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ABSTRACT.  This article explains how artificial intelligence (AI) expert system (ES) technology will revolutionize the ILS management of systems. The article gives a first-hand account of personal experiences in sponsoring the usage of an ILS ES.  Perspective is given as to how the ILS ES fits into the area of logistics engineering known as logistics modeling.  It is intended that the article will help the logistics professional by increasing understanding and giving insight into why and how the ES methodology is the perfect logistics modeling tool for rendering order to the sometimes chaotic ILS management of high technology oriented systems.

Special attention is directed to the Army's current development of the ILS ES known as the Logistics Planning and Requirements Simplification System (LOGPARS).  In addition, the article goes into the details of an algorithmic-type ES developed by the author and already applied to one area of recreational interest.  An attempt is made to contrast the two valid but drastically different approaches to structuring an ES. Elucidation is given as to when one approach may be more appropriate than the other.  To complete the picture an overview historical sketch of the ES technology development is included to enhance understanding of the origin and development of ES technology.

The theses proclaimed in this article are that the ILS ES will revolutionize the ILS management of systems.  Computer literacy will be expected of future generations of ILS managers.  The personal computer based ILS ES will become an indispensable tool for ILS managing. Eventually, every area of ILS will be assisted in some way by the evolving ILS ES technology.

INTRODUCTION.  The author first became aware of the expert system (ES) approach in about 1984 from reading reference [1].  Reference [1] stimulated the author to investigate the practicality of applying the budding new technology to the integrated logistics support of Army weapon systems.  It soon became clear that much had already been done to develop ESs for a number of ILS related areas, such as trouble-shooting mechanical failures and battle strategy.  The pressure exerted by the new technological trend was clearly expressing itself in the character of the Independent Research and Development (IR&D) and Army Research Office projects proposed by defense contractors and universities.  The author personally reviewed a number of such ES projects since the mid eighties.

Of the many ILS ES efforts currently being developed one deserves special attention, because it is already on the way to becoming the Army's standard ILS ES.  The author has a special interest in this ILS ES, because of his role in inspiring its development at an Army Materiel Command Materiel Readiness Support Activity (AMC MRSA) Logistics Support Analysis Technical Working Group (LSA-TWG) Workshop Conference in Lexington, KY in February 1987.

The LSA-TWG Workshop Subgroup in which the author participated, was assigned to reviewing over 200 logistics models some new and some already in the Logistics Support Analysis Techniques Guide (AMC Pamphlet 700‑4).  The purpose of reviewing logistics models was to evaluate their suitability for inclusion into the Guide.  In addition, the Subgroup had as objective to recommend changes to the structure of the LSA Techniques Guide.  The Subgroup was comprised of professional operations research analysts from a number of Army organizations.

During the four days of intensive review activity it became clear that the new ES technology was not represented in the LSA Techniques Guide. This situation was identified as a conspicuous deficiency by the author already indoctrinated in the principles of artificial intelligence knowledged-based ESs as explained in [1].  Because none of the LSA Techniques Guide Subgroup members were familiar with the ES technology, it was suspected that the same state prevailed with most of the over one hundred Army analysts participating in the Workshop.  Fortunately, the author was asked to be the spokesman for the LSA Techniques Guide Subgroup at the final combined meeting for disseminating the findings of each of the Subgroups.  The presentation briefing given to the audience was a perfect opportunity to capture the attention of influencial people in the Army's analytic community, including the AMC MRSA proponents for standardizing and recommending new logistics modeling developments.  The summary briefing quickly turned into a 30 minute discourse on how the LSA Techniques Guide was deficient in ILS ESs.  The ES concept was explained and many questions arose.  Clarifying the place of the ES in the LSA Techniques Guide was one issue that was resolved during the course of the summary presentation.

Being new technology the ES required fitting into the structure of the LSA Techniques Guide.  The AMC LSA Techniques Guide places logistics models into categories according to the type of problem addressed by the model.  For example, some logistics models fit into the category known as Life Cycle Cost models.  Others are categorized as Level of Repair Analysis (LORA) models, economic analysis models, provisioning models, and so forth.  It was pointed out at the summary briefing that the ES is really a general technique applicable to all of the logistics modeling areas mentioned in much the same way as algorithmic methods, dynamic programming, monte-carlo simulation, and mathematical programming are generic technique-types, which may be applied to life cycle costing, provisioning, or any of the logistics model categories.  In essence, the type of technique used in the design of a logistics model is an attribute of the model.  The LSA Techniques Guide was therefore restructured to permit the user to cross-reference logistics models by generic attributes, problem-type, and applicability to MIL STD 1388‑1A tasks and subtasks.  Unfortunately, the Nov 1989 Draft of the LSA Techniques Guide failed to include the ES as a generic attribute. It is hoped that the next issue of the Guide will remedy this error of omission.

OVERVIEW DISCUSSION OF THE ES.  The ES is differentiated from the standard algorithmic computer system in that inferential reasoning, not calculations, is the most important objective.  Most thinking in technical disciplines and sciences is of an inferential nature.  Medical science is a good example of a science that relies almost entirely on inferential thinking.  Diagnoses, prognoses, and treatment are processes that require mostly inferential thinking.  In general, lawyers, engineers, logisticians, and hundreds of other professionals spend much of their time reasoning and inferring courses of action and decision-making.  The ES is a style of computer system design that ties knowledge together so that inferences can be made from existing knowledge, even when the knowledge is incomplete.  This is what is meant when it is said that the ES is knowledge-based rather than data-based.

According to [1] the first serious ES began at the Stanford University in 1965 as an attempt to infer chemical structure from data available to physical chemists.  By 1969 the ES known as DENDRAL was being used successfully at a number of universities and industrial chemical laboratories around the world.  DENDRAL was reputed to infer molecular structure from existing physical data better than human experts.  Since that time a number of new ESs has evolved and has substantiated the power of the new type of computer program.

Medical science has especially profitted by the new ES technology.  In mid 1970 a medical ES known as MYCIN was introduced at the Stanford University as a tool for diagnosing disorders caused by microbes.  MYCIN was the first ES to provide an audit trail of its chain of reasoning. In a test to see how well MYCIN would perform compared to experts, MYCIN actually outperformed medical specialists in accuracy of diagnosis and treatment.  In [2], it is conjectured that the comprehensiveness of the MYCIN knowledge base on microbe disorders, the unfailing accuracy of the MYCIN computer program at checking the complete list of possibilities, the currentness of knowledge, and the MYCIN's ability to never jump to premature conclusions probably explained why the MYCIN outperformed human specialists at diagnosis and treatment.

In [2], it is stated that the medical ES, known as the

INTERNIST/CADUCEUS, is the most knowledge-intensive ES in existence.  At the time [1] was published, it was claimed that the INTERNIST/CADUCEUS covered more than 80 percent of all internal medicine, encompassing over 500 diseases and more than 3500 symptons of disease.  By now, these statistics must be even more formidable.  The INTERNIST/CADUCEUS was developed at the University of Pittsburgh in the early seventies.  It was first demonstrated in 1974 and has been employed to solve hundreds of clinical problems with extraordinary success according to [2].

As dramatic as the ES revolution should seem from the preceding discussion, ES does not replace the human expert.  It is pointed out in [2] that to be effective an ES must be confined to a well-defined knowledge domain.  According to [1] this means that the problems worked on must be confined to those requiring a large amount of specialized knowledge, but not a general knowledge of the world.  For example, the subject of political science would be too broad of a topic for covering with a single ES.  Specific knowledge domains within political science, such as campaigning strategy, might be quite amenable to the ES approach.  By contrast, human beings often become experts in broad knowledge domains, such as political science and mathematics.

Other limitations to the ES approach exist.  The ES cannot reason from axioms or general concepts.  Only human beings with abstract intelligence have this capability.  The ES cannot learn, but is forced to mechanistically use limited specific facts and heuristics taught by a human expert.  The ES is totally uncreative in its ability to solve problems.  The ES is only as good as the expert or group of experts supplying the knowledge and decision rules.  In short, the ES is simply a complex inference machine enslaved to the human expert creating it. It can perform marvelously well outdoing human performance by factors of hundreds in the limited domains in which it functions.  Most special purpose machines have this same attribute.  For example, an automobile can transport a human being many times faster than human legs.  Examples abound.

In order to apply ES realistically, it is important that the user have the ES in proper perspective.  It should be clear that the ES will function only as an assistant to the expert but never be able to totally replace the expert.  The ES technology forces human experts to retrench their thinking as to just what is special and worth emphasizing with regard to the human thinking process.  Certainly, human expertise that can be done better by an ES should go down in stock while creative problem solving, scientific discovery, artistic creativity, spiritual wisdom, and other uniquely human capabilities should become more treasured.  Much of what is thought to be valuable human expertise prior to the ES revolution should be realized to be hardly more than knee-jerk reflex action.  At this juncture in history logistics engineers are contemplating the impacts of the new ES technology on the many subfields of logistics. The author believes that the technology is ripe and has recommended that the Army promote and implement usage of the ES in the plethora of specialized domains within logistics.  Furthermore, the author believes that the evolving LOGPARS ES, discussed in detail next, is likely to be to Army logistics engineering what the INTERNIST/CADUCEUS is to medical science.

DISCUSSION OF THE LOGPARS.  LOGPARS has been under contractual management and development by AMC MRSA since late 1987.  Presently, an effort exists to increase the number and scope of ILS areas covered by the LOGPARS ILS ES.  For example, a LOGPARS expert advisor module on provisioning is underway.  Another module is planned for capturing the expertise required to execute a materiel fielding plan (MFP).  The author would personally like to see a module developed to assist systems analysts and ILS managers in tailoring their level of repair analysis (LORA) programs.  Many new modules are possible and are being considered for development by the AMC MRSA proponents for LOGPARS at Lexington, KY. The only limits to development will be budget and human resources since

the potential for developing new LOGPARS modules is almost without limit.

The LOGPARS is an ongoing evolutionary program.  The proponents plan to add at least two modules per year for many years to come.  In addition, it is planned to improve existing modules based on feedback from the user community.  Presently, the LOGPARS consists of the five advisor modules known as ILS Strategy, ILS Plan, ILS Contract Statement of Work (SOW), Warranty, and Schedule advisor.  Each module is in actuality an ES in its domain.  In [2], modules such as the ones in LOGPARS are referred to as 'knowledge systems' and the totality of all of the modules would be referred to as the ES.  A unique feature of the LOGPARS is that it operates as one program with five integrated interacting ES modules.  This means that the design of LOGPARS reflects the need and ability to integrate logistics.

The Schedule Advisor permits one to create a milestone/activity chart and a PERT network depicting dependencies between milestones and activities.  Several other graphic charts are possible and one can tailor special purpose reports with this module.  The important advantage of the LOGPARS Schedule Advisor is that it has built-in expertise that assists the logistics manager in structuring the logic of the PERT network.  PERT Systems, such as, EZ PERT, ARTEMIS and VISION, require that the user have the expertise to structure the relationships and dependencies between events and activities.  Earlier experiences of the author in developing a Life Cycle Systems Management Model with contracted support in using the VISION software proved to be difficult to implement because the user community felt uneasy at losing control of its program network.  The LOGPARS Schedule Advisor solves this problem by allowing the user community itself, which is normally an ILS manager, Weapon Systems Manager, or Program Manager, to employ the built-in expertise of the LOGPARS Schedule Advisor directly.

Difficulty still exists in applying the Schedule Advisor, because it is undoubtedly the most complicated module of LOGPARS.  Several weeks of training is still required before one becomes adroit at scheduling and making graphic and report products.  By contrast, all of the other LOGPARS modules can normally be self-taught with minimal guidance in a few hours.  Automated program management has proven to be an invaluable aide in keeping complex systems with thousands of milestones and activities on track.  Therefore, the additional training required, which is minimal compared to employing commercial PERT networking packages, is well worth the extra effort.

The LOGPARS ILS Strategy Advisor is the first module employed when setting up an acquisition program.  By asking a series of menu driven questions the Strategy Advisor permits the built-in knowledge-based ES to assist the user in making correct program decisions.  The user need not even understand how the strategy is formulated.  Still, LOGPARS permits the user to ask for the reasoning behind any decision.  The strategy module is fundamental, because the decisions made by it are used in the other modules.  The Strategy Advisor should be invoked first.

The remaining LOGPARS modules are for the mostpart independent of each other and are optionally employed.  It is probably a good idea to employ the Warranty Advisor even if one believes that a warranty is not needed.  The LOGPARS Warranty Advisor could be used to confirm or give reason for reconsidering the warranty program.  Basically, the Warranty Advisor asks questions pertaining to the type of acquisition program, budget threshholds, deployment strategy, and more.  Employing the user's answers to the questions and the warranty knowledge base, the Warranty Advisor will automatically permit printing a warranty with correct legal terminology satisfying the constraints of the systems acquisition program, regulations, pamphlets, and policies.  As in the other modules one can trace the rationale behind the decision logic employed in the warranty document produced.

The most popular module of LOGPARS by far is the ILS Plan Advisor, because it is the basic plan for integrating logistics support.  Also, all Army systems are required to have an ILSP.  As with the other modules many questions are asked via a series of menus.  On answering the questions the ILS Plan Advisor puts together a plan complete with a decision logic audit trail.  One can include comments and peculiar requirements to the ILSP, if required.  The ability to tailor an ILSP to the peculiarities of a system is both desirable and easy to accomplish with LOGPARS.

The ILS SOW Advisor works in tandem with the CDRL Generator.  The ILS SOW Advisor will determine contractual ILS requirements and itemize required data item descriptions (DIDs) and logistics support analysis data, while automatically producing a tailored baseline SOW with accompanying CDRLs.  The SOW produced will be consistent with the information given by the user.

The architects of the LOGPARS have taken great care to include much text explaining terminology and rationale, in order to accommodate the non-expert.  One should understand that one of the main reasons for having an ES is to assist the novice and inexperienced.  The author of this article is well-versed in logistics modeling theory but is not an ILS manager and has never had to produce an ILS Plan or a warranty for an acquisition program.  Yet, within a few hours he was able to produce both an ILS Plan and a sensible warranty for a hypothetical program without difficulty.  Moreover, the author could defend the logic of the ILS Plan and warranty using the audit trail for the decision logic.

Many advantages exist in employing the ILS ES approach.  Consistency of products, ease of update, ability to tailor to peculiar requirements, retension of expertise, enhancement of training, ability to quickly change and implement policies at the functional level, and speed of producing outputs are some of the obvious advantages.  Retaining expertise in a form that is easily transferred electronically permits continuity of operation even when key people are lost.

The knowledge built into the LOGPARS is a composite of knowledge extracted from expertise throughout the Army.  All of the Army Materiel Command Major Subordinate Commands have had input to the LOGPARS knowledge base.  In addition, Army MIL STDs, pamphlets, policies and regulations have been incorporated into LOGPARS through the work of the LOGPARS proponents at AMC MRSA in Lexington, KY and its contractor.

The objectives of LOGPARS also tie nicely to the major goals of the Computer Aided Acquisition Logistics System (CALS) by placing emphasis on electronic media as opposed to paper products.  In 1988, the author served for eight months on the CALS Source Selection and Evaluation Board (SSEB) as team leader for evaluating systems engineering plans for the CALS Phase 1 contracts.  While there, the author recommended in writing to the PM CALS that the CALS Program include the LOGPARS ILS ES Program.  Several weeks later an independent functional analysis performed by a contractor also recommended tying LOGPARS to the CALS. Currently, the author is aware that the CALS Program has been coordinating with the AMC MRSA proponents for LOGPARS.  Hopefully, the author's efforts were at least in part responsible for relating the two programs.

DISCUSSION OF THE STANDARD ES.  In the next sections, the computer science and logical aspects of the ES are discussed.  The non-technical oriented professional logistician can omit reading this section and still go away with a general understanding of how the ES technological development relates to the world of logistics management and engineering.

Reference [2] is the principle source of external information for the next section.  An algorithmic ES created by the author is explained later and is compared to the standard ES methodology explained next. The author's approach will be seen to be more appropriate in some situations while the standard approach may be desirable in other situations.  The decision will largely depend on the availability of information, expertise, statistical data, objective of the user, and other specific circumstances.  The author feels that his methods will instigate a new movement in the evolution of the ES technology.

BACKWARD AND FORWARD CHAINING.  The logical structure of the standard ES is not as complicated as one might suppose.  Most ES rely on what is called 'backward chaining'.  To understand what backward chaining means one has to understand that the main ingredients in the ES are its premises, outcomes, and rules.  If a premise is symbolized as P and a rule exists which says that when P is true then the outcome Q must occur, then the situation may be symbolized as

                P------>Q

where the arrow represents the rule.  Observe that the outcome Q itself can be a premise for another rule yielding an outcome R.  This is symbolized as

      P----->Q ----->R.

This process can be carried on to construct a network of chains consisting of any number of premises, rules, and outcomes as the next diagram illustrates.

        P ---->Q----->R----->S

               :      :         L

               v      v         ^

        X----->U----->V----->Z--:----

                      ^         v

                      :         K

                      M

A knowledge base for an ES is a network of many such chains.  The network need not be connected as in the example, but may consist of a number of disconnected subnetworks.  Backward chaining is a way of using the knowledge base inferential network to solve a typical user problem. For example, suppose a user wishes to effect the outcome V from the preceding knowledge base diagram.  Going backwards from V one can see from the outcome V that for V to happen any of the next list of paths could be chosen as a course of action leading to V.

             M-----V

             X-----U-----V

             P-----Q-----U-----V

             P-----Q-----R-----V

The solution to the user's problem is to select from among the four possible paths the one most suitable to the user's objective.  The ES will undoubtedly help its users make the decision intelligently by asking appropriate questions identifying the user's special set of circumstances and matching the corresponding best path of action leading to V.  Indeed, the ES often narrows choices down to only one of the possible paths.

It should be clear why the described method of using the ES knowledge base is termed backward chaining.  In essence, one starts with the desired outcomes and goes backwards to find the best path of action for attaining the desired goal.  The path chosen is determined by the user's circumstances and the ES knowledge base.  The ES inference machine can only infer ways the outcome can be attained, ramifications of goal selection, and recommendations as to best courses of action.  Backward chaining is especially appropriate when the number of outcomes is small and well-defined.

Forward chaining is used when numerous unspecified objectives are possible and may even require construction.  Forward chaining permits experimenting with many potential paths leading to perhaps a number of related but unspecified goals.  For example, one may wish to explore possible types of business opportunities.  The general objective is to go into a profitable business.  One could open a shoe store, dance school, fast serve restaurant, or any one of thousands of possible businesses.  In this situation the ES inferential machine would benefit the user by showing him the ramifications of going into each type of business and the forward chains required to successfully set up a business.  The user could use the forward chaining inferential process to help make decisions that will help decide the type of business most appropriate for the user's situation.

HEURISTICS.  A distinguishing feature of the standard ES is that imprecise knowledge is permitted.  The ES permits one to give a subjective numerical rating to the degree of validity of an inferential rule.  For example, one may have an imprecise rule about weather that says, when the sunset is red then 95% of the time the sea will be calm for sailing the next day.  Imprecise rules relating premises to outcomes are sometimes called heuristics or heuristic formulations.  In Webster's New Riverside Dictionary they are defined as a speculative formulation to serve as a guide in the study or solution of a problem.

The study of heuristics leads to a relatively new area in mathematics known as 'Fuzzy Subset Theory'.  For those who wish to pursue the technicalities of the new mathematics it is recommended to begin the study by reading the seminal article [3] and book [4].  In the traditional naive set theory, it is assumed that an element in the universe from which a set comes is either in the set or not in it.  In fuzzy subset theory, elements can have varying degrees of participation in any given set.  A fuzzy subset is defined to be a function f from the universe into the closed interval [0,1].  If f assumes value 0 for some element x in the universe, then x is said to not be in f.  If f assumes a nonzero value for x, then the value f(x)>0 is a measurement of the degree of participation in f.  Fuzzy unions and intersections of fuzzy subsets are defined.  Fuzzy containments are also defined.  All of the properties of the Boolean algebra on subsets of a universal set have a counterpart with fuzzy subsets except that for any fuzzy subset A, it is not true that A fuzzy intersect A complement is empty and A fuzzy union its complement is the universal set.  A discussion of the elementary properties of fuzzy subsets is given in [4].

A fuzzy logic is also discussed in [4].  In this logic it makes sense to talk about fuzzy implications.  The imprecise rule about sailing the day after a red sunset cited in a previous paragraph is an example of a fuzzy implication.  Fuzzy truth tables, equivalences, disjunctions, conjunctions, and all of the corresponding parts of binary logic to the fuzzy subset theory may be phrased in terms of a fuzzy logic theory.

Fuzzy subset theory is essentially an attempt to bring mathematical order to the concept of something being almost true or true enough to be useful to know.  Experts often base their expert judgments on such fuzzy logic and partial truths.  Results of fuzzy subset theory are used to incorporate heuristics into the logic of the ES.  Applications of fuzzy subset theory to pattern recognition are explained in [7].  Finally, lest one think that fuzzy subset theory is just a way of introducing probabilities, one should be duly informed that among the very first theorems proven in fuzzy subset theory is one that states fuzzy subset theory is completely independent of probability theory.  The developers of the theory would have been foolish not to establish this result early.

AN ALGORITHMIC APPROACH TO ESs.  In this last section an algorithmic approach to the ES devised by the author is explained.  This non-standard ES was developed by the author on his personal computers during the mid eighties.  The system is considered experimental, because it has only been tested on a relatively limited knowledge domain of recreational interest.  It should not take much imagination, however, to see that the possibilities for this algorithmic approach are without limit.  The author intends to copyright his ES shell named INSTAN that permits one to devise a personalized ES in any suitable domain using the author's approach.

In the author's algorithmic ES as in the standard ES, premises and outcomes are basic.  It is preferable to use the term attribute than premises, however.  The basic attributes ai (i=1,2...N) are usually chosen to be simple and independent of one another, but do not have to be.  By definition two attributes are independent, if neither implies the other is true.  For example, the attributes differentiable and continuous applied to real functions are not independent, because differentiability implies continuity.  Similarly, continuity and integrability attributes applied to real functions are not independent, because continuity implies integrability.

Boolean operations of complementation, conjunction, and disjunction are used to generate complex new attributes.  By considering the span of all possible finite combinations of the basic attributes using Boolean operations, one can generate a minimal spanning Boolean algebra A=<a1,a2,...aN>.  For convenience, the basic properties of the Boolean algebra as found in [5] are listed next.

DEFINITION:  A Boolean algebra is a set B of elements a,b,c,...  with the properties:

(i)  B has two binary operations, ^ (wedge) and

v (vee), which satisfy the idempotent laws

a^a=ava=a, the commutative laws

       a^b=b^a    avb=bva,

and the associative laws

       a^(b^c)=(a^b)^c    av(bvc)=(avb)vc.

(ii)  These operations satisfy the absorption

laws:

       a^(avb)=av(a^b)=a

(iii)  These operations are mutually

distributive:

       a^(bvc)=(a^b)v(a^c)  av(b^c)=(avb)^(avc)

(iv)  B contains universal bounds o, i which

satisfy   o^a=o,  ova=a,  i^a=a,  iva=i,

(v)  B has a unary operation a-->a' of

complementation, which obeys the laws

       a^a'=o,  ava'=i.

THEOREM 1.  Under intersection, union, and complement, the subsets of any set I form a Boolean algebra.

The next results are often found to be useful in manipulating Boolean expressions.

DEMORGAN'S LAWS:  (x^y)'=x'vy'  (xvy)'=x'^y'

                   x''=x

Outcomes do not have to be independent of one another.  The character of the list of outcomes is dependent on the knowledge domain considered. For example, if the knowledge domain is handicapping harness races, then the list of outcomes might simply be win, place, show, and lose.  Notice that the outcomes need not be independent of each other, because win implies place and show.  We notate the set of all outcomes as O.

Next is defined the multi-valued attribute function F which maps A into the cross product OxR, where R is the real numbers.  The attribute function assigns to each attribute in A a frequency p of an outcome b in O occurring.  F may be notated as F(a)={(b,p)| b is in O} for a in A. The way the number p is assigned is based on past frequencies of the outcome b occurring with the attribute a.  Past frequencies are calculated from a data base consisting of a large sample of past outcomes with its simultaneously occurring attributes.  The data base serves as a living memory that continues to grow as new outcomes are actuated and added to it.  The value p is computed automatically by the computer program INSTAN by scanning the entire memory data base and tabulating occurrences of the attribute a with each outcome b in O. Every time the memory data base notated as E is updated the function f changes automatically to reflect the new experience.

The Boolean operations built into INSTAN simulate the human logical capability to conjunct, disjunct, and deny attributes in order to solve problems, just as the backward chaining and forward chaining methods represent ways to solve problems in the standard ES inferential approach.  INSTAN requires that the user take an active role in identifying existing attributes.  The user must understand that the denial of an attribute is an attribute, too.  Often the absence of a condition is as important as the presence of it.

When initially setting up an application of INSTAN, the user is called upon to exercise imagination in selecting a complete set of basic attributes.  Similarities exist between INSTAN and multiple regression in that both methods attempt to determine a minimal set of attributes for explaining outcomes.  One could profit by employing both methods, because multiple regression software is designed to give an estimate of how well an outcome is explained, whereas INSTAN gives no method of determining when a list of attributes is complete enough, but leaves this as a subjective determination based on availability of information. The author feels that no point would exist in duplicating this capability of multiple regression, because adequate software already exists to accomplish this objective.  One could easily employ INSTAN in tandem with a suitable multiple regression software package.

INSTAN employs the vector-valued function g associated with each attribute a.  The function g gives critical values for making optimal decisions.  INSTAN can easily be modified to include any finite number of such measurements.  At present, it is set up to have three components, because the program was tested on handicapping harness races and the possible outcomes were assumed to be win, place, show, and out-of-the-money.  In symbols,

          g(a)=(w,p,s)

where w,p, and s represent average payoff for a win bet, place bet, and show bet, if one were to bet a horse with the complex attribute a.  If g(a)=(0,0,0), then the outcome out-of-the-money is assumed to have occurred.

Heuristics are handled much differently in the author's approach. Heuristics are not subjectively determined as in the standard approach. For example, suppose it is desired to know the likelihood of an outcome given that ten attributes are true simultaneously.  One might find that the experiential data base E contains no incidences when all ten of the attributes are true together.  In this case, one might scan E to find how many incidences have occurred where any 9 out of 10 of the attributes have occurred or any 8 out of 10 and so forth.  In this way, one can consider situations that are almost like the target set of 10 attributes.  Experts using heuristics must certainly have a part reserved in their mind that fuzzily compares situations that are almost alike, just as INSTAN is programmed to do.  The only difference is that INSTAN's capability to do heuristics is precisely determined by the current state of the data base memory E.

INSTAN APPLICATIONS TO KNOWLEDGE DOMAINS.  INSTAN has only been applied by the author to the knowledge domain of handicapping harness races. Nevertheless, the author has always viewed the development of INSTAN as more than a recreational computer program.  INSTAN has taken many years to code, test and validate.  Because harness racetrack data was easy to come by in Michigan, where harness racing is popular, the author decided to apply INSTAN on harness racing even though the author had only been to the harness races a few times in his life prior to the development of INSTAN.

As with the standard ES, it is believed that the knowledge domains of medicine and equipment maintenance are ideal candidates for serious applications of INSTAN.  In medicine, attributes are symptons of a disorder and INSTAN attempts to solve the problem of diagnosing a disorder, based on the memory data base of incidences.  Applying INSTAN to maintenance would be primarily to trouble-shoot causes of equipment failure in a very similar way.  The multi-valued attribute function F in a medical expert system would give frequencies of disorders correlated to the complex attribute of symptoms tested.  The attribute tested may not be a complete list of symptoms, but would not necessarily have to be.  The attribute would only have to be complete enough to identify the most likely disorder.

INSTAN's heuristics and Boolean logic capabilities permits a non-expert, knowledgeable in basic logic, to become an instant expert at handicapping harness races or diagnosing failures.  More than that INSTAN permits experimentation to make new discoveries in the knowledge domain analyzed.  The standard ES does not have this important capability.  This point will be illustrated in the next description of the author's usage of INSTAN to handicap harness races.

INSTAN APPLIED TO HANDICAPPING HARNESS RACES.  The set of attributes A is given first.  Recall that the attributes are use to describe incidences.  The first attribute, for example, would specify the finishing position in the incidence recorded in the memory E.

            ATTRIBUTES

(0) Finishing position (1) thru (5) Predicted finish If horse is predicted to win, 1 is entered, ....etc (6) Class drop (7) Class rise (8) Position improving (9) Finish times improving (10) Scratch without return to form (11) Conditional driver (12) Unknown driver (13) Mediocre driver (14) Journeyman driver (15) Top rated driver (16) Broke last time out (17) Broke other than last time (18) Scratched with return to form (19) 4 weeks lay-off or more (20) 3 year old (21) 8 years old or more (22) Last 3 times worsening (23) Fastest time overall (24) Best winnings per race entered (25) Over 25% wins for last 2 years (26) Won last time out in betting race (27) In money last time out (28) Last best fast track time (29) Non winner race (30) Claimer race (31) Open class race (32) Trotter race (non pacer) (33) Male (34) Gelding (35) Only no bets recently (36) Only foreign race track data (37) Picked to win by program selector (38) Picked to come in money by program selector (39) Longshot over 7:1 (40) Favorite to win (41) thru (49) post position (801) thru 899 specifies driver 840 is used as a miscellaneous code for all unknown drivers.  Outcomes are simply win, place, show, fourth place, and 5 th or worse. The memory data base E consists of over 2000 incidences described using the numerical code above for attributes.  A typical entry of E might be

 2 3 6 9 14 24 26 31 37 40 44 840 .00 .40 .30

This entry would mean the horse described came in second and paid .40 dollars per dollar bet to place and .30 dollars per dollar bet to show. The horse was picked 3 rd by the handicapper, was dropping in class, was drove by journeyman, started from the fourth post position and so forth. Thousands of entries like the sample are stored in the ES memory data base, representing real life experiences.

Next are some typical questions answered by applying INSTAN.  Keep in mind that any complex attribute gives rise to the question, what is the expected payoff, if one were to bet a horse having the given complex attribute.  Literally billions of possible complex attributes exist. The ES methodology was created to combat the effects of the so called 'combinatorial explosion'.  One can see how INSTAN fights that battle. INSTAN depends on the common sense and natural curiosity of the user to test reasonable complex attributes.  One can create new expertise or test old expertise opinions with INSTAN.  More than one expert opinion about handicapping harness races has been debunked by the author with INSTAN.

Here are results of a few of the many reasonable complex attributes tested by the author.  Notice how the author uses the built-in Boolean logic capability of INSTAN.  Following is a typical complex attribute that might be tested.

(6v23v24v26v28)^27^41'^42'^43'^44'^45'^3'^4'^5'

^7'^10'^11'^16'^19'^22'^35'^36'

The results of betting this complex attribute gave a .4500 probability of winning with an expected payoff of .2727 per dollar bet, .6364 probability of placing with an expected payoff of .5273 per dollar bet, and a .7273 probability of showing with an expected payoff of .1909 per dollar bet.  A simpler Boolean expression is given next.

(1v2v3)^28

The results of betting this complex attribute gave a .2770 probability of winning with an expected loss of -.257 per dollar bet, .4680 probability of placing with an expected payoff of .634 per dollar bet, .6170 probability of showing with an expected payoff of .4530 per dollar bet.

COMPARISON OF INSTAN TO STANDARD ES.  INSTAN method is highly suitable for knowledge domains where ample statistical data on incidences is available.  Usually this means that the knowledge domain is highly specialized and limited to well defined outcomes.  The number of attributes, incidences, and outcomes is only limited by the computer capacity and ability to collect and enter data.  The standard ES assumes that the memory of the expert is inherent in numerous inferential rules. The experts innermost subconscious and unconscious reasons for doing things a certain way are dredged from the expert by an analyst experienced in this pseudo-psychoanalytic activity.  The basic attribute list used for INSTAN should be at least in part obtained in this manner, too.  The author took great care to become acquainted with many top-notch handicapper's beliefs on what attributes are significant in picking a winner, for example.  Lots of parallels exist between the two systems.  Probably, the main difference between the two ESs is that the author's is computational and statistical relying on a memory data base as well as Boolean logic and human expertise in selecting attributes, while the standard ES uses either backward chaining or forward chaining applied to fuzzy and exact knowledge supplied by experts.  Another major difference is that the author's INSTAN handles heuristics precisely according to the memory data base E.  The standard ES permits only subjective estimates.  As can be seen from the examples given, one could adapt either method to almost any specialized domain.  Both methods try to find optimal solutions to expert problems.  Both work.

CONCLUSION:  The ES is a major innovation.  It will revolutionize the way business is conducted in most, if not all, industries in the future. ES technology will continue to expand and improve.  New approaches like the author's will be tested and become commercially available. Logistics engineering will increasingly embrace the new technology as evidenced by reference [6].  The LOGPARS ILS ES will have a dramatic impact on the Army's future way of developing and managing weapon systems.  The ILS manager of the future will rely more and more on tools, such as LOGPARS.
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