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1. Introduction

General Electric’s Research Center has been using soft computing (SC) and re-
lated techniques to create decision support systems (DSS) since the early 1980's.
After fielding and maintaining multiple applications we have found many benefits
from using soft computing to create knowledge based decision support applica-
tions. This chapter will describe the benefits of using SC for creating a DSS and
then show two recently fielded applications. The applications are a classification
tool for determining the risk of financial transactions and a parts advisor for ser-
vicing medical equipment.

1.1 Background

DSSs are interactive computer-based systems intended to help decision makers
use data and models to identify and solve problems and make decisions (Sage
1991). The term DSS was created in the 1970’s to represent information systems
designed to help managers in making choices. These systems used spreadsheets,
integer programming, and expert systems. In the 1980's, vendors created decision
support tools called executive information systems (EIS). An EIS was used to
view organizational information and predict the future state of the organization. In
the 1990's, on-line analytical processing (OLAP) was introduced as a method for
manipulating enterprise data models across many dimensions to provide a DSS.
However, the 1990's also brought a redlization that non-mangers are performing
knowledge-based work that can benefit from the assistance of a DSS (Senge 1994,
Drucker 2001). The DSS was also applied to complex domains with uncertain in-



formation. The needs of the DSS of the future that are used by non-managers in
uncertain domains are a good match with the capabilities provided by the field of
Soft Computing (SC). SC provides a synthesis of methodol ogies from fuzzy logic,
probability theory, neural networks and evolutionary computing. SC differs from
conventional (hard) computing in that it takes advantage of imprecision, uncer-
tainty and partial truth to achieve tractability, robustness and low solution cost
(Zadeh 1973, 2001). [describe that decisions are often uncertain]

2. Benefits of Soft Computing to Knowledge Engineering

Knowledge engineering (KE) deals with the development of knowledge-based
systems including DSS. The phases of the KE process are planning, design,
knowledge acquisition, system building, and system maintenance (Schreiber
1999). KE tries to turn the creation of knowledge-based systems from an art into a
science, similar to the way software engineering turned software development
from an art to a science (Pressman 1987, Chang 2001). KE traditionally aug-
mented software engineering principles with guidelines for creating expert sys-
tems. However, the symbolic manipulation and predicate logic of expert systems
is not sufficient for creating complex DSSs (Zeleznikow and Nolan 2001). We
have found that KE can be expanded to include SC and related techniques. This
section outlines the benefits of using SC as part of the KE process for creating
DSSs.

2.1 Planning and Design

Planning and design are the first phases of the traditional KE lifecycle. An un-
derstanding of SC techniques is useful in planning and designing a DSS that adds
the maximum possible value to the decision process. The planning and design
phases include setting the goals of the project and determining the approach to
reach those goals. An understanding of SC can help with both of these tasks

2.1.1 Setting Project Goals

SC techniques can alow a DSS to have a level of decision automation that is
more vauable than is possible without SC. DSSs can provide information for
making a decision, suggest possible solutions, or completely automate the decision
process. Traditional DSSs and knowledge management systems (Davenport 1998,
Rumizen 2002) only provide information for making a decision. SC techniques are
often needed to correctly suggest possible solutions or automate the decision proc-
ess. When SC or other related techniques are used to produce a DSS that provides
a higher level of automation the DSS can provide greater productivity benefits to
the decision process. A DSS with the higher level of automation will be a more
valuable DSS. Thus, the goa of a DSS should be to automate as much of the deci-



sion process as possible, which would maximize the need for use of SC tech-
niques. The two applications described in the following sections will provide ex-
amples of the higher levels of automation. The parts advisor suggests possible so-
lutions and the financial risk classifier automates the decision process.

2.1.2 Technology Selection

Another important task in planning and design of a DSS is selecting the appro-
priate technique of supporting the decision process. There are many technologies
that can be used to create a DSS and the correct selection of a technology has a
large impact on the project. SC includes a variety of techniques that can be used
directly or combined with other techniques to produce a DSS. Each of the SC
techniques has advantages and disadvantages so no one technique would be ap-
propriate for all DSSs. We will briefly discuss these advantages and disadvan-
tages.

Fuzzy logic is a methodol ogy for the representation and manipulation of impre-
cise and vague information (Ruspini 1998). One common way of using fuzzy
logic in a DSS is creating a fuzzy rule based system. A fuzzy rule based system
has the advantages that it can represent domain knowledge in the form or rules,
similar to an expert system, but it can aso reason with uncertain information and
perform numerical calculations. A disadvantage of the fuzzy rule based system is
that the rules can be difficult to acquire and tune, as is true with expert systems.

An artificial neural network (ANN) is a method of reasoning that is inspired by
principles observed in neurons of the central nervous system of humans and ani-
mals (Fiesler and Beale 1997). An ANN isaset of one or more layers of nodesin-
terconnected by directed, weighted links. Given examples of input patterns and
desired outputs the ANN can learn weights on the links that provide the correct
outputs for the training inputs and other similar inputs. The ANN can be used to
create a DSS when sufficient training examples exist. However, it is difficult to
incorporate heuristic or rule based domain knowledge in an ANN.

Evolutionary computation (EC) is a method of optimization that is based on
simulating evolution on a population of possible solutions to a given problem
(Back et. al. 1997). Simulated chromosome crossover and mutations are used with
survival of the fittest to evolve the population of solutions so that after many gen-
erations the population consists of the best solutions found. A DSS that is created
using evolutionary computing can evaluate a large population of potential solu-
tions and suggest the best one that was found. Some disadvantages of EC are that
there must be a fitness function that can eval uate the fitness of any possible solu-
tion and that all possible solutions are not evaluated so that the optimal solution is
not always found.

Bayesian belief nets (BBN) have nodes that represent propositions and arcs be-
tween nodes that represent probabilistic relationships to other propositions (Rus-



sell and Norvig 1995). The BBN can be used in a DSS to reason about the propo-
sitions that are represented by the nodes. The disadvantages of a BBN are that the
choice of propositions to represent limits the reasoning to the set selected and the
rel ationships between nodes can be difficult to specify precisely.

Hybrid techniques can combine multiple SC techniques or some SC techniques
with other related techniques such as database theory, information retrieval, ma-
chine learning, or case based reasoning.

2.2 Knowledge Acquisition and System Building

Knowledge acquisition includes collecting the data and information that will be
used to make decisions plus capturing the process that will be used to create a de-
cision from the data and information. A traditional DSS would rely on a human's
undocumented intuition or experience to provide the tacit knowledge (Nonaka
1995) needed to create a decision. This tacit knowledge can be difficult to com-
municate or share with others. SC provides a variety of techniques for capturing
the tacit knowledge. When a humans' tacit knowledge is used in a decision proc-
essthat processisan art, but if the knowledge is captured the process can become
a science. Once a decision process is captured it can be made more consistent, be
shared, evaluated, and improved. Consistency for a single decision maker or a
group of decision makers can be achieved by having humans specify how to make
a decision and using a technique from SC to create a tool that performs the deci-
sion process. Since the decision process is captured in a deterministic tool it will
be consistently repeatable. The humans' job is transformed from making decisions
to specifying how they are made. Once a decision process is captured in a tool it
can be easily shared with others. Instructions on how to use the tool are al that is
needed for others to execute the decision process. The tool can be evaluated to es-
tablish how well it performs. Some evaluations include determining the error rate
(percentage of times the tool makes an incorrect decision), false positive rate (per-
centage of times the tool determine a positive decision should be made when actu-
ally a negative decision should be made), and false negative rate (percentage of
time a negative decision is made and a positive decision should be made). The tool
can be improved by making modifications and determining the modified tools er-
ror rate, using the same data set. Modifications that reduce the error rate are re-
tained and ones that do not reduce the rate are discarded. If costs are associated
with false positives and false negatives then the tool can be tuned to minimize the
cost of making a mistake. Furthermore, statistics on the tool can be used to deter-
mine if the error rate for a given type of decision are higher or lower than the typi-
ca error rate. If the error rate is low then there can be high confidence in a solu-
tion the tool creates. The high confidence solutions can be automated even if al
the decisions cannot be automated. This relieves the burden from decision makers
to perform easy but repetitive decisions and allows them to concentrate on more
challenging decisions or improving the way that decisions are made.



2.3 System Maintenance

The world is constantly changing. Decisions that were correct in the past are
not always correct today, and may be different in the future. The DSS is only as
good as the information on which the decision is based and reasoning process that
uses the information. Determining the quality of information and updating the rea-
soning process are tasks that a traditional DSS left for the end user. SC techniques
can be used to deal with changing information and updating the reasoning process.

Quality information has always been important to a DSS (Loshin 2001). The
user of atraditional DSS often played the role of the judge of information quality.
If the information was not current, complete, correct, and consistent they would
have made a decision with uncertain information. SC techniques are specifically
designed to be used with uncertain information.

A DSS must constantly have its reasoning process updated to represent the cur-
rent reality. The user of atraditional DSS was often assumed to update their rea-
soning process as needed. This updating was often a hidden task of the user and
was not done in a formal way if it was done at al. However, when the decision
process is automated the users primary task changes from making decisions to up-
dating the reasoning process. SC techniques can be used for both automating the
decision process and maintaining the process. For example, the financial risk clas-
sifier will describe how fuzzy rules are used to automate the process and an evol u-
tionary algorithm is used to update the rules when needed.

2.4 Value Proposition

Maximizing the value of the DSS should be the goal of everyone who creates a
DSS. In order to do this, it isimperative to understand the benefits that are derived
from the DSS and the cost of creating it. The cost and benefits of DSSs are alittle
different than traditional software applications. DSSs add value to the intellectual
capital of an organization (Edvinsson 1997). The following is alist of some of the
benefits of aDSS:

- Increased productivity
Quality of decisions (correctness)
Speed with which a decision can be made (as seen by decision maker
or customer)
Consistency of decisions
Reduced training time needed by decision maker (staff flexibility)

Thetotal benefit of aDSSis a sum of the benefits of each of these items. Some
of these benefits are realized every time the DSS is used (B;), an example is in-
creased productivity. Some of the benefits are realized in a reduction of yearly
costs (B»), an exampleis reduced training time.



Thereisalso alist of costs associated with a DSS that include:
Cost to create the system (C)
Cost to maintain the information and reasoning (M)
Cost to use the system (U)
Cost to apply the result of the system (A)

A formula that determines the value of a DSS, where N is the number of times
the DSSisused and T is the time that the DSS remains useful in years, isgivenin
equation 1.

Vadue=(B1*N)+(B,*T)-C—-(M*T)—((A+U)* N) (1)

When a DSS is being planned, designed, and created this formula should be
used to make sure the DSS gives the maximum possible value. An evaluation of
the formula shows the importance of maximizing B; and minimizing (A + U).
These benefits and costs are multiplied by the number of times the DSSis used so
they can have alarge effect on the value of the DSS. SC can increase the benefits
and decrease the costs so that the value is optimized. The remainder of this chapter
will show how SC was used to optimize the value of two fielded DSSs.

3. Automated Decision System for Financial Transactions

3.1 Problem Description

In many transaction-oriented processes, human decision makers evaluate new
applications for a given service (mortgages, |oans, credits, insurances, etc.) and as-
sess their associated risk and price. The automation of these key business proc-
esses is likely to increase throughput and reliability while reducing risk. The suc-
cess of these ventures is highly dependent on the availability of generalized
decision-making systems that are not just able to reliably replicate the human de-
cision-making process, but can do so in an explainable, transparent fashion. In-
surance underwriting is one such high-volume application domain where intelli-
gent automation can be highly beneficial, and reliability and transparency of
decision-making are critical .

A highly trained individua traditionally performs insurance underwriting. A
given insurance application is compared against several standards put forward by
the insurance company and classified into one of the risk categories (rate classes)
available for the type of insurance requested. The risk categories then affect the
premium paid by the applicant--the higher the risk category, the higher the pre-
mium. Note that the accept/reject decision is also part of this risk classification,



since risks above a certain tolerance level set by the company will simply be re-
jected.

There can be a large amount of variability in the underwriting process when
performed by human underwriters. Typicaly the underwriting standards cannot
cover al possible cases, and sometimes they might even be ambiguous. The sub-
jective judgment of the underwriter will almost always play arole in the process.
Variation in factors such as underwriter training and experience, and a multitude
of other effects can cause different underwriters to issue inconsistent decisions.
Sometimes these decisions can fall in a“gray area’” not explicitly covered by the
standards. In these cases, the underwriter uses his’/her own experience to deter-
mine whether the standards may or should be adjusted. Different underwriters
could make different determinations about when these adjustments are allowed, as
they might apply stricter or more liberal interpretations of the standards.

3.2 Approach

We will describe a system to automate the application placement process for
cases of low or medium complexity (using a fuzzy rule-based and a fuzzy case-
based reasoning engine.) Alternatively, the system can provide the underwriter
with partial analysis and conclusions for more complex cases. With this kind of
automation, variability of the risk category decision would be greatly reduced or
eliminated. This will eliminate a source of risk exposure for the company, allow-
ing it to operate more competitively and profitably. A smart automation process,
capable of determining its applicability to each new case will increase the under-
writing capacity for handling larger volume of applications.

3.3 Prior Work

Reported research in the area of automated insurance underwriting is quite
sparse. However, there are a few documented approaches. Collins et a. (Collins et
al. 1988) describe the application of a neural network to replicate the decision-
making of mortgage insurance underwriters by training the system on a database
of certified cases. Insurance underwriting based on neural-networks or similar
modeling approaches leads to opaque decision-making, wherein the learned and
encoded interrel ationships between decision variables that are used to arrive at de-
cisions is not well defined and explainable. Nikolopoulos et al. (Nikolopoulos et
al. 1994) describe the application of evolutionary learning and classification tree
techniques to build a knowledge base that determines the termination criteria for
an insurance policy. DeTore, et a. (Detore et a. 1990) describe a different ap-
proach, based on the assignments of weights to elements on the basis of predeter-
mined relationships. A risk classification is determined for the potentially insur-
able risk from the weights assigned.



3.4 Solution Description

Our approach differs from the ones above described because it uses transparent,
interpretable model s that can represent partial degree of constraint satisfaction in a
flexible, natural manner.

Figure 1: Decision engine selection as a function of case complexity
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3.4.1 Rule-based Decision System

The fuzzy rule-based decision system is based on rule-sets that encode under-
writing standards. Each rule-set represents a set of constraints with fuzzy regions
at the boundaries of different rate classes. The decision system is derived from
knowledge engineering sessions with expert underwriters that helped identify fac-
tors such as blood pressure levels and cholesterol levels that are critical in defining
the applicant' s risk and corresponding premium. The goal is to assign an applicant
to the most competitive rate class, providing that the applicant' s vital data meet all
of the constraints of that particular rate class to a minimum degree of satisfaction.
Each constraint is represented by afuzzy set A(x), which can be interpreted as the
degree of preference induced by avalue x for satisfying condition A. An inference
engine will determine the value of satisfaction of each condition and the overall
degree of satisfaction of the rule. The definition of each fuzzy constraint A(x) and
the determination of the minimal degree of satisfaction are design parameters that
are initialized via these knowledge engineering sessions. Figure 2 illustrates the
evaluation of the data from a hypothetical applicant using the rule-based con-
straints of a given rate class.
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Figure 2: Evaluation of hypothetical applicant data (triangular markers) us-
ing fuzzy rule-based constraints.

3.4.2 Case-based Decision System

Unlike rule-based decision-making, which provides a generative approach to
the representation of knowledge, case-based decision-making represents an ana-
logical approach to the solution of the same problem. For instance, in the judicia
system, statutory law is interpreted by a judge and applied to specific instances,
which then becomes part of jurisprudence. When the law is not clear or unambi-
guous, legal precedents are used to help the judge make consistent decisions on
new but similar cases. In this analogy, statutory law corresponds to a set of un-
derwriting rules, while the set of precedents corresponds to past applications for
which arate class was determined. In this endeavor, complex cases require the aid
of case-based reasoning (CBR) to determine the correct rate class for an applicant.

The selection of the appropriate rate class (solution) for a new applicant (probe)
is done by using a set of previous problem / solution pairsthat are stored in a Case
Base (CB). The CBR process, which uses this CB, consists of the following steps
(Aamdot, 1994):

Retrieval of similar cases,
Reuse of theretrieved case for the new application,
Revision based on a underwriters evaluation, and



Retention of the newly created application and category in the case base.

The retrieval step involves finding all cases in the CB that have a problem simi-
lar to the new decision (probe). The similarity is determined by comparing each
feature characteristic of probe with the corresponding feature in a case. If all fea-
tures in an existing case are within a pre-specified distance from the ones in the
probe, then the case is retrieved. The similarity of the retrieved cases to the new
application is calculated using a fuzzy membership function for each feature char-
acterizing the probe (Bonissone and Cheetham, 1997, Cheetham 1997).

The retrieved cases are reused to determine a solution for the new decision.
Each retrieved case is adapted to more accurately reflect the category or class that
should be used for the new decision. The adapted solutions define a distribution
over the space of decisions. Then, we use the mode of the distribution (similar to
the use of the Mean of Maximain the defuzzification of a Fuzzy Controller) to se-
lect the appropriate risk for the new probe.
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Figure 3: Neighbors closest to a new case in case-based decision-making.



Knowledge engineering is used to determine the most efficient indices that rep-
resent cases, to define the fuzzy similarity metric that induces the best ranking
upon the retrieved cases, and to adapt the solution of the closest cases to the appli-
cation on hand. The parameters used by the case-based decision system to search
for similar cases and to rank them are also design choices that need to be deter-
mined and maintained over time for optimal performance. Figure 3 illustrates an
example where the applicant data is represented by a point in a multi-dimensional
index space, and the points in the surrounding sphere represent potentially similar
cases, each with a corresponding color-coded rate class. The corresponding histo-
gram illustrates the distribution of the retrieved neighboring cases, and the infor-
mation conveyed by this histogram is used by the case-based decision system to
make the final decision for a given application. While the mode of the histogram
determines the output, the shape and cardinality of the histogram can be used to
determine the confidence value in such output (Bonissone and Cheetham, 2001).

3.5 Results

The rule-based and case-based engines have been tested with about 3,000 refer-
ence cases, i.e. cases for which the outcome has been independently validated.
Both systems outperformed the human decision maker in terms of accuracy and
consistency of the decision.

However, there was no guarantee that these parameters were optimal. There-
fore, we decided to define a process to optimize the decision engines according to
some predefined metrics. We developed a method whereby the decision thresh-
olds and internal parameters of these decision-making systems were tuned using a
multi-stage mutation-based evolutionary algorithm. The fitness function used se-
lectively penalized different degrees of misclassification, and served as a forcing
function to drive correct classifications.

We evaluated the performance of the decision systems based on the three met-

rics below:
- Coverage: number of cases whose rate class assignments are decided by

adecision system as a fraction of the total number of input cases.
Relative Accuracy: number of cases with a correct rate class assignment
as afraction of the number of cases covered by the system.
Global Accuracy: number of cases with a correct rate class assignment as
afraction of the total number of input cases.

The following two tables describe the performance enhancement for each deci-
sion engine, obtained viathe evolutionary optimization methods. This effort is fur-
ther described in reference (Bonissone et al., 2002).



Table 1: Performance of the un-tuned and tuned rule-based decision system.

METRIC SUB-OPTIMAL OPTIMIZED
PARAMETERS | PARAMETERS
Coverage 90.38% 91.71%
Relative Accuracy 92.99% 95.52%
Global Accuracy 90.07% 93.63%

Table 2: Performance of the un-tuned and tuned case-based decision system.

METRIC SUB-OPTIMAL OPTIMIZED
PARAMETERS | PARAMETERS
Coverage 47.97% 98.86%
Relative Accur acy 92.10% 90.80%
Global Accuracy 44.18% 89.77%

3.6 Discussion

We developed two complementary methodologies based on fuzzy rule-based
and case-based reasoning to create decision systems that are able to automatically
determine risk categories for insurance applications. In the design phase of these
engines we specified initial parameters, such as the membership functions describ-
ing the constraints and the threshol ds determining the minimum degree of satisfac-
tion required to qualify for a given rate class. The decision thresholds and internal
parameters of these decision-making systems are tuned using a multi-stage muta-
tion-based evolutionary algorithm. The fitness function used selectively penalizes
different degrees of misclassification, and serves as a forcing function that drives
correct classifications. The tunable parameters have a critical impact on the cover-
age and accuracy of decision-making, and a reliable method to optimally tune
these parametersis critical to the quality of decision-making and the maintai nabil-
ity of these systems.

4. Medical Repair Parts Selection DSS

This section describes a DSS for selecting replacement parts required to repair
a medical imaging machine, such as MRIs, CT scanners, and the like. Central to
the repair action is the notion of a dispatch. A dispatch is a type of response to a
machine malfunction where a field engineer is sent from a centra location to the
machines location where he is supposed to correct the machine malfunction. Typi-
caly, after afault has been logged, an on-line center engineer attempts to perform
corrective action remotely. If that fails or if the malfunction israted severe, afield



engineer is contacted and a dispatch log is created. This dispatch log will contain
information about the circumstances of the malfunction (such as symptoms) and
the repair attempts made (including the parts used). It is the field engineers job to
select the parts that will be needed to repair the machine. The DSS described
herein assists the field engineer in making that selection.

4.1 Problem Description

It is often necessary to replace parts during equipment service. This is true for
both scheduled maintenance activities and troubleshooting. For the latter, it isim-
perative to replace the right part. If the wrong part is replaced, the troubleshooting
cycle goes through another iteration, typicaly requiring ordering another part.
This is undesirable because of the time involved for each cycle. For complex ma-
chinery, it isinfeasible for maintenance personnel to carry even a small percentage
of replacement parts. Not only may a particular piece of equipment consist of
thousands of individual parts, some of which may be rather large, but, it is also
quite common for afield engineer to service different types of equipment. When a
potentially broken part is identified, it is ordered from a warehouse. Usually,
shipment of the part takes at least a day. The field engineer will return upon con-
firmed arrival of the part and attempt the correction of the problem. If the particu-
lar part did not solve the problem, another part is ordered and the cycle starts over.
The implication on the status of the machine is that there is at best reduced func-
tionality and at worst a complete shutdown until the machine can be fixed. From
the customer's perspective, this is highly undesirable. Depending on the service
contract, this may also have repercussions on the service provider, if, for example,
a certain amount of up-time is guaranteed.

4.2 Approach

This application addresses how to create a DSS for ordering the right part the
first time, thus reducing the elapsed time to repair (ETTR) and the demand/use ra-
tio for a given part. Making an informed decision about which part to order is not
atrivial task. Idedlly, the decision maker + typically the field engineer tasked with
fixing some equipment + has only partial information that would be reguired to
make an optimal decision. Thisisin part true because the information resides in
various digjoint databases, which may physically not be in the same place. How-
ever, even if the decision maker had al information readily available, the diverse
nature as well as partially conflicting information may impede a proper decision.
This section shows how such information can be combined and aggregated, uncer-
tainty reduced and conflicts resolved.



4.3 Prior Work

Information fusion is a field that has recently spawned interest in variety of
fields ranging from track association in radar images, to image fusion to classifier
output fusion. Information fusion is related to Soft Computing because it leverages
the information contained in a variety of possibly uncertain sources (Goebel,
2001). Moreover, all elements of Soft Computing permeate Information Fusion
(Van der Waal and Shao, 2000; Desachy at el., 1996; Behloul et al., 1998), rang-
ing from Dempster Shafer (Azcarraga and Marcos, 2001), Bayesian Belief Nets
(Chen, 2001), Neural Nets (Rogova and Kasturi, 2001), and Fuzzy Logic (Glock-
ner and Knoll, 2001; Pigeon et a., 2001), to Genetic Algorithms (Prajton and
Mort, 2001).

4.4 Solution Description

The DSS shown here demonstrates how a field engineer is aided in making a
decision about which parts to replace on defective medical equipment. |nput to the
DSS toal is dispatch number, system (equipment) ID, a symptom keyword de-
scription, and the field engineer's proposed part selection (if any). Figure 4 shows
atypical user input screen where the symptom keyword is “archive” and the part
selectionis“MAX OPTICAL DRIVE (MOD557431).”
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Fig. 4: Parts Suggestion Input Screen

The output istri-modal: 1.) avalidation rating for the part(s) selected, 2.) arec-
ommendation for additional parts that will be used along with the parts selected
and 3.) dternate parts that will be used instead of the parts selected. Each output is



assigned a confidence rating. Figure 5 and Figure 6 show the output screens where
the confidence in the validation for the parts selected is 100%, the confidence in
additional parts ranges from 75% to 7%, and the confidence for the alternate part
ranges from 50% to 91%.
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Fig. 5: Validate parts and additional partssuggestion screen
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Fig. 6: Alternate parts suggestion screen



The DSS uses the process shown in Figure 7 to determine the three confidence
values. The DSS tool reads in information from several databases, in particular
dispatch database, machine history database, demand/use database, and error log
database. The dispatch database contains specific equipment history. The machine
history database contains successful repairs of the entire installed base. The de-
mand/use database contains the demand/use ratio for all parts. Finally, the error
log database contains equipment error codes generated during system malfunction
and associated successful repair solutions.
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Fig. 7: Confidence Calculation Process

4.4.1 Base confidence

The first stage of the DSS tool calculates a base confidence in the three output
values using the dispatch database; validated, additional, and alternate. The DSS
does these values by through all dispatches. The validated confidence, i.e., the part
selection made by the field engineer, is calculated as follows. If a match between
the field engineer's parts selection and a previous successful dispatch with the
same identical part(s) is found, a confidence is assigned to the validated part. The
magnitude of the confidence depends on whether the same symptom was present,
or none was selected. The match is established based on the ratio of keywords that



are found in the current symptom description and symptoms stored with prior dis-
patches. Keywords are strings found in symptom description that have high corre-
lation to repair action. A list of meaningful keywords is established a priori in co-
operation with field engineers and online engineers. An example symptom
description might be 2cannot archive®. The keyword in that symptom description
is@archive®.

The confidence for the validated part(s) is calculated by
i agt matchingkeywordsn currentdispatch 0

#keyworddn retrieveddispatch
I #keywordsn retrieveddispatch
¥ E #matchingkeywordsn currentdispatchy

if keywordselectiorexists
, if nokeywordis selectedh eitherdispatch

@

Asanillustrative example, consider the initial part selection of an optical drive,
aMAX OPTICAL DRIVE (MOD557431),° with the choice of symptom keywords
aarchive®. The DSS system retrieves several instances of the same parts and
symptom selections and assigns the initial confidence for that part selection per
equation (2) as

confidence,jidated = 1

confidencgyaed

confidenceam

jated

The additional parts confidence is calculated as follows. If only some partsin
previous successful dispatches match the initial part selection, then the set of parts
that were not selected by the user is considered an additional part combination. A
confidence is assigned to each of the additional part offerings i based on whether
the same symptom was observed in the current situation and the previous dispatch
(or whether none was selected).

Here,
i agtmatchingkeywordsn currentdispatch o}
: minG #keywordsn retrieveddispatch N
) - ¢ #keyworddn retrieveddispatch =
confidenciadion = I E #matchingkeywordsn currentdispatché
i
::: if keywordselectiorexists
1 confidence,ony, if NOkeywordis selectedn eitherdispatch
©)
where

confidencgygiiona, = INitial confidence for additional part selection (0 <

base confidence <1). The initial confidence is sub-
ject to tuning.



For example, if the additional part retrieved is a SCSI cable (while the symp-
tom keyword is also #archive®), then, with predetermined confidencg,giiona;, =0-8,

the parts combination attains the value
confidence jqgitiona = 0.8.

The alternate parts confidence is calculated as follows. For retrieval of parts that
do not match any of the initial part selections, for a given symptom, the confi-
dence for these alternate parts offering is assigned based on how many instances
for that particular symptom-part combination are retrieved from the historical da-
tabase. A symptom-part combination is a constellation where previous dispatches
are retrieved that have the same symptom keyword but different parts were used in
the repair. The confidence of these alternate partsis calculated as:

confidenckitemate = confidencg,  ©"eMbemae (%)
where
confidencg = base parameter for additional parts (0 < parameter <
1)
_ 1
exp)nenglternate - (5)

&, matchingsymptonpartselections

Note that the exponent is equal to the inverse of sum of the matching instances.

For example, if four other part combinations were found for the same symptom,
then, with predetermined base initial confidencg, =08, confidenCeurernate IS

calculated as:
1

confidenchuemate = 0.84 = 0.9457.

At this point the base confidences are all calculated. These base confidences are
further revised through modifiers to account for a number of factors that change
the base confidences support. The calculation of these modifiers is described in
the next sections. Information required for calculation of these modifiers is ex-
tracted from databases pertaining to machine history, demand/use information,
and error codes.

4.4.2 Machine history

Extraction of machine history involves the computation of discount values re-
lating to the part selection confidences based on the history of that particular ma-
chine. To that end, the machine history is compiled from the overall dispatch da-
tabase by extracting the related dispatches with matching machine 1D. Next, the
algorithm determines whether the same dispatch number is already part of the ma-



chine history. If it is, it assigns discounts to the validated part selection, the addi-
tional part selection, and the alternate part selection if the same parts were aready
used in the same dispatch.
Here,
discountx, = : dlscoun;hw if part Yvasalreadwsedn samelispatch ©6)
il otherwise

where
discoun’txmslory is the machine history discount where X is the place-
holder for @validated parts®, 2additional parts®, or 2al-
ternate parts® and i isthe i™ part suggestion
discou n;him% is the base history discount for part combination X

Next, the algorithm establishes whether the same parts were used on the same
machine in the past (outside the same dispatch number) and computes a discount
as afunction of time passed since the last use of that part. The function used is

1

+e time_ passedmodfiery, (7)

discountxh‘smry = discoun.txh‘smry vl

where
time_passed= time passed since same parts were used on machine (note:
time measured in days)
modifieryme= tunable parameter for machine history discount (0 <= pa-
rameter <= 1)
For example, if the part was not used in the same dispatch but was installed on
the same machine 32 days ago, then the discount for the validated part selection
for the optical drive is computed (with atime modifier of modifier;,.=0.05) as

. ; 1
d|SCOu|"|tv.’;ﬂidated'_Iislow = 1W =0.832

4.4.3 Demand Use Ratio

This module uses demand and use data for parts to manipulate discount vari-
ables. The idea is that parts with a high demand/use ratio are parts that are often
times incorrectly requested. This is in essence an a priori likelihood that the part
will be used. This information factored into a discount value that penalizes parts
selection that have a high demand/use ratio. The discount is modified by the ratio
of minimum of overall consumption and 97" consumption percentile divided by
the 97" percentile of parts consumption. This modifier deals with nonlinear expo-
nential changes in the usage distribution that can potentially skew the demand/use
ratio information. In addition, this modifier is further scaled by a tunable power
operator. In particular, the discount for the i™ part combination X is calculated us-
ing the formula
use aﬁmin(overall_consumptin,vaIu%7)Qexmnem’”“‘"‘"“use
demand valuey, P

©)

discountxdemand use =




where
consumption=overall consumption over afixed period (here 12 months)
valuey;=val ue of 97" percentile of max value
exponent s demang=tunable parameter for use demand discount (0 <= pa-
rameter <= 1)

For the illustrative example, let the demand/use ratio for the optica drive be
demand/use=2.1, overal consumption of optica drives is over-
all_consumption=2250, 97" percentile of consumption is value;;=9756 and de-
mand/use exponent is exponentgemanduse=0-8, then the demand/use discount is cal-
culated as

in(22509756)0™"

discountadditional,ugue = 0.4762>«;aem

= =04112
e 9756 g

4.4.4 Error Code

This sub-module integrates information from error codes. Error codes are
automatically created by the machine and logged in a central database. Error codes
can also be observed and recorded by the field engineer through additional diag-
nostic tasks. The error codes were previously matched with successful solutions
obtained for cases where the same error codes where observed. The relevant parts
are then used in the evaluation and confidences are assigned according to the
match. The output from this sub-module is a booster value that is used to
strengthen the opinion of a part selection (as opposed to the discount values that
weaken a confidence in a part selection).

Here,
j 1 booste if errorcodesmatch
bOOStefxermr code = I’ Rerr0r7c0d® . (9)
- il otherwise
where
boosteg is the base booster value for the i" part combination X

error _codgy

4.4.5 Information Fusion

The fusion module aggregates the information calculated in the previous sub-
modules. In particular, the confidence and discount values for the i" part combina-
tion X are coalesced using the following formula:

1
. discount Xdemand_use Qboostef Xerror _code

confidenckx = SBonfidencky, iscount s O (10)
& 0 o

a

Findly, a confidence value is calculated for the overall parts choices. This can
be accomplished by taking the mean of theindividual part confidences:



confidencg = mea&:onfidencé"’"ﬂx ,confidenclx ,..confidencé""””x) (11)

overall

The output is piped back to a screen and allows the user to assess the selected
parts selection and evaluate additional part combinations as well as alternate part
combinations. Sample output screens were shown in Figure 2 and Figure 3.

Further drill down capability allows to view symptoms and other pertinent in-
formation associated with the suggested parts.

4.5 Results

Test data were obtained from several GEMS databases containing information
about part usage, machine history, parts availability, etc. The information proc-
essed was selected for 2CT Lightspeed® CT scanners for a period of 13 months.
The tool was implemented in JAVA using Servlet technology and ODCB Oracle
database connectivity. A comprehensive quantitative evaluation will be performed
once the system has been in use sufficiently long. Feedback from users so far jus-
tifiesinitial claimsto the usefulness of thistoal.

4.6 Discussion

The value of this project will ultimately be calculated through the reduced
downtime of the equipment, the smaller number of parts that are used. It is esti-
mated that the savings will be several hundred thousand dollars per year. The sys-
tem captures formerly tacit knowledge in the four databases. It then converts that
data into useful information for decision support through explicit knowledge em-
bedded into the reasoning engine.

The quality of the data is not very high. Missing data, incorrect entries, and
false label s make reasoning with these constraints hard. However, this system ex-
hibits a ductility to poor data quality that allows an assessment even under these
adverse and uncertain conditions.

5.0 Conclusion

This chapter showed the benefits of using SC techniques to create a DSS. SC
allowed us to maximize the benefits and minimize the costs of each of the DSSs
described. The financial risk classification tool had the following benefits:

Increased productivity of the insurance underwriters

Improved quality of decisions (more correct risk classifications)
Faster risk classifications (as seen by decision maker or customer)
More consistency in risk classifications



Reduced training time needed by classifiers using the tool

The costs associated with the financial risk classifier include:
- Adgnificant initial creation cost (multiple person years of effort)
A low cost to maintain and reasoning due to the evolutionary algo-
rithm, which periodically updates the system.
A very low cost to use the system sinceiit is completely automated
A very low cost to apply the result of the system

The parts advisor had the following benefits:
Increased productivity of the field engineer, because they have the cor-
rect parts
Improved quality of decisions (more equipment repaired on first at-
tempt)
Faster repair of equipment (as seen by the customer)
More consistency in parts selected by different field engineers
Reduced training time needed for field engineers

The costs associated with the risk classifier include:
- Alargeinitial creation cost (about one person year of effort)
A low cost to maintain the reasoning since the eguations do not
change. Only the datain the databases change.
A very low cost to use the system, since data entry is web based
A very low cost to apply the result of the system, since the output is
immediately displayed to the user.

We have found great value in digitizing many of General Electric's decision proc-
esses. The early DSSs we created ssimply assisted a user in making a manual deci-
sion. However, we have found that SC techniques can be used to partially or com-
pletely automate many decision processes. Changing from a manua to automated
process using SC is specifically useful when a process is performed frequently,
needs improved accuracy, should be performed quicker, requires consistency, or
when there are not enough people qualified to perform the process. Automating
processes changes the way people work. People are no longer performing repeti-
tive decision processes. They are spending their time deciding how the decision
process should take place and then creating a DSS that automatesit.
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