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ABSTRACT

This thesis is concerned with the application of

expert systems techniques in the field of statistics. An
expert statistician in industry has a twofold role;
undertaking the design and analysis of data from complex
experiments and providing supervision and help for
research workers who analyse data from simpler designs.
There is, therefore, a potential role for a statistical
expert system which could be used by research workers to
enable them to carry out valid analyses. The expert
statistician would be freed from the more straightforward
analyses and would only need to deal with referrals from
the system and to initially 'tune' the system to their own
application area. The design and development of such a
prototype expert system, THESEUS, is the basis of this
work.

The area of application chosen for the prototype
system is completely randomised designs with one trial
factor. It was initially important to limit the area of
study so that knowledge acquisition for the system would
be a manageable task. However, once the difficulties in
developing an expert system have been tackled, much of the
expertise used in analysing this simple type of study
could be readily extended to more complex designs.

The knowledge acquisition phase, the most time
consuming part of developing any expert system,
concentrated on developing a rational prototype rule base
by reviewing the available literature, interviewing
practising statisticians and undertaking workshops where
the analysis of particular data sets was discussed.

The prototype software is a production rule system
and is written in Turbo Pascal on an IBM-AT. Pascal was
chosen because of the need to access statistical routines
during the consultation process. The prototype uses a

combination of forward and backward chaining to process
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the rules. Information required by the system can come
from the user, the data or the rules.

The overall system design also includes facilities
for entering and editing data, altering and adding
knowledge and a report generator. Implementation of these
facilities is not incorporated as part of this thesis.

A small number of trial sites were selected for
industrial trials in order to validate the system and
evaluate the results of the local experts 'tuning' of the

rule base to their own particular application area.
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Chapter One

Introduction




In this introductory chapter the nature of
statistical practice and the problems with existing
statistical packages are considered. The concept of
expert systems and their potential application to
statistics is discussed. The results of a postal survey
undertaken in order to obtain some feedback from
statisticians in industry on the possible role of expert
systems are also presented. Finally, the governing
criteria for the research project presented in this thesis

are discussed.

1.1 Project Aims

The primary aim of this research was the design and
development of a Statistical Expert System that could be
used by research workers who are not statisticians but who
regularly need to carry out statistical analyses. A
further aim of the project was to develop a system in
which the expertise contained in the system could be
easily modified by a 'local expert statistician’'.

These aims required research into a number of
different areas; from expert systems technology and
knowledge acquisition to the problems of formalising
statistical strategy and expertise. The main areas of
research pursued in this project are :-

- The development of a knowledge structure and a
control mechanism for the system which would be
appropriate to statistical analysis.

- The selection and application of knowledge
acquisition methods in a targetted area of statistics.

- The development of a prototype system capable of
providing help and strategical advice in the analysis of

completely randomised designs.



1.2 Statistical Practice and Problems

Statistical consultation is a complex and highly
skilled undertaking requiring expertise in communication,
analysis and interpretation. In this section we discuss
the nature of statistical consultancy and the problems
that can occur. The question of statistics being
undertaken by non-statisticians is also considered.

It is helpful to consider the work of statisticians
in terms of the activities they undertake. A statistician
will need to understand and possibly refine the objectives
of the research; inspect and possibly modify the data
(e.g. by transformation); select and apply appropriate
methods and interpret the results (Hand 1986a, Huber 1985,
Haux 1985). These activities cannot be expressed as a
step-wise progression as statistical practice is an
iterative process. For example, it may be necessary to
modify the questions or objectives of the research in the
light of the statistical methods available or the
application of a method may indicate a need to modify the
data by transformation. There are potential problems in
each of these aspects of statistical consultancy. The
most obvious one being lack of understanding between
client and consultant. Good communication is essential in
data analysis; client and consultant must be able to
understand each other's language (Jones 1980).

A skilled statistical consultant is a highly trained
and rare resource. A current problem is that with
increased access to powerful computers and statistical
packages more experimental data is being collected because
of the potential for analysis. More seriously, a greater
amount of analysis is being undertaken by people who are
not statisticians and who have an inadequate grasp of the
limitations and suitability of the techniques they are
applying (Hand 1986b). There are, quite simply, not

enough statisticians to go round.
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1.3 Expert systems

There are almost as many definitions of what an
expert system is as there are expert systems, for example

"An expert system is a knowledge-based system
that emulates expert thought to solve significant
problems in a particular domain of expertise”
(Sell 1985)

"An 'expert system' is regarded as the
embodiment within a computer of a knowledge based
component, from an expert skill, in such a form that
the system can offer intelligent advice or take an
intelligent decision about a processing function. A
desirable additional characteristic, which many would
consider fundamental, is the capability of the
system, on demand, to justify its own line of
reasoning in a manner directly intelligible to the
enquirer."

(British Computer Society's Committee of the
Specialist Group on Expert Systems, February 1983)

In general terms, an expert system can be viewed as a
system which supplies expertise in such a way that a non-
expert using the system can arrive at decisions similar to

those of an expert.

1.3.1 Historical Overview

The original motivation for the development of
computers was to speed up calculation and processing
especially for tedious or repetitive tasks. The emphasis
was on speed and the most economical use of the machine
and the computer was limited to handling numerical tasks
or processing 'hard and fast' facts. At the same time as
developments to improve the speed and efficiency of
computers there has been a growing interest in programming
computers to handle more difficult tasks; to process
uncertain facts, to make 'reasoned' decisions as opposed
to using a brute force approach or where such a brute
force approach would not lead to a solution. For example
game playing, especially chess, or diagnosis problems
where human 'experts' apply their knowledge in terms of

4



heuristics.

The development of the system DENDRAL in the sixties
marked the beginning of 'expert systems'. Originally,
DENDRAL was designed to enumerate all possible
configurations of a set of atoms observing the rules of
chemical valence; the aim being to hypothesise on the
possible molecular structure of a compound. Extensions to
DENDRAL included reducing the set of possible outcomes to
a set of likely ones using heuristics or rules based on
chemical facts. A description of the development of
Dendral is given in a book by Lindsay, Buchanan,
Feigenbaum & Lederberg (Lindsey et al 1980).

Other early expert systems included MYCIN and
PROSPECTOR. MYCIN was designed to help the physician to
diagnose and prescribe for bacterial infections of the
blood (Shortliffe 1976). PROSPECTOR was developed to aid
the geologist to assess sites for possible deposits. The
development of these systems served to illustrate the
potential usefulness of expert systems in solving
difficult real-world problems (Duda et al 1979). It was
the early eighties before any information about research

into expert systems for statistics was published.

1.3.2 The Nature and Structure of Expert Systems

An expert system requires a knowledge base, methods
of inference and a control mechanism. The knowledge base
contains the knowledge about the domain, or area of
expertise, usually expressed in terms of facts, heuristics
and rules. Methods of inference are necessary to allow
the system to make reasoned decisions based on the
information available and using the knowledge in the
knowledge base. The control mechanism organises the
application of the inference methods. Within this
context, a reasoned decision is one with which the expert

would agree and should have been reached by only
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considering relevant information and doing so in a logical
order.

A major distinction between conventional software and
expert systems is that expert systems are process oriented
rather than results oriented, the way in which a decision

is reached is just as important as the decision itself.

Areas of application

Expert systems are potentially applicable in a wide
range of areas, some of which are described in the next
section. They are particularly useful where experts are
in short supply or where a common form of expertise is
required by many. Expert systems can be applied in
relatively straightforward areas, where the necessary
expertise is not too extensive but is required by many
people; for example, a system to give advice on the
availability of different loan schemes. Knowledge about
an area such as loans is usually 'available' but poorly
distributed. The development of an expert system in this
area would mean that the information would be drawn
together into a single system which can then be made
available to many users. Expert Systems may also be
applicable in more complex problem areas of expertise
where experts exist but are in short supply. For example,
process control for an aluminium reduction process where
expert knowledge is required to know what information is
relevant, what information to request and to reach a

decision and act accordingly.

1.3.3 Present Research

ACE is an example of a trouble shooting system
designed to aid the manager of a telephone network centre
who is responsible for maintenance and trouble shooting
(Rauch-Hindin 1988 p293). There is an enormous amount of

information available and highly trained specialists are
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required to identify trouble spots. ACE works through the
information available in a data base, using the rules in
the knowledge base and presents a report of potential
trouble spots and recommended actions for the maintenance
engineers.

Expert systems have also begun to appear in the
financial sector (Rauch-Hindin 1988 p302). The system
ExMarine, developed for Coopers & Lybrand underwriters,
collects information about applicants and their insurance
brokers, underwrites the risk, and suggests a premium.

The system was built using a knowledge acquisition tool,
FFAST, and an expert system tool, ART. ExMarine uses both
rules and frames to store knowledge.

An example of an expert system in the area of
databases is Quist (Rauch-Hindin 1988 p333). The
knowledge system generates database access strategies
based on knowledge of the database content and general
heuristic knowledge about items contained in the database.

Process control is one of the largest growth areas
for the development of expert systems. An example of this
is the development of a system for automating the control
of the kilning stage in the manufacture of cement (Haspel
& Taunton 1986). The system uses rules expressed in
linguistic terms that can be easily expressed and
understood by experienced operators. The system G2
(Rauch-Hindin 1988 p349) has been developed as a tool for
building such systems and incorporates a knowledge
analysis program and a real-time communications-gateway
module. The knowledge-based component receives data from
the gateway program, reasons about the data, and offers
advice about critical process-control points of interest,
multiple alarms, and diagnosis of trouble spots.

Research has continued in the area of medical
diagnosis. PUFF (Aikins et al 1984), is a system designed

to interpret respiratory tests. Interpretation and
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diagnosis is based on historic and symptomatic information
as well as the test data. GLADYS (Spiegelhalter & Knill-
Jones 1984) is a medical diagnosis system for
gastroenterology. This system uses information on
clinical symptoms, collected by computer interview, to
arrive at a probabalistic diagnosis, suitable treatment is

then suggested.

1.4 Statistical Expert Systems

The development of interactive statistical software
incorporating statistical expertise could help to relieve
the professional statistician of the more routine
enquiries and also protect the non statistician from
inappropriate application of statistical methods.
Research undertaken in the area of Statistical Expert
Systems is reviewed in Chapter 2. 1In this section the
issues raised by the introduction of Statistical Expert
Systems and the requirements of such systems are
discussed.

1.4.1 Current Statistical Software

The move towards more 'user-friendly' software and
the advent of powerful desk-top micro-computers has meant
that general purpose statistical packages are now
available to a wide range of users, statistician and non-
statistician alike. The current software supplies
numerical or algorithmic expertise in a form that is,
generally, easy to access and use. It is the
responsibility of the user to decide on an appropriate
analysis and to interpret the results.

Undertaking a statistical analysis involves
determining the questions of interest to the client,
selecting an appropriate form of analysis and ensuring
that the necessary conditions and assumptions are met.

Once an analysis has been carried out, the results need to

8



be interpreted and related back to the original questions.
The statistical software currently available can only help
with the mechanics of the analysis and not the strategy.
The misuse or even abuse of statistical methods is
inevitable when such software is readily available to non-
statisticians.

Chambers (198la) in one of the early papers
discussing Statistical Expert Systems states :

'Statistical software in its present form, made
widely available by cheap computing, will precipitate
much uninformed, unguided and simply incorrect data
analysis. We are obliged to do something to help.'

Hahn (1984) states :

'"Thus, capabilities for statistical number crunching
are no longer limited to a knowledgeable elite, but
are readily accessible to those with only limited
training in statistics, and, consequently little
understanding of the appropriate analyses to perform
in a given situation and how to interpret the
results.'

1.4.2 The Role of Statistical Expert Systems

The overall aim of Statistical Expert Systems'is to
incorporate knowledge about statistical strategy into a
system, thus supplying users with expertise on both the
strategy and the number-crunching aspects of the analysis.
There are potential benefits for both the professional
statistician and the non statistician.

a) The professional statistician could be relieved of
some of the more routine enquiries and thus be able to
give greater time to the more difficult tasks.

b) The non-statistician would be protected to a large
degree from the inappropriate application of methods and
the misinterpretation of results, without needing to have
the relevant statistical expertise.

c) The provision of Statistical Expert Systems could

also provide an important means of education for non-
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statisticians. As they follow the systems working and
look at the reasons for decisions made, they may,
consciously or sub-consciously learn more about
statistical analysis. Education need not be limited to
non-statisticians. Statisticians themselves may learn by
using systems which are expert in areas with which they
are not familiar.

d) The development of Statistical Expert Systems will
necessitate the thinking through and coding of statistical
strategy. Many statisticians employ their own particular
strategy and yet are unable to express the reasoning
behind the strategy explicitly. There is not necessarily
a single correct strategy but by exploring and refining
different strategies a clearer understanding of the common
aspects of strategy should be gained (Pregibon 1986a).

1.4.3 Requirements of Statistical Expert Systems
Incorporating expertise into statistical software is
a complex undertaking which involves the problems
associated with developing expert systems in general and
problems directly related to applying expert systems
methods to statistical analysis. The development of an
expert system requires decisions about the form of
knowledge representation and the method of inference in
addition to the well documented problems of knowledge
acquisition. When applying expert systems methods to the
area of statistics there are two further important
considerations. Information required by the system to
make decisions can come from the data as well as the user,
thus it is important that the system should be able to
access the data during the consultation. The other
consideration is related to the problems of knowledge
acquisition which is further hampered by the need to
formalise statistical strategy in a way that can be

expressed within the system.
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The issues involved in knowledge acquisition are
considered in detail in Chapter 5 and the design
requirements for Statistical Expert Systems are discussed
in Chapter 3.

A number of authors have agreed that the best way
forward for research into Statistical Expert Systems is
the development of small-scale systems in specific and
well defined areas (Nelder 1984, Tukey 1986, Hahn 1985).

1.5 Prototype system

The aim of this project was to design a Statistical
Expert System and develop a prototype system which could
be tested in industry. The prototype system, called
THESEUS, would provide a rulebase to cover a specific area
of statistics and the inference engine necessary to
process'the rule base. The development of such a system
requires the design and implementation of knowledge
structures, the inference engine and the user interface.
The area of expertise was to be large enough to give a
realistic insight into the problems of knowledge
acquisition and small enough to allow sufficient
consideration to all the aspects of system development.
Testing the prototype system in an industrial setting
should enable us to assess both the advantages and
problems of the different aspects of Statistical Expert
Systems development. This assessment process was
considered to be very important as it moves the research
from being a purely academic exercise to the real world of
statistical practice.

1.6 Industrial Review

A document outlining the potential role of
intelligent software in statistics (see Appendix I) was
sent to a number of statisticians in order to obtain some

feedback on the potential for statistical expert systems
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and to pinpoint suitable application areas.

1.6.1 Format of the Postal Survey

The document was divided into three sections covering
the present problems in statistics arising out of the wide
availability of powerful statistical packages, the
potential role of software which incorporated expertise
and finally the general features of such a system.

The document was sent to 57 statisticians who are
working in the pharmaceutical industry or research
establishments. The list of statisticians was established
by a combination of those known by personal contact with
members of the Statistics Research Group and by looking
through the Royal Statistical Society List of Fellows.

Our primary interest was to contact statisticians involved
in the analysis of scientific experiments rather than

social surveys or official statistics.

1.6.2 Response

Replies were received from 31 of the 57 statisticians
and, as anticipated, there was a wide range of opinions.
In order to give some impression of the overall response

the replies were categorised as follows :

A) Positive [ 10 replies ]
B) Negative [ 5 replies ]
C) Cautious or Unsure [ 11 replies ]
D) Non-committal [ 5 replies ]

Where quotes have been made from the replies received
some indication of the nature of the respondents area of
work is given.

The majority of respondents agreed that the misuse
and abuse of statistical methods by non-statisticians is a

serious problem. For example :
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'...strongly endorse your concern about the use of
sophisticated statistical software by non-statisticians."
(Clinical Research Centre)

"There is a growing demand for skilled statistical
analysis throughout industry, commerce and research
establishments. Unfortunately there are too many non-
statisticians analysing data inappropriately"”

(Government Research Institute)

However a cautionary note was given by one respondent

"There is as much danger in non-statisticians being
over worried by the assumptions of statistical tests as by
the misuse of methods, evidenced by letters to the BMJ etc
about authors not vigorously testing every variable for
non-normality. I fear that 'expert' systems would only
encourage this unprofitable approach."

(Department of Community Medicine)

Two of the respondents were in the fortunate position of
having sufficient statistical resources to deal with all
statistical analyses undertaken in their company or

department.

Response to the proposal that a statistical expert system
could be used both to relieve the statistician of more
routine tasks and to protect the non-statisticians from
the inappropriate use of statistical techniques was rather
more varied. Some respondents were very enthusiastic
seeing expert systems as the best way forward. The
majority were cautiously optimistic, being aware of some

of the possible problems; for example
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"A truly expert system should encapsulate the
expert's approach for prescription of the appropriate
tools to the end user and when developed and implemented
the system should be capable of training the user nearly
to the standard of the expert himself. Such a system
would require enormous effort; moreover, the size and
complexity of the system may not be of much help to
strengthen the users motivation...but to begin with a
system with simple alternatives should not be unwelcome by

most users." (British Telecom)

There was a consensus of opinion that a general
statistical expert system would be too complex and
ambitious a task at the moment; this agrees with Hahn
(1985) who advocates the development of specialised
intelligent software.

Several respondents expressed a concern that an expert
system could be regarded as a substitute statistician and

that this should be avoided .at all costs; for example :

"We as pharmaceutical statisticians involved in the
analysis of clinical trials, cannot think of many
situations where the use of statistics is routine. We
have found from our experience and often to our dismay
that what originally appears to be a very routine analysis
can in fact be much more complicated. ... In situations
where there is no access to a statistician, the type of
package you are proposing could possibly be of some use,
but should not be regarded as a substitute for a

1"

statistician. (Pharmaceutical Company)

1.7 Scope and Application Area for a Prototype System

The main concern of this project is to provide a
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research worker, who is not a statistician, with the
facility to analyse experimental data, offering protection

against abuse or misuse of statistical methods.

1.7.1 The End User

The principal end-users of the system have already
been defined as the research workers who, though expert in
their own particular fields, are not statistically
trained. The growing demand for statistical analysis
throughout industry and commerce, coupled with increasing
sophistication and availability of statistical software
leaves statisticians with the ever increasing problem of
providing an adequate service and monitoring the use of
statistical methods by non-statisticians in their
organisation. The possibility of introducing
'intelligent' statistical applications packages is
considered as a means of filling the gap and relieving the

statistician of some of the more routine work.

1.7.2 Application Area

The other major issue was the choice of application
area for the prototype system. As observed above, Hahn
(1985) stated that incorporating expertise in a general
statistical package is a very large problem and that the
best way forward is the development of specialised
intelligent software. This was echoed by some of the
respondents to the postal survey, for example, British
Telecom.

It was important to choose an area that would be of
practical use to research workers in industry. At the
same time it was also important to select an area small
enough for the knowledge acquisition and construction of
the system to be a manageable task.

The area chosen was the Analysis of Completely

Randomised Experiments with One Trial Factor. Data from
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experiments of this type are regularly analysed by
research workers without statistical help. This area is
small and well contained; in addition, much of the
expertise used in analysing this simple type of study will

readily extend to more complex designs.

1.7.3 Structure of the Thesis

Chapter 2 contains a review of work in the area of
Statistical Expert Systems which provided some guidelines
on the necessary design criteria. The logical design and
structure of the system are described in Chapters 3 and 4.
Chapter 5 discusses some of the possible approaches to
knowledge acquisition and the methods used in this
project.

The next two chapters contain the technical
information that was necessary for the development of the
prototype knowledge base. Chapter 6 provides an
introduction to the concepts involved in hypothesis
testing about means and the importance of Normal Theory
assumptions; much of the information in this chapter will
be relevant in other areas of statistics. Chapter 7
contains more specific information about statistical
procedures where there are one, two or several samples to
be compared.

Having dealt with the design, structure and knowledge
acquisition for the system, Chapter 8 goes on to discuss
the development of the system; this chapter also gives
examples of the system during a consultation. Chapter 9
deals with the evaluation of the prototype system both
within the Statistics Research Group and the evaluation
trials in industry; some recommendations for improvements
to the prototype system are also given here. In Chapter
10 an assessment of the project is given and areas for

future research are identified.
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Chapter Two

A Review of Statistical Expert Systems
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2.1 Introduction

At the same time that expert systems were being
developed in areas outside of statistics in the late
sixties and early seventies, the rapidly increasing number
and availability of statistical packages gave rise to much
concern about the misuse or abuse of statistical
procedures.

The concept of statistical expert systems provided a
potential solution to these problems. The first
statistical expert systems began to appear in the early
eighties. This chapter provides a review of some of the

research undertaken in statistical expert systems.

2.2 Early Days : 1981 - 1984

One of the first statistical systems to incorporate

expert systems techniques was the RX project (Blum 1984).
The aim of this project was to design and perform
statistical analyses in medicine to establish causal
relationships from a large time-oriented clinical data
base. The statistical knowledge in RX took the form of a
'robot' statistician which simply applies all the methods
it knows in order to try to find evidence of causal
relationships.

An initial experiment in building an expert system
for data analysis was undertaken at Bell Labs, based on a
production rule architecture (Chambers, Pregibon and Zayas
1981) i.e. the knowledge was expressed in terms of

IF condition THEN action
rules. This system interfaced with the package S,
providing diagnostic tests to assess the analysis under
consideration. Chambers proposed some general design
criteria for a statistical expert system, most importantly
that the system should aim for a dialogue between client
and software and not aim at automatic data analysis. A

list of basic requirements was also given and included the
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need to supply summaries of results, suggestions for
action and graphical displays.

Research at Bell Labs continued with the development
of REX (Gale and Pregibon 1982). The aim of REX was to
assist the novice user in regression analysis by checking
for violations of assumptions. The strategy used was to
undertake a model independent scrutiny of the data, to
assess the model adequacy and to examine the fitting
method. REX is written in LISP and interfaces with the
package S. The strategy incorporated in the knowledge
base was elicited by means of working through examples.
Other work undertaken in the early eighties included
research by Hajek and Ivanek, Porter and Lai, O'Keefe ,
Smith, Lee and Hand. The system GUHA 80 ,(Hajek and Ivanek
1982), was aimed at exploratory data analysis, the
emphasis being on the formulation of hypotheses. STATPATH
is a system which employed a binary tree search to
identify appropriate analyses, (Portier and Lai 1983).
STATPATH advised on an appropriate analysis and referred
the user to the relevant package; as such it did not
access the data. ASA,'(O'Keefe 1982) was a system which
was designed to help a client analyse an experiment which
has already been designed. BUMP was constructed as an
interface to the package MULTIVARIANCE, (Smith, Lee and
Hand 1983). BUMP was not intended as an expert system but
nevertheless tackled some of the relevant issues. By
means of a dialogue the system helps the user to define
the analysis they want, offering help if required. It did
not tender advice, nor could it explain why a decision has
been made.

Hahn, in his 1985 review paper, suggested that the
best opportunities for technical progress seem to be in
the development of specialised, rather than general,
applications packages. Much of the subsequent research

has indeed focussed on specific areas, although some work
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on building intelligent front ends to general statistical

packages has been undertaken.

2.3 More Recent Work : Post 1985

It is interesting to classify the statistical expert

systems developed in the mid eighties by the approach
used. Some systems have been designed primarily as front
ends to existing statistical software while other systems
access statistical software to provide the necessary
numerical computations for a specific area. A number of
systems do not use existing statistical software and a few
systems have been written using expert system shells. An
expert system shell provides, for a specified form of
knowledge representation, an inference engine and some
form of explanation and help facilities. The users of
expert system shells need only express their knowledge in
the form required by the system.

Table I summarises the information available about
the development of various expert systems for statistics
in 1985 and 1986.

2.3.1 SES Which Use Expert System Shells

The work by 0Oldford and Peters (1986a, 1986b) was
originally undertaken using the expert system shell
EMYCIN, although later work has used the expert systems
building package LOOPS on a Lisp machine. The system
accesses a statistical analysis packages called DINDE
which resides on the Lisp machine.

EXPLORA is a system written in LISP, which utilises
the expert system shell BABYLON, (Kldsgen 1986). The SAS
package is used to provide the necessary numerical
computations. EXPLORA runs on a Symbolics Lisp machine
and is used for exploratory data analysis. Both Kl&sgen
and Oldford and Peters used an object oriented approach

where the primary emphasis is placed on the objects within
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Expert Systen

Statistical

Area of

Reference Name Shell Language (s) Package(s) Machine Expertise
Oldtord & Petars 1986a Mini Mycin ) Xerox
1946b LooPs Lisp Dinde ) Interlisp Collinearity
Kldsgen 1986 BXPLORA Babylon Lisp sA8 Symbolic Exploratory
Lisp Data Analysies
Perzuini et al 1986 EXPRRT Fortran uLpP Front Bnd
Nelder 1986 GLINPSE APRS Prolog GLIM sun Front Bnd
Jida ot al 1986 - Prolog CHADOC IMn-pC Front EBand
Hilhorst et al 1986 ROCHRFORT - ? Oracle (dbms) VAX Interface data base
SPSS,BA8S systems with
BMDP statistical packages
Gale & Pregibon 1986 S8TUDENT - Lisp 8 ? Strategy Acquisition
Darius 1986 - SAS 8AS IBM-AT Expert systen shell
Carlasen & Heuch 1986 EXPRESS - Fortran BMDP Sperry 1100 Test selection
(3 -~ sanmple)
Proeschl & 1906 - rortran SPASP ? Analysis of
Grossmann Prolog longitudinal data
Prat et al 1963 STATXPS - - ? 8CA IBN-PC Time series
Galmacci 1986 T8X - Lisp SAS AxIPM-PC Time Series
Pregibon 1986 TESS - Lisp - Lisp machine 8hell for encoding
statistical strategy
Dambroise & 1966 NUsE - APL, - VAX Multivariate snalysis
Massotte Prolog
Hietala 1986 ESTERS - Pascal - IBM-PC Time Series
Rakong & 1969 SASS - Neated Inter- - ? social Science
Hickman active array Statistics
language
Esposito et al 1986 EXPER - Prolog - IM 4341 Experinentsl Design
Pascal

Table I

: Overview of Statistical Expert Systems - Post 1984




the system rather than operations or procedures to be
undertaken.

Other work in this area includes a front end to the
package MLP using the shell EXPERT, (Berzuini et al 1986).

2.3.2 Systems Designed as Front Ends to Existing
Statistical Software

GLIMPSE, designed as a rational front end to GLIM
(Nelder 1986), is the most well known work in this area.
GLIMPSE is written using the Prolog shell APES and runs on
a SUN workstation. GLIMPSE offers advice and help on
different activities such as data input, data validation,
model selection and model prediction.

Rochefort is an ambitious project designed to 1link
data base management systems and statistical software
(Hilhorst et al 1987). It is also anticipated by the
authors that statistical expertise for selection of
appropriate analysis methods would be included.

Other work in this area includes that described by
Berzuini et al (1986), mentioned in the previous section,
and Jida &.Lemaire (1986). The work described by Jida is a
front end, written in Prolog, to the statistical package
CHADOC. The front end enables the user to generate the
necessary command file for CHADOC and also provides a
semantic analysis of those commands in order to avoid
invalid analyses.

2.3.3 SES Which Access Statistical Packages

There several systems which fall into this category,
the best known of which is the system Student, (Gale and
Pregibon 1984, Gale 1986). Student is written in LISP and
accesses the statistical package S. Student offers an
automated learning strategy and is designed to allow a
professional statistician to construct a knowledge base by

selecting and working examples and by answering questions.
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STATXPS is an expert system for time-series analysis
which accesses a statistical package called SCA, (Prat et
al 1985). Darijius (1986) developed an expert system shell
written in the SAS language. Other work in this area
includes Carlsen and Heuch (1986), Froeschl & Grossmann
(1986), Galmacci (1986).

2.3.4 Systems Developed Without an Expert System Shell or
Statistical Package

Some Statistical Expert Systems have been developed
using an Artificial Intelligence Language, a Procedural
language or a combination of both. ESTES is a system for
Time Series Analysis written in Pascal on a Macintosh,
(Hietala 1986). ESTES makes full use of the windowing
facilities available on the Macintosh and is very user-
friendly providing both textual and graphical explanations
for statistical terms. The SASS system, (Hakong & Hickman
1985), is interesting because it is based on intersecting
sets of properties of statistical techniques. SASS has
been developed using a Nested Interactive Array Language.

TESS is a system which uses a tree based strategy and
is written entirely in LISP, (Pregibon 1986b). In order
to assist the statistician in the task of coding numerical
routines TESS provides a mini language for statistical
computations and enables an expert statistician to encode
their strategy for analysing a particular type of data
set. Once the knowledge has been encoded the system can
be used by non statisticians to analyse their data sets.

Other work in this area is described by Esposito et
al (1986) and Dambroise & Massotte (1986).
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Chapter Three

Design of a Statistical Expert System
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3.1 Introduction

Any expert system should be able to explain and
justify its reasoning as well as to offer help and
guidance throughout a consultation and the design of the
system should take these as basic requirements. There are
additional considerations necessary in designing
statistical expert systems, including the need to access
data during the consultation; these requirements are
considered in this chapter. The pattern of consultation
to be followed by a system and the choice of knowledge
representation are also discussed and finally a logical

design for a statistical expert system is proposed.

3.2 Design Considerations for Statistical Expert Systems

3.2.1 Primary Considerations

When developing an expert system it is important to
establish both the scope of the system and the prospective
users of the system before more specific design work can
be undertaken.

The scope of the system will affect both the choice
of knowledge representation and the general design of the
system. An expert system may be focussed on a narrow and
highly specific domain area or may have a wide domain.
There is no clear distinction to be made between these two
possibilities and it is likely that the scope of a
statistical expert system falls somewhere between them.
The aim of this project was to develop a software
framework suitable for expert systems in small and well
defined areas of statistics. The 'end-user' also needs to
be considered carefully. There is a wide range of
possibilities from the expert statistical consultant to
the statistical novice and it would be difficult to cater
for all of them in a single system. The statistically
naive researcher would need extensive help and guidance to

ensure the appropriate analysis is carried out and to
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interpret the results, whereas experts may want to move
through the system quickly, looking only at the results
they are interested in. The aim in this project was to
develop a system for use by research workers in industry

who are regular users of statistical techniques.

3.2.2 Design Features

An expert system should be capable of justifying its
conclusions and telling the user why a particular question
is being asked. In order to do this it is necessary to
keep some form of trace of the consultation process that
can be accessed and understood by the user. 1In addition a
statistical expert system should be able to explain
statistical terms as well as providing help throughout the
consultation.

As with any software, an expert system needs to be
structured so that it is easily modifiable, both to allow
for ease of maintenance of the system and to cope with
developments in the knowledge base. The concept of a
dynamic knowledge base is very important in the area of
statistics for two reasons; to enable new developments in
the domain area to be included and to allow an expert
statistician to alter the strategy expressed in the
system. There is seldom a single correct strategy in any
given area of statistics and different statisticians often
use different strategies; thus it is important to have a
knowledge base which can be altered easily by an expert
statistician.

Statistical expert systems have two main sources of
information; the user and the data. Thus in developing a
statistical expert system it is essential to access
statistical routines or packages during the consultation
process as well as providing a flexible and easy to
understand user interface. This precludes the use of

existing expert system shells which cannot interface with
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other software.

A statistical expert system also needs to be able to
allow for the possibility of multiple objectives; in the
domain of statistics a researcher often requires the
answer to more than one question.

The system should be able to recommend the most
appropriate and most powerful techniques, at the same time
allowing the user an element of choice between valid
techniques.

A number of people have considered these features; in
particular Hand(1985) and Hahn(1985) discuss them more
fully. Some of these features need to be considered at
the logical design stage, for example, the need to access
data during the consultation. The majority of features
can be incorporated at the software design stage; this is

discussed in more detail in Chapter 8.

3.3 Pattern of Consultation

In order for expert systems to be able to explain and
justify their reasoning it is necessary that they use a
pattern of consultation that is comprehensible to the
user. This does not mean that the expert system must
mimic the experts actions, rather that it should operate
in a way that can be explained to, and understood by, the
user, i.e. it should fit in the 'human window', (Michie
and Johnston 1984 p70). A Statistical Expert System can
also offer more facilities than a practising statistician
because of the speed of processing, for example, running
several diagnostic tests takes little time for the
computer but would be rather time consuming for a human
expert (Hand 1984, Buja 1984).

A great deal of research has been undertaken to try
and establish how human consultants interact with their
clients (Hand 1984, Clayden - personal communication).
Hand suggested that a statistical consultant operates in a
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similar manner to a medical consultant, initially
generating a set of plausible hypotheses and then trying
to verify these hypotheses. This has a 'funnelling'
effect with the consultant trying to reduce the number of
possibilities and thus limit the search space.

One of the major reasons for the development of
expert systems stems from the realisation that it is not,
in general, practical to foresee and check all possible
eventualities. Many techniques used in expert systems
concentrate on reducing the number of possibilities to be
considered as much as possible. Thus it would seem
appropriate to adopt the broad pattern of consultation
where the first stage is to establish a subset of
appropriate techniques and then to consider each of the
techniques in more detail.

When a technique is being considered for use on a
particular data set then it is first tested for use on the
original data. However, if a parametric technique cannot
be verified for use on the original data then the user may
wish to try transforming the data. The use of
transformations can, therefore, affect the flow of control
within the system. Thus the consultation may be cyclic in
nature, moving from verification to transformation back to
verification where parametric techniques are concerned.

This needs to be incorporated in the system design.

3.4 Knowledge Representation

Having established the scope of the expert system and
the pattern of consultation the next stage is to decide on
an appropriate way to represent the knowledge. There are
three main forms of knowledge representation, rules,
frames and semantic nets.

Rules are the predominant from of representation used
in expert systems and take the form

IF condition THEN action or assertion
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These rules may be processed sequentially, forward
chaining, or by trying rules that would help to establish
a goal the system is interested in, this is known as
backward chaining.

Semantic nets are used to represent relationships
between objects in the domain as links between nodes, they
are particularly useful where inheritance is important.

Frames are generalised record structures which
describe a class of objects or events. Slots in the frame
may contain default wvalues, procedures, actions or even
pointers to other frames. Like semantic nets, it is easy
to include inheritance properties when using frames.

It is important to use a knowledge representation
that is comprehensible to a statistician who wants to
modify the knowledge base. The choice of representation
also depends on the scope of the domain. For example,
where the domain covers a large area, frames may be most
appropriate as they provide a way of describing families
of objects.

For this project, the size of domain was
intentionally limited to small, well defined areas and
production rules were chosen as the most appropriate
knowledge representation. The primary reasons for this
choice were ease of understanding and flexibility in the
ways in which production rules can be processed. The
different types of rule and the methods of inference

adopted in this project are discussed in Chapter 4.

3.5 Logical Design

The construction of software systems is facilitated
by using a structured design methodology which separates
the development process into a number of well-defined
stages. The motivation behind these methodologies is the
emphasis on the problem definition part and the clear

separation between the logical and physical design. The
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advantages of a logical design are that it is independent
of hardware and software considerations and that it allows
greater interaction between the user and the designer,
often via easy to understand graphical methods.

Entity analysis was originally proposed as a
methodology for developing database systems (Chen 1977)
but it was soon found to be a useful tool in many areas of
software engineering (Knight et al 1987). Entity
analysis provides a clear diagrammatic view of the logical
design of the system and has been used in the design of
THESEUS.

3.6 Entity Analysis for THESEUS

Chen's design representation contains three classes
of things : entities, relationships and attribute. There
are three different stages in Entity Analysis :

1. Identifying the Entities and the relationships

between them in diagrammatic form

2. Identifying attributes for each entity

3. .Constructing Life-Cycle Diagrams for the status of

each entity.
When the logical design is translated to software code,
each entity is declared as an array of records where the
records are defined by the list of attributes for the
entity. The Life-Cycle diagrams show how the status of
each entity can change within the system, thus indicating
the flow of control. The Entity-Relationship diagram
shows the relationships between the entities and thus
indicates which other entities must be considered when a
member of one entity type is being processed .

Figure 3.1 shows the entity relationship model for
THESEUS. Entities are objects that can be uniquely
identified, and classified into separate types. The
entities identified in THESEUS are rules, facts, tests,
procedures and experimental data; the lines between the

entity types show the relationships. For example, facts
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can be set either by the action of a rule or by a
procedure or by asking the user. This optionality is shown
by the use of dashed lines; that a fact can only be set in
one of these ways is shown by the line drawn across the
three optional relationships, labelled 'set by'. There
are two relationship lines between tests and rules, a test
can be part of the condition of a rule or can be set as
part of the action of a rule.

After the construction of the graphical model, the
attributes of each entity type are determined, these
attributes are the properties of the objects which we need
to record. The attributes for the entities in THESEUS are
given below :

Entity : FACTS Possible Values

Attributes :
- Name character string
- Setby rule TRUE or FALSE
- Setby procedure TRUE or FALSE
- Setby user TRUE or FALSE
- Dataset character string
- Status UNTRIED, STRUE, SFALSE

CURRENT, UNKNOWN

Entity : TESTS Possible Values
Attributes :
- Name character string
- Parametric TRUE or FALSE
- Dataset character string
- Chosen-by-user TRUE or FALSE
- Status UNTRIED, LOOK AT, CURRENT

RECOMMENDED, NOT VALID
VALID, UNKNOWN

Entity : PROCS Possible Values
Attributes :
- Name character string
- Called-by RULES, FINDFACT
- Status NOT CALLED, CALLED
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Entity : DATA INFO Possible Values
Attributes :

- Name character string

- Form (Algebraic expression) character string

- Mean [1l..number of groups] array of real numbers

- Var [1l..number of groups] array of real numbers

- Status UNTRIED, CURRENT

ACCEPTED, REJECTED

Entity : RULES Possible Values
Attributes :
- Identifier character string
- Condition
Any number of
- operator ' ' or 'NOT'
- fact or test name character string
pairs
- Action
Any number of
- fact, test or character string
procedure name
- name_is FACT, TEST, PROC
- action depends on name_ is, see Note 1
triplets
- Status UNTRIED, FIRED, FAILED
SKIPPED, UNKNOWN
Note 1 name is possible values for action
FACT STRUE, SFALSE
TEST LOOK AT, RECOMMENDED, NOT VALID,VALID
PROC CALL

Once the attributes have been established the Life-
Cycle diagrams for the status of each entity are
constructed, showing how the status of each entity may
change within the system, see Figures 3.2 to 3.6. For
example, in the life-cycle for Test status, the first
change of status is from UNTRIED to LOOK AT, this reflects
the first part of the consultation process (establishing a
list of potential tests). A test can only be considered
further if its status is already LOOK AT; if this is the
case then the test status will, at some stage, become
CURRENT when the test will be considered more closely.

The possible outcomes are RECOMMENDED, VALID, NOT VALID or

UNKNOWN. RECOMMENDED means that the system considers this

technique to be the best of the list under investigation.
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If a parametric test becomes VALID, NOT VALID or UNKNOWN
the status may return to current if the data is
transformed. Each Life-Cycle diagram has a node labelled
ARCHIVED, which indicates that the status does not change
any further and remains at the value given in the previous

status node.
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Figure 3.2 : Life-Cycle Diagram - Rule Status
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established on the new data set.
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Figure 3.3 : Life-Cycle Diagram - Fact Status
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* This will occur when the data is transformed and the
fact is a 'dynamic' fact that needs to be re-established
on the new data set
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Figure 3.4 : Life-Cycle Diagram - Test Status
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is a parametric test
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Figure 3.5 : Life-Cycle Diagram - Procedure Status
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Figure 3.6 : Life-Cycle Diagram - Data Status

<:UNTRIED :)

CURRENT:)

\

‘ ACCEPTED ‘ REJECTEDﬁ:>

39



Chapter Four

Decision Making and Control
in a
Statistical Expert System
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4.1 Introduction

Once the choice of knowledge representation has been
made and the form of consultation decided, the next stage,
after the logical design, is to consider in more detail
the methods of inference and the control structure to be
used. Rules can be processed using either forward or
backward chaining or using some combination of both. 1In
general terms the prototype system described here uses
forward chaining when trying to establish a list of
possible methods and backward chaining when trying to
check the validity of methods. Forward and backward
chaining and the protocol for applying a specific rule are
described in the next two sections.

During the development of the prototype system the
general structure described above remained the same,
however, the actual implementation altered considerably.
The reasons for such alterations were to decrease the
amount of time the system had to spend looking through the
rules and, more importantly, to make progress through the
system clearer to the user. The development of the
inference process and control structure is discussed in
this chapter, and the final method of inference and the

control structure are described in detail.

4.2 Applying a Rule

Before going any further it is be useful to establish
the way in which an individual rule of any type is
processed. Once the system has decided to try to apply a
particular rule, it considers each part of the condition
in turn. Each part of the condition must be satisfied
before the system moves on to consider the next part of
the condition. As soon as one part fails then the rule is
failed.

In considering each part of the condition, the system
will first check whether the status of this fact has
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already been established as true or false. If the status
has not been established then the system looks at the
attributes to find out how to establish the fact. As
already stated in section 3.6, a fact can be set by asking

the user, calling a procedure or by trying other rules.

4.3 Forward and Backward Chaining

Forward chaining involves considering each of the
appropriate rules in turn, working through them
sequentially and carrying out the actions of those rules
whose conditions are satisfied.

Backward chaining is carried out by supplying the
system with a goal to backward chain on. The system looks
through the rules until it finds one with an action that
would establish that goal. The system then tries to apply
that rule. If that rule fails then the system continues
looking for the next rule which has the goal on the action
side of the rule. This process continues until the goal
is established or no more relevant rules can be found.

In the course of backward chaining on a particular
goal the system may encounter a fact that is not yet known
and which is set by other rules. When this occurs the
system suspends backward chaining on the original goal and
backward chains with this fact as a goal. When the new
goal has been established the system resumes backward
chaining on the original goal. Figures 4.1 and 4.2 show a
simple rule base and an example of backward chaining using

that rule base.
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Figure 4.1 : Simple Rulebase to Demonstrate Backward Chaining

Rl 1IF outliers
THEN not_valid test paremetric
recommend test nonparametric

R2 IF not outliers and normal_data and variances_equal
THEN recommend test parametric
valid test nonparametric

R3 IF not outliers and not normal_data
THEN not valid test parametric
recommend test nonparametric

R4 IF not outliers and not variances_equal
THEN not_valid test parametric
recommend test nonparametric

RS 1IF shapiro wilk _sigS and not user_says_data_normal
THEN false fact normal _data

R6 IF shapiro_wilk_sig5 and user_says_data_normal
THEN true fact normal_data

R7 1F not shapiro_wilk_sig5
THEN true fact normal data

R8 1IF levene_sig$
THEN false fact variances_equal

R9 IF not levene_sig5
THEN true fact variances_equal

outliers

normal_data

variances _equal
shapiro_ wilk_sig5
user_says_: data normal
levene_sig5s

set by the user
set by other rules
set by other rules
set by a procedure
set by the user
set by a procedure
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Figure 4.2 :

Example - backward chaining on 'parametric'

Goal : parametric

Trying rule

Trying rule

Goal :
Trying
Trying
Trying

Action

Rl ask user about outliers (false)
[rule fails]

R2 not outliers is true
set up normal_ data as a goal
[R2 remains current]

normal_data

rule : R5 call procedure to set
shapiro_wilk sig5 (false)
[(rule fails)

rule : R6 shapiro_wilk sig5 is false
[rule fails]
rule : R7 not shapiro wilk sig5 is true

{rule fires]

of R7 set normal_data to true

Goal : parametric

Trying rule

R2 normal_data is true
set up variances _equal as a goal
[(R2 remains current]

Goal : variances_equal

Trying rule

Trying rule

Action of

R8 call procedure to set
levene_sigS (false)
{rule fails)

R9 not levene_sigS is true
[rule fires)

R9 set variances_equal to true

Goal : parametric

Trying rule

Action of

R2 variances_equal is true
{(rule fires])

R2 recommend parametric test and
valid nonparametric test
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4.4 The Development of an Inference Mechanism

Initially the system was structured so that all the
rules were stored in one array. The consultation process

used at first can be summarised as follows :

l. Establish a list of possible methods by forward

chaining through the rules, only considering those
rules which contained an action to LOOK AT a test

or tests.

2. Verify the methods - set up each test as a goal

for the system to backward chain on.

3. Return to step 1 - finishing when an empty list is

returned from the forward chainer.

It soon became apparent that the system was wasting
time looking through the rule array in order to identify
the forward chaining rules. Thus the first, and simplest,
alteration was to separate the forward and backward
chaining rules. This is carried out when the rule-base is
picked up by the system, any rule which has an action to
LOOK AT a particular test is stored in a separate array.
This makes no noticeable difference to the user but does
mean that the system is not wasting time searching to find
the appropriate rules to forward chain on.

Once the knowledge acquisition was underway and a
realistic rule base was being tried in the system it soon
became apparent that dealing with the possibility of
transformations within the backward chaining rules was
rather complicated. Rules had to be developed for
assessing the validity of methods on the original data and
other rules had to be developed to deal with
transformations and the possibility of trying more than

one transformation. Although this was possible it did
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mean that the condition part of some rules became rather
complex and understanding the path the system was
following became quite difficult.

This difficulty was overcome by using a two level
strategy whereby the backward chaining rules apply to the
current data set only. A higher level of rules was
introduced which, after a goal has been verified using the
backward chaining rules, decide whether to move on to the
next test in the list or whether to transform the data.
If the data is transformed then the backward chaining
rules are applied again to verify the status of the test
under consideration on the transformed data. Thus the
backward chaining rules may be applied several times in
the course of verifying a particular technique.

Three types of rule can now be identified :
I : Forward chaining rules - used to establish a

list of possible techniques

II : Backward chaining rules - used to verify the
validity of methods on the current data set
III : Meta rules - used to decide whether to move

on to the next test in the list or to

transform the data

4.5 Control Structure

Flow between the different types of rule is effected
by a control module. The structure is described using

pseudo code given below.
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REPEAT
forward chain to supply a list of possible tests
WITH each test in the list
REPEAT

IF test is not RECOMMENDED yet
THEN backward chain to establish test

search meta rules to set NEXT TEST to true
or to false (and transform data)

UNTIL the meta rules have set NEXT TEST to true
or current test has been RECOMMENDED

END of WITH each test in the list

ask user whether they wish to consider any
FURTHER ANALYSIS

UNTIL FURTHER ANALYSIS is false or
forward chaining rules supply an empty list

4.6 Forward Chaining Rules

Rules which the system uses to establish a list of
possible techniques are the most straightforward type.
The condition part of these rules is usually composed of
facts relating the basic nature of the data, such as the
number of groups or the hypotheses of interest to the
user. These are the only rules which may also have tests
as part of the condition. This may happen where a
particular test is used before other techniques are
considered; for example the ANOVA may be used before
considering multiple comparisons.

These rules are processed by forward chaining as
described in section 4.3 . If the condition part of a
rule contains a test that has not yet been established
then the status of that rule is set to SKIPPED. Each time

these rules are considered the system starts at the top of
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the list and works through considering only those rules
whose status is UNTRIED or SKIPPED. The forward chainer
stops as soon as one rule has fired. The action part of
the rule will be to set the status of a number of tests to
LOOK AT; thus a list of possible techniques has been
established.

Examples

R3 IF SEVERAL GROUPS and
OVERALL_TEST
THEN LOOK AT TEST ONE_WAY ANOVA
LOOK_AT TEST KRUSKAL WALLIS

SEVERAL GROUPS is set by calling a procedure which counts
the number of groups in the data set

OVERALL TEST is set by asking the user if they wish to
consider an overall test of significance

R7 IF MULTIPLE COMPARISONS and
PAIRWISE and
ALL COMPARISONS
THEN LOOK AT TEST NEWMAN KEULS
LOOK_AT TEST DUNCANS
LOOK_AT TEST K_SAMPLE RANK
LOOK_AT TEST KRUSKAL WALLIS PAIRS

PAIRWISE is set by asking the user whether they wish to
consider pairwise comparisons

ALL PAIRWISE is set by asking the user if they wish to
look at all possible pairwise comparisons

MULTIPLE COMPARISONS is set by other rules, thus the
system would have to backward chain to establish this
fact.

4.7 Backward Chaining Rules

These rules are used by the system in order to
establish the validity of a technique by checking the
appropriate constraints and assumptions. In the logical
design a distinction was made between two types of fact,
static facts and dynamic facts. Static facts are
independent of any transformations of the data set; for
example, facts relating to the number of groups or to
outliers. These facts once established cannot be changed.
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Dynamic facts are those whose status may change if the
data is transformed; for example, facts relating to
normality.

The rules under discussion here may contain a
combination of both types of fact. Thus these rules
establish a technique on the current data set, original or
transformed. These rules may be processed several times
in trying to establish a particular technique, each time
with a different transformed version of the data; in this
case the status of dynamic facts is re-established for
each transformation of the data. A side effect of these
rules is that they also set facts used by the Meta rules
to decide whether a transformation is necessary.

These rules are processed by backward chaining as
described in section 4.3.

Examples

R26 IF NOT OUTLIERS and
VARIANCES EQUAL and
NORMAL DATA
THEN TRUE FACT ACCEPT PARAMETRIC
FALSE FACT TRANS FOR NORMALITY
FALSE FACT TRANS FOR VARIANCES
FALSE FACT ADJUST FOR_UNEQ VAR

OUTLIERS, NORMAL DATA and VARIANCES EQUAL are all set by
other rules

R93 1IF ACCEPT_ PARAMETRIC and
BALANCED
THEN RECOMMEND TEST NEWMAN KEULS
VALID TEST DUNCAN
VALID TEST K _SAMPLE RANK
VALID TEST KRUSKAL WALLIS PAIRS

ACCEPT PARAMETRIC is set by other rules
BALANCED is set by calling a procedure which checks that
the sample sizes are equal

R54 IF MORE THAN 20 OVERALL and
NOT SHAPIRO WILK SIGS
THEN TRUE FACT NORMAL DATA

MORE THAN 20 OVERALL is set by calling a procedure which
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counts the total number of observations

SHAPIRO WILK SIG5 is set by other rules, this is because
the form of the Shapiro Wilk test may be to consider each
group individually or to treat the data as a whole.

4.8 Meta Level Rules

These rules are used to enable the system to decide

whether to move on to the next test in the list of
possible tests or to call the procedure which transforms
the data. They are denoted 'Meta' rules because they
govern, to some extent, the flow of control within the
system. Meta rules are processed by forward chaining as
described in section 4.3 . The status of all Meta rules is

returned to UNTRIED before they are processed again.

Examples

M1 IF NOT PARAMETRIC
THEN TRUE FACT NEXT_ TEST

i.e. IF the test that is being considered is nonparametric
then one pass through the backward chaining rules using
the original data is sufficient and the s<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>