases by adding the

‘numeric values of those features whose values match.

Symbolic Matching

Another important issue to be addressed was what to do if the new case and
the database caée values for a certain feature did not exactly 'match, but were
similar. For instance, perhaps the new case had a value of "10-15%" for the
feature "% Infested Tillers" while a database case had a value of "15-20%."
Should the total m'atch strength between the tWo cases increase somewhat.
because of the closeness 6f the values? This could help the accuracy in some

cases, and could reduce the danger of picking a poor choice as the best
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matching case. However, we chose to only increase the total match value when
the match was exact, for the following reasons: 1) The system is much easier to
understand for the average .user if only exact métches contribute to the. final
match strength score. 2) In a domain as poorly underétood as RWA control,
placing any kind of partial value depending upon _"clbsen'ess" would largely be
pure guésswork. 3) Finally, the system is designed to be easily modifiable in the
field: If, each time a new legal value for a feature was added, the user had to
relate ifs similarity values to other existing legal values for that fleature, much
more effort and knowledge would be required. For these reasons we chose to
treat all featﬁre values, including those that seemed to have an intrinsic order,

as symbolic.

Database Filter

There was a final problem to b€ solved regarding the CBR algorithm.
Because each case con3|sted of forty-seven features, Aphid Case required the
user to enter in values for as many of those features as p033|ble Thus the user
had to face a screen of forty-seven blanks to be filled in every tlme he or she
wanteld to enter in a new case. After displaying our system to domain experts,
we came to realize that this was an intolerably ‘Iarge number of fields for a user
to be faced with. We solved this problem Using a techniqu'e we call a "database
filter." Instead of initially presentlng the user-with a screen of forty-seven
features for which values were desired, Aphid Case begins by requesting the
values of just a few (generally 2 to 4) very important features.” These are
features that the experts feel must have the same values for any two cases to be
considered similar. Then the database is searched, and only those cases whose

features match all of these filtering values are kept as possible matches to the
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new case. These remalnlng cases are then compared one to another to
determine which of their features make them each different from one another
Generally they will have differing values for between ten and thirty features.
Next the user is presented with these remaining features to be entered. Once
this is complete, Aphid Case searches the remaining cases, finding each case's
total match score with the new case. The highest scering cése is then declared
the winner and the user is advised to note the category it belongs to, as well as
the tactical and general advice pertaining to that case. Thus, the user was
~ probably spared having to enter between ten and thirty unnecessary values by
the use of the database filter. And thefe is no danger of excluding an important
case by theuse ef the filter, because the features that are used for the database
filter are only those that are determined to be necessary matches for two cases

to be considered similar.

User Advice

As stated'ablove, after the necessary fea_tﬁre \)alues have been entered by
the user, the program finds the case in the database that best matches the newly
entered case. The general category and tactical advice pertaining to this case is
displayed, and the user is glven information such as the strength of the match,
differences between this case and the new case, other high- scoring cases, and
.how to best interpret these results. The user may also save the new case in the
database, with either the program's recommended advice, or with the user's
recommendation should the user believe the advice was incorrect. At this eoint,
it is hoped that the user will either follow the advice generated by Aphid Case, or

has at least been offered some factors to consider in making his or her decision.
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Database Controls

To achieve our goals of ease of use and field maintainability, we incorporated

a number of database and knowledge representation controls.

Display
Aphid Case- allows the user to select several options for display:
o Display all the names of the cases in the database
o Display specific cases

o Display cases with one or more specific feature values

Case Modification
The user can also choose to add a case to the database, delete a case from

the database, or modify a case that is already in the database.

Change Specific Feature Values

The user may choose o change a specific feature value in any of the cases
in which it appears. For instance, the user may wish to change. every instance
. of "Barley” which appears under the feature "Crop” to "lrrigated Barley". Aphid
Case makes this kind of search énd replace procedure simple and

straightforward.

Change Data Format

Aphid Case also incorporates an innovative appfoach to remaining very
flexible to new types of information as more knowledge is gathered on the RWA.
| Not only can new éases be easily added to the database, but the actual format .
of cases can be changed from within the program itself. While running Aphid

Case the user can change the following:
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o . The features that are stored for each case: add, delete or modify the

features that Aphid Case stores for each case. |

o The legal values allowed for each feature: add, delete or modify any of

these values as new cases or better knowledge becomes available.

o The numeric weights for each feature: modify ény of the numeric weights

used for each feature.

o The features that are used for the database filter: select a new set of

database filter features at any time.

These features make Aphid Case very flexible in the face of new domain
knowledge. We believé that they will allow Aphid Qése to continue to improve
and grow as new information about the RWA becomes available. The danger, of
course, is that having such an easily modifiable system will allow improper
changes to occur, resulting in a degradation of performance. We will deal with

this topic in chapter 5, "Areas for Further Exploration.”
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CHAPTER 4

RESULTS

Goal of the Experiments

" The goal of the following experiments was to determine wheth_e( or not the
CBR algorithm we had developed was a suitable tool for the Aphid Case .
decision support system. We have seen that it fulfilled our objectives as an easy
to build, easy to use, and easy to maintain system; however, most importantly,
did it give good, useful information to the user? Secondl);f, because it is a
relatively new system, its database of cases is fairly small and limited. So we
would like to know how its accuracy and effectiveness would be affected by an
.increased database. And finally, how does the accuracy of the Aphid Case CBR
algorithm compare in this RWA domain with that of a neural network approach
and a decision tree approach? s it comparable, or does it suffer for its simpliéity

and easy maintainability?

Database Used

The dé-tabase used for all éxperiments is the actual Aphid Case database
that was gathered through interviews V\\Iith seven experts on the RWA in the
western United States, This database consists of 124 different cases covering

all five of the major categories as shown in Table 2.,

}
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Category Number of Cases % of Database
Tactical Advice '
Chemical | C 46 + 37
apply granular insecticide 4 ' 3
apply insecticide 18 15
spot spray insecticide 3 2
apply foliar spray 13 11
apply tank mix 6 5
apply seed treatment 2 2
Cultural 9 7
- delay seeding 3 2
livestock grazing 5 4
use as set aside acres 1 1
No Risk 3 2
no risk of RWA damage 3 2
Too Late: 6 5
no treatment: too late 6 5
Wait or Scout 60 48
wait and scout 25 20
wait, irrigate, and scout ’ 5 4
scout until threshold reached 24 19
scout volunteer and crop 2 2
scout until weather moderates 4 3

Table 2: Classificatiot'ls of cases in experimental database
Accuracy of CBR

Experiment ) ,

The testing methodology used to test the overall accuracy of the CBR system
was to select at random 80% of the cases of the database (99 cases) to form the
| training set. Then the .remaining 20% (25 cases) served as the testing set.
Each test case was entered into the. CBR algorithm and the highest scoring case ’»
of the training set was selected as its most Slml|al‘ case. If the two cases had the

same value for their tactical advice, then thls was deemed to be the correct

Y
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tactical advice. If not, it was considered to be the incorrect tactical advice.
Similarly, if the two cases had the same value for their (more general) category,
then this was deemed to pe the correct classification in terms of general
category. And:if not, then this.was considered an incorrect classifica{tion. Then
another random selection of 80% ‘of the database was created and the tests

were repeated. This procedure.was repeated a total of five times.

Type of Accuracy Average Result  Best Result _ Worst Result
Tactical Advice 51% 68% - 44%
General Category 74% . 84% 68%

Table 3: Tactical advice and category accuracy of CBR algorithm

Anal'ysisJ

' We'see that the CBR algorithm cHose the correct one out of the sixteen
| possible values for tactical édvice an average of 51% of the time. This result
was slightly higher than ex;ﬁected given the rélatively small database (there are '
only an average of eight cases that have each given tactical advice. value).
However, it is too low to be of great use, since fchis means that it supplies the
incorrect tactical advicé nearly one of every two times it is run. We conclude
that while this is a promising result, given that we expect the database to grow
rapidly, it is still too small to justify relying.on the current version of Aphid Case
too heavily for a specific tactical advice.

However, the result for the general category is more promisiﬁg. In these
series of tests we ranged from 68% to 84% accurécy .in this broader
classification, averaging 74%. Thus, as would be expected, Aphid Case does a

better job at giving more general advice. Yet though it is more general, this is




still very useful advice, and could prove to greatly helb the decision support
process as preducers attempt to control RWA infestations. There will simply
need to be more human input in determining specific actions. So until the
database gets‘large enough to allow for further testing, we conclude that the
tactical advice suggested by Aphid\Caselmay be useful to the user, and the

category suggested is very likely to-be of USE———- -
J

Accuracy of CBR as a Fungction of Database Size

4

Experiment

In order to determine how the general categery classification accuracy~of the
CBR algorithm varies according to the size of the database, we performed the
same set of experiments described above on training sets from 10% to-90% of
the Aphid Case database at 10% intervals. For each of these nine lntervals we
randomly created five separate tralnlng sets, for a total of forty-five tralnlng sets.
For each tralnlng set, we ran the remamlng cases of the database through as a -
testing set. Thus the testing set for the 10% tralnlng set conS|sted of the other
90% of the database, while the testing set for the 90% training set consisted of
just 10% of "the database and was thus prone to somewhat more erratlc
behawor However, because we repeated each experiment a total of five t|mes -

our average results proved fairly stable and predic‘:table.

Analysis

The results from thls set of experlments show the strong correlation between -
the size of the training set and the accuracy of the algorlthm The average
accuracy at 10% of the database is 42% and improves at every interval except

one, to end at 75% at 90% of the database. The fact that the accuracy
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consistently improves is very promising. While we ‘do expect the rate of
improvement to decrease as the database training set becomes larger, the
average accuracy may potelntially be in the 80-90% range when the size of the

database doubles.
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Figure 1: Accuracy of CBR algorithm as a function of training set size

Comparison with Neural Networks

Experiment
The NETS 2.01 neural network package produced by NASA was used to

evaluate how the neural network approach would work (in terms of classification
accuracy) on the Aphid Case database in comparison with the.CBR approach.
The input layer consigted of fifty-six nodes. Forty-four of the features were of
such a nature'that their values could be ordered, and thus needed to be '
assigned only one node each. For instance, for "Economic Potential" the node-
received a value of 0.1 if the feature value was "low", 0.5 for "medium”, and 0.9

for "high". If the value was missing it was assigned the average value, in this
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case 0.5. The legal values for tHe remaining three features could not be
reasonably ordered, so 3 nodés were used for "Crop", 3 nodes for "Grazing or
Harvest", and 6 nodes for "Available Insecticides”. The reason for not treating
all the features as purely.symbolic as they are treated by the CBR algorithm,
waé because this would have led to a very huge network consisting of perhaps
300 input nodes, and presenting a very real challenge o train. quther, it is not
advisable to have 300 input nodes when the total number of examples you have
to peride the network is at most 112. .

Because we were training the network to determine the correct one of five
‘categories for the case, our output layer consisted of 5 nodes, one for each
category. In order to avoid the possibility of "memorization" by the nétwdrk, it is
important to make the middle layer fairly small. A middle layer of 30 nodes was
~chosen as an initial experiment. Using the 112 input examples, it took many
time-consuming attempts to successfully train the network with this topology, so.
it was decided to not try to train-a netWork with fewer nodes in the middle layer.
In fairness, however, it should be noted that given the relatively small number of
examples available, the network still did not have few enough connections to
avoid the possibility of "memorization” completely. We chose a fully connected
network, and weré able to train each network using-the default values provided
by the NETS program. Due to the long training times for the networks, only one
network was trained for each of the nine different sized training sets, rather than

the five separate tests used in the case of the CBR testing.
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Input Layer 56 Nodes
Hidden Layer 30 Nodes
Output Layer 5 Nodes
Maximum Weight Value: 0.357
Minimum Weight Value: 0.001
Global Learning Rate: 0.268
Global Momentum: 0.900

Table 4: Settings used for neural network experiments

Results

The network performed similarly to the CBR algorithm, though more
sporadically due to the fact that fewer experiments were performed to average

out the output results.

ro 70
'w 65
O 60

ae 45

% of Database Used for Training Set

Figure 2: Accuracy of neural net algorithm as a function of database size.
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Comparison With Decision Trees

Experiment

We chose to build decision trees to compare their accuracy with that of the
CBR algorithm. The type of decision trees we decided to use were binary trees.
This type of tree always splits into two branches at each decision point. One |
branch takes a certain value, and the other branch takes all other values. We
| chose the binary decision tree because it has proven more accurate in domains
~ that are highly uncertain and full of missing information such as the Aphid Case

database [13]. We also needed to decidé how to handie missing information
wihile‘ building.the trees. One way is to treat the missing information as simply
another vélue for the feature. This approvach is labeled DT1. A second method
is to branch only on a specific actual value, and not treat mlssmg values as true
“values. This approach is labeled DT2. We |mplemented both of these types of

decision trees, using the same forty-five databases that were created to test the

CBR algorithm.

Resuits

The decision tree in which missing values were treéted as true values (DT1)
tended to be the more accurate of thé two methods (figures 5 and 6). However,
the CBR algorithrﬁ outperformed both of the decision trees in a consistent

manner for all of the training sets except the smallest.
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Figure 3: Accuracy of DT1 algorithm as a function of database size
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Figure 4. Accuracy of DT2 algorithm as a function of database size

Experimental Conclusions

From these tests results, we can conclude that the CBR algorithm seems to
perform only average when attempting to give highly specific tactical advice

based only on the current fairly small database. However, it seems able to fairly
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accurately suggest general categories of action such as "Chemical or Wait or
Scout". And it seems to improve almost linearly with the size of the training set
used (though it does appear to begin leveling as it reaches the 80% accuracy
area). Finally, not only is CBR much easier to update and modify, but it appears
to be at least as accurate as a neural network or decision tree approach (if not
more accurate). For these reasons, we believe that the CBR approach seems
to be well suited to this highly complex and poorly understood domain. See
figure 6 for a comparison of the results of these three different techniques, and

figure 7 to see the results of applying linear regression to each of the graphs.

DT1-AVE

DT2 - AVE

Figure 5: Comparison of DT1 and DT2 algorithms

General Conclusions

We feel that we have achieved our primary goals of Aphid Case: we have
developed an easy to use, easy to maintain, and fairly accurate decision-support

system for the domain of RWA management. The most innovative aspect of
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Aphid Case, the extremely flexible and mo'dif.i‘able database fo:;mat, offers both
great opportunity and great danger. The opportunity is that the system can
easily- grow as our knowledge of the RWA incréases; the great danger is that
giving too much control of the knowledge and its format to many different people ‘
will make it hard to gather and assimilate the large amount of information that it
will acquire throughout the western United States. . Only time will tell if Aphid

Case will continue to be a useful decision support system for RWA control.
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Figure 6: Comparison of neural net, CBR, DT1 and DT2 algorithms
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Figure 7. Linear regression of neural net, CBR, DT1 and DT2 algorithms
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CHAPTER 5

AREAS FOR FURTHER EXPLORATION

There-are a number of areas related to Aphld Case that would be well suited
for further exploration. Among these are: 1) What WI“ be the highest accuracy
that can be hoped for when the database size becomes much larger? 2) How
should various versions of the Aphid Case databases be merged as they slowly
diverge frcm one another? 3) ls’there any way to combine the CBR algorithhj
with either a decision tree or' neural network approacﬁ to increase accurécy or

improve the user interface?

What is Aphid Case's highest potential accuracy rate?

We saw that when we used 90% of our database as a training set (112
cases) our average accuracy rate reached 75% for correctly determining the
category that a case would fall under. It appeared that the CBR accuracy graph
(see figure 1) was continuing in an upward trend at this point. How high would it
go before it began to level off, and what si;e of database would accomplish this
value? For instance, if we doubled the training cet to equal 224 cases, would
our accuracy rate approach 90%‘cr ,higher? Until Aphid Case has been
distributed and many more cases are added tc its database, this issuc remains
in doubt. ‘However, we look forward to repeating this testing as soon as a larger

~ database becomes available.
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How to merge Aphid Case databases?

A primary emphasis of the- Aphid Case system has been that it will be field
maintainable. To achieve this, we give future users great control over the
contehts and formats of cases that are stored in the database, not to mention
which cases they choose to store as well. We have hoped . that this will allow
Aphid Case to continually. improve its accuracy and reliability as more scientific
and case history data becomes evailable. |

However there is a potential prbblem that arises from the great flexibility that
has been bunlt into the system. It is possible that the Aphid Case database that
is in use in (for instance) California will, over time, become very different than
that in use in Montana. Or perhaps two California Aphld Case sites will become
R very different. Not only may the cases that are stored vary greatly, but even
which features represenf a case may come to be very different. If this occurs,
what should be done? Should the databases remain forever distinct and
independent, or should they somehow be merged to capture the knowledge of
both sites? If the latter is the case, how do you 'rﬁerge databases in which there .
are varying. features from one database to another, not to mention varying legal
values and numeric weights assigned-for each feature. We see this issue
becoming very important for Aphid Case within one to two years, and believe

that it is worthy of some study.

Should we merae_CBR with other machine learning technigues?

There is a great deal of interest currently in merging various machine

learning techniques sueh as neural networks, rule-based systems and CBR 1o
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come up with tools to better handle complex sets of data [14]. We see several

possible avenues of exploration for Aphid Case.

Neural Networks

One botential way to merge a neural network approach with our CBR
“algorithm would be to train a network to rate how similar two given cases were.
Note that this is different than training a network to classify-a case, for we would
not ask'the network to go that far; rather it would simply return a value for how
similar any two cases were. Thus we may not havé to. retrain the _netwo'rk every
time a new case isl entered, as we would need to do in the previous version. We
could possibly add many new cases, and simply allow our previousiy trained
network to rank similarities. Several issues arise from this approach: (j) How do .
you train this kind of network? (2) Could it accurately rank similarities on cases
that were not involved in its training (such as new cases)? (3) Would this type of

similarity matching be more "accurate than our much simpler numeric weights

method?

Decision Trees

One way to merge a decision tree based system with the CBR system would
be to use a decision tree to help modify the previousluy set numeric weights of the
features. For instance, perhaps the féature "Plant Date" was given a fairly low
numeric weight, but the decision tree formed from the database placed this
feature at or very. close to the root node of the decision tree. And perhaps
"Forecast" was given a high numeric rating by the experts, but the deci.sion tree
either did not use it'at any nodes, or only used it very far down in the tree.
Given these circumstances, there may be an algorithm that would allow the

numeric weights of "Plant Date" and "Forecast" té be increased and decreased
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respectively. And perhaps this would be a more efficient way of determining
optimum numeric feature weights than simply going through many te-s'ts of the
CBR algorithm and varying weightsl (since there are forty-seven different
features, each of which can have one of sixty different weights, in the current
database alone there would be approximately 6047 possible weight settings ).

Decision trees could also be useful in conjunction with the Database Filter.
Instead of presenting the user with all of the conditions for which those cases
that passed the filter had some differing values, a decision tree algorithm could
be used to find that condition for which an answer from the user would best
d|V|de the remaining cases. This most informative attribute could be discovered
by using the same information gain algorithm used by decision trees. Once the
value for this condition. was received, the next most useful condition could be
found, and the usor could be prompted for it. In this way, it may be possible to

present fewer conditions to the user than is presented by the current Database

Filter technique.
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