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Abstract: Neurules are a type of neuro-symbolic rules intaggaheurocomputing and production rules. Each
neurule is represented as an adaline unit. Neurebdsibit characteristics such as modularity, nataeds and
ability to perform interactive and integrated inéeices and provide explanations for reached conahssiOne
way of producing a neurule base is through convergiban existing symbolic rule base yielding anieajent
but more compact rule base. The conversion procesges symbolic rules having the same conclusittndne
or more neurules. Due to the inability of the adalunit to handle inseparability, more than oneméfor each
conclusion may be produced by splitting the initiat of symbolic rules into subsets. This papesgnts research
work improving the conversion process in terms atirme and number of produced neurules. First, wenshow
easier is to construct a neurule base than a cotiogist one. Second, we present alternative rulespétting
methods. Finally, we define criteria concerning thbility or inability to convert a rule set into aingle,
equivalent, but more compact rule. With applicatiohsuch mergability criteria, the conversion preseof
symbolic rules into neurules becomes more timeieffi. All the above are supported by experimergsiilts.

1. Introduction

A research direction in Artificial Intelligence (Alinvolves the integration (or
combination) of two or more intelligent methods eTpurpose of such integrations is
to create improved approaches and systems in tefkrsowledge representation and
reasoning. This is achieved by exploiting the cpomding advantages of the
component approaches and surpassing their disatest Research results
concerning various application domains have dematest that integrated intelligent
approaches may vyield advantages (Abraham et al2;2Chstillo et al. 2012;
Hatzilygeroudis & Prentzas 2011a and b; Sahin .eP@l2). Successful integrations
usually combine intelligent approaches with commatary advantages and
disadvantages. Several types of integrated appesachve been proposed. A large
portion of integrations combines soft computing moels (e.g. fuzzy logic, neural
networks and genetic algorithms) among themselvagth other Al methods such as
logic, rules and machine learning. Some types aflinations have been extensively
used and explored. Examples of such combinatiomgng others, involve neuro-
symbolic approaches integrating neural network$ witmbolic methods (Garcez &
Lamb 2011; Hatzilygeroudis & Prentzas 2004), nduazy approaches integrating
neural networks with fuzzy methods (Chattopadhy@$3 Sreekantha & Kulkarni
2012; Lin et al. 2012), approaches combining nenealvorks and genetic algorithms
(Belciug & Gorunescu 2013) and approaches combinasg-based reasoning with
rule-based reasoning (Prentzas & Hatzilygeroud®72@r other intelligent methods
(Chuang & Huang 2011).
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Different types of integrations combining neuraddasymbolic approaches have
been presented (Garcez et al. 2002; Garcez eD@8)2A large number of neuro-
symbolic approaches combine neural networks withimjic rules. Neural networks
and symbolic rules have complementary advantagesl alisadvantages
(Hatzilygeroudis & Prentzas 2004) and their comtiama constitutes a popular
research trend. Advantages of symbolic rules concaturalness, modularity and
availability of interactive inference mechanismasll as explanation capabilities.
Their main disadvantages involve difficulties inokvledge acquisition as well as in
reasoning with unknown inputs. Neural networks tlos other hand, are constructed
from existing training examples and are able toegaiize well. However, they lack
characteristics of rules such as naturalness, ragduland ability to provide
explanations for reached outputs.

In most of the neuro-symbolic approaches combingymbolic rules with
neurocomputing that result into a seamless combimaf the integrated components,
the main component is the neural one. More spadlficthe symbolic approach is
incorporated in or mapped to the neural compon@ne may discern two primary
trends in this research direction.

The one trend primarily focuses on modeling syntbphocesses in a neural way.
This trend stems from (Holldobler & Kalinke 1994here a connectionist network is
developed that implements the meaning function grapositional (definite) logic
program. Following this line of research, more awhetl systems have been proposed
that extend that approach to first-order logic endtivalued logic-based programs as
well as nonclassical logics. The other trend stéms (Towell & Shavlik 1994),
where a background domain theory in the form ofppsitional rules is used to
construct an initial neural network, which is thiemally trained through a training
data set. This leads to theory refinement. Furtbeemconnectionist expert systems
are considered as integrated systems that represiationships between concepts
associated with nodes in a neural network (Galla@®3; Ghalwash 1998).
Connectionist expert systems provide inference axplanation mechanisms but
explanation rules include meaningless conditionsesicertain network nodes do not
correspond to domain concepts.

A common aspect of the aforementioned approachtbaishey give pre-eminence
to the neural component and consequently, to & ldegree, they lack advantages of
symbolic rules. In contrast to such approachestubesi (Hatzilygeroudis & Prentzas
2010, Prentzas & Hatzilygeroudis 2011) give preemoe to the symbolic
component. Neurules are a type of integrated redesnlessly combining symbolic
rules (of propositional type) and neurocomputinga{ene approach). They retain the
naturalness and modularity of symbolic rules imr@é degree. Also a neurule-based
system possesses an interactive inference mechghlatmilygeroudis & Prentzas
2010) and an explanation mechanism to provide espians for drawn conclusions
(Prentzas & Hatzilygeroudis 2012b). Neurules campioeluced either from symbolic
rules (Hatzilygeroudis & Prentzas 2000) or from émal data (Hatzilygeroudis &
Prentzas 2001).

A neurule base can be produced from a symbolictrage by applying a conversion
process (Hatzilygeroudis & Prentzas 2000). Conwarsioes not involve refinement
of the symbolic rule base, but creates an equivdieowledge base. This means that
the conclusions drawn from the neurule base aresdhge as those drawn from the
symbolic rule base, given the same inputs. Eactiymed neurule usually merges two
or more symbolic rules with the same conclusioreréfore, the size of the produced
neurule base is less than that of the symbolic vakee as far as both the number of
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rules and the number of conditions are concernbi. rEsults in improvements to the
efficiency of the inferences from the neurule basgnpared to those from the
symbolic rule base, as shown in (HatzilygeroudiBr&ntzas 2000).

The conversion process tries to merge all symbadliles having the same
conclusion into a single neurule. However, thimed always possible, due to the
inability of the adaline unit to handle insepar@ypiland thus more than one neurule
for each conclusion may be produced. So, in cakaseparability, the initial set of
rules is split into two disjoint subsets that megd to separability. Splitting is based
on ruleclosenesseach subset contains rules that are close to@heh. Closeness is
based on the number of identical conditions betweales (introduced in
Hatzilygeroudis & Prentzas 2000).

There are two directions that the conversion predess not been explored for
possible improvements. The one concerns explorabbnemploying splitting
strategies not based on the simple closenessiantébove mentioned), but on a
more complicated. Given that splitting of an iditset of rules having the same
conclusion into disjoint subsets of close rulesemdisles clustering approaches,
applying a clustering algorithm to rule splittingaynlead to better results. The other
direction concerns definition of mergability crigeri.e. determining whether a set of
rules can (or cannot) be merged into a single neuwithout applying training. This
would save a number of useless trainings.

So, in this paper, first, we use data derived firailable symbolic rule bases to
construct knowledge bases utilized in connectiomigpert systems, which we
compare with equivalent neurule bases, construgyecherging symbolic rules. The
comparison demonstrates the advantages of neumilderms of representation
naturalness and ease of construction process. &eeom present new splitting
methods used in the conversion process in caseseparability, which are based on
the notion of clustering. One of them does bettantthe initial one in certain cases.
Finally, we (re)define and revise criteria (inijalintroduced in Prentzas &
Hatzilygeroudis 2012a) concerning the ability oability to convert a rule set into a
single neurule. With application of such critetla@ conversion process of symbolic
rules to neurules becomes more efficient by avgidiainings not directly producing
neurules. The definition of such criteria is of geal representational interest too.

This paper is organized as follows. Section 2 prisseork related to connectionist
expert systems and some kind of rule merging. &2ci outlines main aspects of
neurules. Section 4 presents the conversion praragprovides relevant examples.
Section 5 presents alternative splitting methods tinay be incorporated in the
conversion process. Section 6 discusses criteriafficiently merging symbolic rules
into neurules. Section 7 presents experimentallteeslerived from applying the
conversion process to available symbolic rule hdseslly, Section 8 concludes.

2. Related Work

In this section, we present and discuss work relate two aspects. One aspect
concerns connectionist expert system bases andtliee approaches regarding rule
merging.

2.1 Connectionist Expert Systems

Connectionist expert systems constitute an approaaviding inference and
explanation mechanisms (Gallant 1993; Ghalwash 19BBe knowledge base in
connectionist expert systems is constructed usiagendency information (i.e.
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associations between input, intermediate and owpatepts) and training examples.
A connectionist knowledge base could be construbitat a set of symbolic rules.

This could be done by using: (a) the dependen@rnmdtion represented by rules and
(b) the training sets extracted from the trutheatfl the combined logical function of

each initial merger (see Section 4). Compared torutes, connectionist expert

systems have certain disadvantages involving kriyderepresentation naturalness,
knowledge base construction process, provision xplamations and inference

process. These disadvantages are discussed iolltheifg.

The knowledge bases of connectionist expert systiwis the naturalness of
neurules. Domain concepts in connectionist expgstems are associated with
network nodes and relationships between conceptsl@moted by node connections.
However, the network also includes nodes that are associated with domain
concepts. These nodes (called ‘random cells’) arelamly generated to represent
non-separable examples. Representation is measingiethe parts of the network
involving random cells. In (Hatzilygeroudis & Preas 2001) illustrative examples
are provided involving the creation of a neurule anconnectionist knowledge base
from a set of training examples showing the adgegaf neurules.

The construction process of a neurule base iggbtfarward. On the contrary, the
construction of the knowledge base in a connedtomxpert system is not
straightforward and requires more effort. Thereasspecific way to determine the
mapping that random cells will implement as wellthe number of the required
random cells. This is illustrated in this paper.

Connectionist expert systems provide explanatidiwiahow outputs-conclusions
are reached. Explanation is given in the form ethdn rules (Gallant 1993).
Conditions and conclusions of explanation rules éx@v include variables pertaining
to random cells and are therefore meaningless. fdwgrule-based explanation
mechanism is discussed in (Prentzas & Hatzilygaso@012b). Explanation rules
provided by the neurule-based explanation mechaissnmore natural since their
conditions and conclusions involve only domain @pts. Experimental results also
show that the neurule-based explanation mechaniswides less explanation rules
compared to the corresponding explanation mechansgd in connectionist expert
systems. Explanation aspects are not discussédsipdper.

In (Hatzilygeroudis & Prentzas 2010) the neurulsdmhinference mechanism is
compared with the inference mechanism used in adiomést expert systems.
Experimental results have shown that the neurusedbanference is more efficient.
The neurule bases and the equivalent connectitmistviedge bases used in the
experiments were constructed from datasets. Atlderance aspects are not discussed
in this paper.

2.2 Rulemerging

Rule merging aspects have been presented in vaappsaches, but in different

contexts. In the context of rule extraction fronuraé networks and rule learning from
datasets (Hadzic & Dillon 2008), rule merging i®dido create more general rules
and reduce the total number of produced ruleshéndontext of fuzzy and neuro-

fuzzy systems, merging, along with other operatiomscerning fuzzy sets and rules,
is applied for different reasons especially in edigen fuzzy models. First, in cases
that fuzzy models are extracted from large datasatsaction is partially performed

(i.e. for subsets of data) and then a merging mods applied (Siminski 2011).

Second, fuzzy rule merging, simplification and tiele may be applied when there is
a need for model simplification and rule base réduc(Siminski 2011; Riid &
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Rustern 2011). Third, in evolving fuzzy systems thcremental manner of learning
may yield overlapping, redundant, unimportant ams$otete fuzzy sets and rules
(Lughofer 2011). Operations such as merging, siicption and deletion of fuzzy
sets and rules handle such issues. With mergintpeimbove contexts, multiple rules
are merged into one. So, merging in the aforemeatiocontexts does not involve
conversion of symbolic rules to another formalism.

Our approach lies in a neuro-symbolic context fhrawides integrated inference,
involves available symbolic rules elicited from exs or produced from datasets and
reduces rule base size through conversion to anvagot and more compact
formalism by merging symbolic rules.

3. Neurules

3.1 Syntax and Semantics

Neurules are a kind of integrated rules. The fofra peurule is depicted in Figure la.
Each condition Cis assigned a number,stalled itssignificance factar Moreover,
each rule itself is assigned a number sélled its bias factor. Internally, each neurule
is considered as an adaline unit (Figurelb). Tpatsa1G (i=1,...,n) of the unit are the
conditions of the rule. The weights of the unit #ine significance factors of the
neurule and its bias is the bias factor of the weurEach input takes one of the
following discrete values: [1(true), -1(false), Gkmown)].

The output D, which represents the conclusion ef e, is calculated via the
standard formulas:

D= f(zi),Zizsf()+Zn:sfiCi (1)
i=1
1 if a>0
f(a):{—lif a<0 @)

wherea is theactivation valueandf(x) the activation function which is a threshold
function. Hence, the output can take one of twaiesl(*-1’, ‘1) representing failure
and success of the rule respectively. The sigmieafactor of a condition represents
the significance (weight) of the condition in dragithe conclusion. The LMS
learning algorithm is used to compute the valuethefsignificance factors as well as
the bias factor of a neurule. Examples of neuratesshown in Tables 2 and 4.

The general syntax of a neurule (in a BNF notatiwhere ‘< >’ denotes non-
terminal symbols) is:

<rule>::= (<bias-factor>jf <conditions>then <conclusion>
<conditions>::= <condition> | <condition>,<condit&>

<condition>::= <variable> <I-predicate> <value> igrsficance-factor>)
<conclusion>::= <variable> <r-predicate> <value> .

where <variable> denotesvariable that is a symbol representing a concept in the
domain, e.g. ‘gender’, ‘pain’ etc in a medical damand <I|-predicate> denotes a
symbolic or a numeric predicate. The symbolic prats are {is, isnot}, whereas the
numeric predicates are {<, >, =}. <r-predicate> aaly be a symbolic predicate.
<value> denotes a value; it can be a symbol (emgle”, “night-pain”) or a number
(e.g “5"). <bias-factor> and <significance-factare (real) numbers.

Let us consider a finite set dbmainvariablesV = {Vi}, 1<i <m, which represent
the concepts of the problem domain involved in mgknferences. Each variabig
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can take values from a (corresponding) set of eiscvalues » ={v;}, 1<j < k. We
distinguish three types of variables:
e input or askable variablesthat is variables for which the user will be
prompted to give a value during inference,
e intermediate or inferable variablethat is variables constituting intermediate
goals of the inference process,
e output or goal variablesthat is variables constituting the (final) goalstioé
inference process.

We also distinguish betweenput, intermediateand output neurules An input
neurule is a neurule having only input variablegtsnconditions and intermediate or
output variables in its conclusions. An intermegliakurule is a neurule having at
least one intermediate variable in its conditiomsl antermediate variables in its
conclusions. An output neurule is one having apwiNariable in its conclusion.

We use the following notation and definitions faneuruleR.

 ng :the number of conditions 6.

o sf%: the bias factor oR.

o C:thei condition ofR,, (C% =“V.Ris v7”)
o Ve the variable involved irc

e v the value involved irc™ .

o sff: the significance factor of .

o DR the conclusion oRy, (D™ =V ¥is vi”)
o V¥ the variable involved i .

e vi:the value involved iD™ .

. VCFik . the variable involved in conditio@ of R..

o vargRy): the set of variables involved R, i.e.
vargR) = {V,%, V¥, ., VR VL

R( )
e condgRy): the set of conditions @, i.e.
condR) = {C, I<i < ng }-

3.2 Neurule-Based System Ar chitecture

In Figure 2, the architecture of a neurule-basestesy is illustrated. The run-time
system (in the dashed rectangle) consists of famduies: theneurule base (NRB)he
hybrid inference engingheworking memoryand theexplanation mechanisnThese
modules are more or less functionally similar tosth of a conventional rule-based
system.

The neurule base contains neurules alongside cearfmrmation concerning their
source knowledge (e.g. symbolic rules). The hyldnterence engine performs
inferences by taking into account the data in tleeking memory and the neurules in
neurule base. The working memory contdms assertionsither given by the user
(as initial input data or during an inference ce)yor produced by the system, as
intermediate or final conclusions during an infeercourse. The contents of the
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neurule base are produced fronsyanbolic rule basdy applying theconversion
mechanism

4. Merging Symbolic Rulesinto Neurules

One way of producing a neurule base (NRB) is byweasion from a (propositional
type) symbolic rule base (SRB). A symbolic rule sists of a conjunction of
conditions and a conclusion. Examples of symbalies are shown in Tables 1 and 5
where *” (as already mentioned) denotes conjuncti&kxisting SRBs (of
propositional type) can be easily transformed amoSRB of the above syntax and
then converted to an NRB. An SRB may be the refulirect knowledge elicitation
from experts or the product of an automated knogéedcquisition method. In this
way, existing SRBs can be exploited for the proidncdf neurules.

4.1 Conversion Algorithm

The conversion of an SRB to an NRB is achieved pglyang the conversion
algorithm presented in (Hatzilygeroudis and Prent2800). Application of the
conversion algorithm does not result in a refinenwérthe converted SRB. It creates
an equivalent knowledge base (NRB) whose size §s than that of SRB. The
conversion algorithm tries to merge all symbolitesuhaving the same conclusion
into one neurule. However, this is not always gassidue to non-linearity problems,
as explained later in this section. In any casehgaoduced neurule usually is the
result of merging two or more symbolic rules.

To be able to construct a neurule base from aniegisymbolic rule base, we need
two types of data: (a) a set of domain variabla#) their possible values and (b) a
symbolic rule base.

We introduce the following definitions (symbef{ ‘stands for ‘identical’):

Definition 1. Two conditionsC; andC; arerelatedif Vi=V,.

Definition 2. A set of symbolic rules MS={R Ry,..., Ry}, m>1 is called a
merger setf DR = DN V i#, 1<i<m, Ij<m.

Definition 3. A non-merging rule is a symbolic rule with a uregeonclusion in
the SRB.

Definition 4. The closeness (R-closeness) between two symhuéis R,, R is
defined as follows: R-closenes® Rj): > s(C,ch)  where

1,C=C"

S(C,GY) = 1
0,otherwise

Theconversion algorithnis outlined as follows.

Input:
(a) A set of domain variables V and correspondialye sets p, VieV,

© Wiley-Blackwell 7



Published in Expert Systems, Vol. 32, No. 2, ppl-260, 2015.

(b) Information concerning groups of rule condisahat due to pragmatic reasons

cannot be simultaneously true or false,

(c) A symbolic rule base (SRB)

Output:
A set of neurules (NRB)
Body
1. Group symbolic rules into (initial) merger sets.
2. For each merger set,
2.1 Construct a merger
2.2 Produce a training set for the merger
2.3 Train the merger individually
2.4 If training is successful, produce the corresgiag neurule.
2.5 Otherwise, split the merger set into two digjosubsets and execute
recursively Steps 2.1-2.5 for each subset.

The initial merger sets contain all rules of theBSfkaving the same conclusion. A
merger is a neurule having as conditions all theditens of the symbolic rules in the
corresponding merger set without duplications agdicance factors as well as bias
factor set to a proper initial value. For each reerg training set is extracted from the
truth table of the combined logical function of thees in the set (the disjunction of
the conjunctions of the conditions of each rule).

Definition 5. The output of the combined logical function of gynbolic rules
in a merger set MS={RR;,..., Ry}, m>1 is produced as follows:

F :(ClRl /\C2Fei /\.../\C%)V(sz /\C2Rz /\.../\Crfzz)...v(clRm /\CZR’" /\.../\Cri‘r‘n)

From the training set, extracted from the truthlgabf the combined logical
function, unacceptable training patterns are elat@d since certain conditions cannot
be simultaneously true or false (Hatzilygeroudid Bnentzas 2000).

So, the steps of the conversion algorithm can laé/aed as follows.

1. For each distincb™ in SRB
1.1 LetMS={R;: DR=D® | 1<i<m}

2. For eaciMS
2.1 Condd(1S)=cond¢R;) U condgR,) U ... U condg$Ry)
2.2 Construct a mergef; with

DY = DR
condgR) = {* ¢ (0)": ¢V eCondsMS)}
2.3 Produce an initial training set fr mergerkR;, consisting oh patterns
that arelns +1)-tuples:
Sc={t}h =<, v, v > Isisn

where eachv} corresponds tec’ and vi'fj corresponds tap® .

Also, V¢ « 1, if F[\/E,vikz,...,vikm ):true, otherwise/ « -1.

]

2.4 Filter any patternf: 3 (v, )= (11) andvy' =v¢'

© Wiley-Blackwell 8



Published in Expert Systems, Vol. 32, No. 2, ppl-260, 2015.

2.5 Filter any pattern t¢: 3 (v",v-" ...,vi'f):(—l—l...,—l) and

i 1
I Im

R, R R R R R
N = and sy =4 A oo

2.6 Filter any pattermik that is invalid due to pragmatic reasons

Each merger is individually trained using the sedd.MS algorithm. Training of
a merger may not be always successful meaningitticaihnot always find a set of
significance and bias factors that classify cotyeatl of the training patterns. This
happens, if the patterns of the training set aseparable (as in the case of the
patterns corresponding to the XOR function). Whaming fails, the merger set is
split into disjoint subsets producing more than ameurule having the same
conclusion. More specifically, splitting a mergesulf)set is guided by é&ast
closeness paifLCP) of symbolic rules (chosen based on a styatefythe merger set.
An LCP of rules in a merger set is a pair of rulest have the minimum R-closeness.
We give the definition of an LCP of symbolic ruieghe following.

Definition 6. A least closeness paltCP, of the merger set of symbolic rules
MS={R1, Ry,..., Rn}, m>2 is a pair of symbolic rules that have the minimRm
closeness:
LCR, ={(Ri, R): i#, Ri, ReMS A Vk, VI, k#,
R« ReMS = R-closeness(RR)<R-closeness(RR)}

So, in case of inseparability, two merger subsedsceeated each containing as its
initial element one of the rules of the LCP, caliedpivot. Each of the other rules in
the set is distributed between the two subsetsdbaseheir closeness to their pivots.
That is, each subset contains rules, which areeckosits pivot. If training fails, for a
merger of a merger subset, the corresponding subdatther split into two other
subsets, based on one of its LCPs. This continuetl, training succeeds or the
merger subset contains only one rule. This kind spfitting stems from the
observation that separable sets have rules witheldaaverage closeness than
inseparable ones.

In the following, we give the rest steps of the ansion algorithm involving
training and splitting.

2.7 TrainR; using the LMS algorithm with,&s the training set.

2.8 If training is successful dvi§|=1, produceR; with the calculatedst,™ and
stop (success).

2.9 Find an LCP= (Ru, Re).

2.10 SplitMS into MS!' and MS?, such that Re MS!, Ree MS?andVRne MS!,
VReMS?, R-closeness(R Re) < R-closeness(R R«a) and R-closeness(R
Rk2) > R-closeness(RRx).

2.11 Apply steps 2.1 to 2.11 fS = MS' andMS = MS? separately.

4.2 Conversion Example

We present an example of applying the conversigardhm. We use the merger set
shown in Table 1 that consists of four symbolies{R;, R, Rs;, Rs} taken from a
medical diagnosis rule base. The domain variabtegamed in the conditions of
those rules take values from the following discrets: Saienc{human0-20,
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human21-35, human36-55, human56}s.s{no-fever, low, medium, high},
Spair={night, continuous}, Snt-reactior{low, medium, high}.

The merger of this merger set (shown in Table 2)taias the nine distinct
conditions of the four rules. The training setlod merger is extracted from the truth
table of the combined logical function of the rutdsthe merger set: F = (G C, A
C) V(ICLACIACLAGCS vV (CsnCraCy) v (C A Csa Cy), where G=patient is
humanO0-20, g=fever is high, G=pain is night, G=fever is no-fever, &ant-reaction
is medium, G=patient is human21-35,/Efever is medium, gpain is continuous,
Co=patient is human36-55.

Table 3 depicts certain patterns correspondincghéottuth table of the combined
logical function after having eliminated invalidtfgns.

Patterns with the following characteristics arengtiated as invalid:

e Atleast two of the columny/, v v,i} corresponding to conditions; @ and
Cy are simultaneously true.

e At least two of the column I'Zv,iv,'j} corresponding to conditions,CCy
and G are simultaneously true.

e Columns {v,';v,';} corresponding to conditions;@nd G are simultaneously

true.
e Columns {v,';v,';} corresponding to conditions;@nd G are simultaneously

false (since si={night, continuous}).

The training patterns of the training set are iasaple and the initial merger set is
split in two subsets: MS{R i, R;, Ry} and MS={R3}. The LCP that guides splitting
is (R1, Rs). Notice that R-closeness(RR;) > R-closeness(RR,) and R-closeness(R
R4) > R-closeness(RRy).

The merger of M§contains the six distinct conditions of the threles Gi=patient
is human0-20, G=fever is high, Gs=pain is night, G.=fever is no-fever, g=ant-
reaction is medium, {g=patient is human36-55. The training set of the meig
extracted from the truth table of the combined dagifunction of the rules of the
merger set: F= (ﬁ/\ Cion C13) \% (Cll A CizAn Cuu A C15) \% (C12 A Ciza C16).

Training of the merger of MSis successful and neurule NR»>-R, is produced.
Rule R is converted to a neurule (i.e. RS0, from the initial merger set of four
symbolic rules, two neurules are produced. Taldepicts the produced neurules.

Table 5 depicts in the form of a matrix the cormsting connectionist knowledge
base constructed from the training set extractenh ftne truth table of the combined
logical function of the rules of the merger setwwhdn Table 1. The connectionist
knowledge base contains two random cells. Accordinghe instructions given in
(Gallant 1993), input nodes are connected to batidlam cells and the output node.
Symbols ‘UA’ and ‘uB’ are used, as in (Gallant 199® represent the two random
cells. Figure 3 graphically depicts the connecsbnetwork. Corresponding neurules,
shown in Table 4, are more natural as they involvg domain concepts and have a
propositional form. The construction of neuruleguieed much less effort than the
construction of the connectionist network. We trigml construct connectionist
networks with a different number of random cellsoier to find a structure that
would classify all training examples. More spedflg, we tried to construct
connectionist networks with three to ten randonisceut without success. Only a
network with two random cells was able to succdlystlassify all training examples.
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5. Alternative Splitting M ethods

In the conversion process described in the preveaatsions, splitting a merger set
into two disjoint subsets was guided by LCPs. Haveualternative splitting methods
may be employed. A splitting method regards impletaitgon of steps 2.9-2.10 of the
conversion algorithm. In this section, we presemtain alternative splitting methods.

5.1 Splitting M ethod based on 2-Medoids

The first alternative splitting method is basedtba k-medoids algorithm and more
specifically on the 2-medoids algorithm. The k-miédoalgorithm is a clustering
algorithm related to the k-means algorithm. Botjoathms partition a set of objects
into k clusters. This is done by attempting to ma@xe the closeness (or minimize the
distance) between objects assigned to a clustethendenter of the specific cluster.
The value of parameter k (i.e. the number of chg$tes known a priori. The main
difference between the k-means and the k-medogisritim is related to the way
they select the centers of clusters. The k-meagaritim computes the means of
clusters and assigns them as their centers. Thedoias algorithm selects centers
that are actual objects of the set. These centersatied medoids.

According to the most common realization of k-medoii.e. the Partitioning
Around Medoids algorithm, Theodoridis & Koutroumi2@08), initially k objects in
the set are selected as medoids and corresponuiiti@ iclusters are formed by
assigning each object in the set to the closesbme&ach medoid is then swapped
with each non-medoid object and the total sum adehess to medoids for all objects
in clusters is computed. Medoids maximizing thaltsum of closeness are selected
and objects are clustered accordingly. This isatggeuntil there is no change in the
medoids.

We experimented with a variation of the 2-medoilge@hm for two main reasons:
(a) the rules in a merger set may contain an udaguaber of conditions meaning
that they may involve different variables and {{® 2-medoids algorithm is relevant
to the splitting process guided by an LCP in whigkes are organized (or clustered)
into subsets having as centers actual objectsies) of the set.

In our case, we employed the 2-medoids algorithith@wvalue of k was not known
a priori. More specifically, in case a merger sahrot be converted into a single
neurule, splitting of the merger set into two subse performed according to the 2-
medoids algorithm. Only step 2.10 of the convergioocess mainly changes. The
other steps remain as before with a minor changtejp 2.9. More specifically, steps
2.9 and 2.10 of the conversion process becomellasvéo Find an LCP p= (Ru,
Riz).

2.9 Let rules R and R. be the initial medoids.
2.10 SplitMS in two subsets as follows:
2.10.1 SplitMS into MS' and MS?, such that Re MS', Ree MS?and

VRne MS', VRe MS?, R-closeness(R Re) < R-closeness(R R«) and R-

closeness(R Re) > R-closeness(RRq).

2.10.2 Computeslose_sum= Z maxqR - closenes®R,, R, ), R— closenes®R,, R, )],
RneMS

Rri#Ria and R#Rio

2.10.3 For each e MS§
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Compute close_sum= z ma><[R —closenes®,, Rpl), R-closenesR,,, sz)] :

R,eMS,
Rp1#Rk1, Roi#Rk2, Ri#Rp1 andRn#Rie

2.10.4 For each ze MS

Compute close_sum= Z maxR - closenes®R,, Ry ), R— closenesR ., sz)] :

Rn,eMS
Ro#Rk1, Ro#Rk2, Ri#Rp2 and R#Ri
2.10.5 Select the pair (R Re), (R, Re) or (Ra, Ry2), Rne MS, Rpe MS
having the maximum close_sum. Let (&, Rned) be this pair where Ra e
MS and Reee MS.
2.10.6 If (Rned, Rme@) # (R, Re), repeat steps 2.10.1-2.10.6 forFRmea
and R=Rmee

The two initial medoids could be the members of lt# that would have guided
splitting, if splitting was performed purely based the LCP. In section 6, we also
experimented with members of maxsum pair (see atlg section) as initial
medoids.

5.2 Splitting M ethod based on Maxsum Pair

The second alternative splitting method is notpetiéive process as the one based on
2-medoids. More specifically, the rulg;Raving the maximum average closeness to
the other rules iMS is found. Then a rule Rin MS that is not very close topRis
chosen and splitting is guided by the paip(RR,2) mentioned as ‘maxsum pair’ in
the following. So steps 2.9 - 2.10 of the converstgorithm become as follows:

2.9 Let R1 € MS be the rule having the maximum average closenesiseto
other rules irMS.
2.10.1 Let s, = {Ri € MS: R-closeness(R Ry) < min(|conds(R|,

|conds(Ry)]) — 3}
2.10.2 If S, = a, let S {Ri € MS: R-closeness(RR,1) = min(jconds(R],

lconds(Ry)]) - 2}.
2.10.3 Find the rule R e s; having the maximum average closeness to the
other rules irMS.

2.10.4 SplitMS into mMs' and MS?, such that ReMsS', RypeMs?and
VRme MS', VRie MS?, R-closeness(R Ry2) < R-closeness(® Rx) and R-
closeness(R Ry) > R-closeness(RRy).

6. Mergability Aspects

6.1 Mergability Criteria

An aspect of interest in the above process condgetirgluction of criteria concerning
the ‘mergability’ of a merger set that is, deteringhwhether a merger set can (or
cannot) be converted (or merged) into a single ulepywithout using training. By
determining in advance whether a merger set cabrotonverted into a single
neurule, training of the corresponding merger cammitted. In such cases, splitting
could be directly performed, without training theengers. So, the time required to
convert a symbolic rule base into a neurule baseldvalecrease, since certain
trainings would be omitted.
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In the above example (rules of Table 1), threeningis concerning the mergers of
the merger (sub)sets {RR;, Rs, R4}, {R 1, Rz, Re} and {R3} were performed. Two of
the trainings, those corresponding to merger sabgef, R, Ry} and {Rs}, were
successful and resulted in the production of nestuBy avoiding the training
corresponding to merger set {RR,, Rs, Ry} and simply splitting the set to subsets
{R1, Ry, R4} and {R3}, conversion would have taken less time.

Besides conversion time gains, determining wheshererger set can be converted
into a single neurule is of general interest frone@resentational point of view. More
specifically, it would be interesting to determicréteria of whether a set of symbolic
rules can (or cannot) be converted into a singjejvalent but more efficient neuro-
symbolic rule. This is attempted in the following.

A merger corresponding to a merger set containisgngle symbolic rule can be
successfully trained, since its training set cqroesls to a conjunction, and represents
a separable set. So, the interest goes to mertgecaataining at least two symbolic
rules. It should be mentioned that the rules ineagar set may contain an unequal
number of conditions. We define criteria guidednirexperimental results. The
criteria are based on R-closeness of rule paies mmerger set. In certain criteria, we
distinguish between merger sets with rules thatatorrelated conditions and merger
sets with rules that do not contain related coad#i Some criteria apply to both types
of merger sets. Examples regarding specific mesger are also given for the defined
criteria. The defined criteria involve merger sef$h rules containing at least two
conditions.

It should be mentioned that in order to be ablenerge a set of rules into a single
neurule, corresponding rules should have certaimneon conditions. More
specifically, a pair of symbolic rules without ampmmon condition cannot be
merged into a single neurule. Therefore, merges s@ttaining one or more pairs of
such rules cannot be converted into a single neu&d, we introduce the following
criterion:

Mergability criterion 1. A merger set MS={R R,,...,Ry}, m>2, |conds(R|>2
YR eMS, cannot be converted to a single neurul€ (R, R, R,RceMS with
R-closeness(RR)=0, 1<i<m, 1<k<m, k.

Criterion 1 is satisfied by the merger set;{R,, Rs, R4} of the rules in Table 1,
given that R-closeness{jR3)=0, R-closeness@Rz)=0 and R-closeness{R;)=0.
Therefore, this merger set cannot be convertedarsingle neurule.

According to criterion 1, a requirement that a neerset MS={R, Ry,...,Ry}, m>2
should satisfy so that it could be converted ingirgle neurule is the satisfaction of
the condition: R-closeness(RR)>0 V i#k, 1<i<m, 1<k<m. In order to identify
specific positive values for R-closeness of rulegpe a merger set that might have
an effect on its mergability, we conducted a nundieexperiments. We started with
merger sets containing only two rules and thengtigated merger sets with at least
three rules.

We noticed that any merger set MS=z{fR,} with only two rules can be converted
into a single neurule if R-closenesg(R;)=min(|conds(R)|, |conds(R]|) — 1. We also
noticed that any merger set MS={RR;,,...,Ry}, m>2 can be converted into a single
neurule if the merger set of each pair,{R} can be converted to a single neuruie,
i#k, 1<i<m, I<k<m. As explained in the following, this condition lsss strict for
merger sets with rules that have related conditibiasvever, merger sets whose rules
do not have any related conditions can be conventeda single neurule only the
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merger set of each pair of rules can itself be eaed into a single neurule.
Therefore, we introduce the following criterion:

Mergability criterion 2. A merger set MS={R R,,...,Rn}, m>2, |conds(R|>2
YR eMS,whose rules do not have any related conditicars be converted into
a single neurule only iR-closeness{RR:) = min(Jconds(R|, |conds(R)|) — 1,
Vizk, 1<i<m, 1<k<m.

For instance, this second criterion is satisfiedh®/merger set {R R, Rs, Ry} of
rules in Table 6. So, the merger set can be cosdento a single neurule (shown in
Table 7). Notice that those four symbolic rulesndd have related conditions.

As mentioned, a merger set MS5{RR,,...,Rn}, m>2 whose rules have related
conditions can be converted into a single neurweneif R-closeness({fR) <
min(Jconds(R|, |conds(R)|) — 1 for some rules |RRy, i#k, 1<i<m, 1<k<m. This
happens because certain training patterns arededlitom the merger’s training set
as invalid.

So, criterion 2 for mergers with rules having rethtonditions becomes as follows:

Mergability criterion 2A. A merger set MS={R R,,...,R}, m>2, |conds(R|>2
YR eMS, containing rules having related conditions daa converted into a
single neurule_ifR-closeness{fR) = min(Jconds(R|, |conds(R)|) — 1, V' i#k,
1<i<m, I<k<m.

Furthermore, experiments showed that a merger @ghining rules with related
conditions, with most pairs of rules 4R R) having R-closeness{R
Rj)=min(Jconds(R)|, |conds(R|) — 1 and with certain pairs of rules;(R¢) having R-
closeness(R RJ)=min(Jconds(R|, |conds(R)|) — 2 can be converted into a single
neurule. So, we introduce the following two crigeri

Mergability criterion 3. A merger set MS={R R,,...,Rq}, m>2, |conds(R|>3
YR eMS, containing rules having related conditions aainbe converted to a
single neurule if the following is satisfied:

AR,R), R,ReMS with R-closeness(R)< min(jconds(R|, |conds(R)|) — 2,
1<i<m, Ik<m, izk.

Mergability criterion 4. A merger set MS={RR,,...,R}, m>2, |conds(R|>3
YR eMS, containing rules having related conditions, mainbe converted into a
single neurule if the following are satisfied:

i) YR,R«eMS, R-closeness(RR) > min(Jconds(R|, |conds(R)|) — 2, Ki<m,
1<k<m, ik and

i) |Spil<|Sp2, where &={(Ri, RJ): R, ReMS, R-closeness(R
R)=min(Jconds(R)|, |conds(R)|)-1, 1<i<m, kk<m, ik} and $={(Ri, R): R,
RceMS, R-closeness=min(Jcondg(R|conds(R)|) — 2, Ki<m, I<k<m, ik}.

It should be mentioned that in case of merger sats rules having related
conditions, the first criterion is subsumed by thied criterion. In the following, we
give examples for the third and fourth criterion.

The third criterion is satisfied by the merger{&®t, R,, Rs, Rq} of rules in Table 1.
So, this merger set cannot be converted into desimepurule.

Furthermore, by the merger subset {R,, R4} neither third nor fourth criterion is
satisfied. More specifically, condition (i) of tiieurth criterion is satisfied. However,
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Sr1 = {(R1, Ro), (R, Ry)} and S, = {(R2, Ra)}, SO |S1| > |$2], since [&|=2 and
|S-2|=1. Thus, mergability criteria cannot give indioat that the merger set cannot
be converted into a single neurule. Indeed, af@@nihg, neurule NRR>-R4 (shown

in Table 2) is produced.

6.2 Conversion Process Benefits

By checking the satisfaction of the mergabilitytetia, the conversion algorithm is
improved, given that certain (unnecessary) traireffigrt may be omitted. This is
based on the indications about merger sets proogidle mergability criteria, which
are the following:

(&) A merger set can be converted into a singleubeysatisfaction of the second
criterion).

(b) A merger set cannot be converted into a singlerule (satisfaction of the third or
fourth criterion for merger sets which contain suleaving related conditions and
all rules have at least three conditions and; sgamiterion is not satisfied for
merger sets which contain rules not having relatmttitions; satisfaction of first
criterion for merger sets containing certain ruéth two conditions).

(c) There is no indication that a merger set wheomtains rules having related
conditions cannot be converted into a single neuirst, third and fourth
criterion are not satisfied).

So, the conversion process has been revised toimaeaccount the indications

provided by the mergability criteria. This is ddmeembedding the following steps:

1.1f the second criterion is satisfied by the neerget, then the merger set can be
converted to a single neurule.

2.Else if the rules in the merger set have notedlaonditions, then the merger set
cannot be converted to a single neurule.

3. Else if the rules in the merger set have at lsas conditions and the first criterion
Is satisfied, then the merger set cannot be coedé¢ot a single neurule.

4.Else if the rules in the merger set have relateditions and all rules have at least
three conditions and the third criterion is sagidfithen the merger set cannot be
converted to a single neurule.

5.Else if the rules in the merger set have relatedditions and all rules have at least
three conditions and the fourth criterion is sa&bf then the merger set cannot be
converted to a single neurule.

6.Else if none of the above is satisfied, thenrghs no indication from the
mergability criteria that the specific merger sahmot be converted to a single
neurule.

7. Experimental Results

In this section, experimental results are preseritbedy refer to the following:

e Neurule bases are compared with corresponding ctionest knowledge
bases.

e The splitting method based on LCPs is compared Wiehtwo alternative
approaches: the splitting method based on 2-medwidghe splitting method
based on maxsum pair.

e The improvement to the conversion process from yapglthe introduced
mergability criteria.

The conversion process involving splitting methadsl mergability criteria was
implemented in C using MS Visual Studio (Expres#i&a). The experiments were
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run on a computer having a Core(TM)2 Duo CPU, 4 M and MS Windows 7
installed.

Prior to the presentation of the experimental tesulve briefly discuss the
characteristics of the rule bases used in the ewpats and involved problem
domains.

7.1 Rule Base Characteristics used in Experiments

The conversion process was applied to five symbalie bases. Three of the
symbolic rule bases were elicited from domain etpend the other two were
artificially constructed. Two of the rule basexigéid from experts, denoted hereafter
by RB1 and RB2, concern medical diagnosis. Thedtlnne, denoted by RBS3,
concerns a banking domain (i.e. credit scoringk filles in the ensuing merger sets
had related conditions. We briefly outline aspeetated to the medical and banking
rule bases-domains. We also outline aspects refatida two artificial rule bases.

RB1 and RB2 contain sixty-eight (68) and one-huddherty (130) symbolic rules
respectively. They concern bone disease diagnd$idzi{ygeroudis et al. 1997).
Rules in RB1 involve fourteen input variables (gender, age, pain, fever, antinflam-
reaction, joints-pain, injury-history, lesion-reggy PSA, PSA-value, menopause,
bone-density-measure, bone-density-increase andsitgestevated-values), an
intermediate variable (i.e. patient-class) and atput variable (i.e. disease). The
intermediate variable takes twelve (12) discretkie® whereas the output variable
takes sixteen (16) discrete values. Rules in RB®lue five input variables (i.e.
arterial-concentration,  capillary-concentration, nees-concentration,  blood-
concentration, scan-concentration) and an outpuable (i.e. disease). The output
variable takes fifty-nine (59) discrete values. Fofl the input variables take four
discrete values and one input variable takes fiserete values.

The banking domain concerns a type of credit sgori@redit scoring is an
important task in times of financial crisis andaiprocess rating the creditworthiness
of persons, corporations, banks, financial ingotg and countries (Chuang & Huang
2011; Sreekantha & Kulkarni 2012). An importantextpn credit scoring concerns
evaluation of loan applications. Lenders use creditring methods to evaluate loan
applications and discriminate between risky oned thay result to financial losses
and promising ones that are likely to bring in mawe The specific rule base we
experimented with concerns assessment of bankdpphcants (Hatzilygeroudis &
Prentzas 2011b). In (Hatzilygeroudis & Prentzas1®)lwe present in detail the
design, implementation and evaluation of two separdelligent systems that assess
bank loan applications, a fuzzy and a neuro-syrobekpert system. The former
employs fuzzy rules based on knowledge elicitechfexperts. The domain concerns
five input variables (i.e. net annual income, ollefmancial status, number of
depending children, age, social status), two ingeliate variables (i.e. applicant and
warrantor assessment) and an output variableoerall applicant assessment). All
variables take discrete values. We used one hurairddseventy three (173) of the
constructed rules in our experiments and in thevexsion process we assumed that
values are non-fuzzy.

The fourth rule base, denoted by RB4, consistbafgymbolic rules. RB4 involves
seven variables, six input and one output. The wWuyariable takes four discrete
values. Four of the input variables take four diservalues and two input variables
take three discrete values.

The fifth rule base, denoted by RB5, consists &238ymbolic rules. RB5 involves
nine variables, eight input and one output. Thalinf@riables take from two to five
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discrete values. More specifically, one input Vialeatakes two discrete values, four
input variables take three discrete values, twatimariables take four discrete values
and one input variable takes five values. The dutmriable takes four discrete
values.

Table 8 summarizes characteristics of the symbnlie bases (SRBs). Non-
merging symbolic rules are the ones having a un@prelusion and thus cannot be
merged with any other symbolic rule. The numbemndfal merger sets corresponds
to the number of different conclusions in the rdese.

7.2 Experimental Results Concer ning Connectionist Expert Systems

Experiments were conducted involving connectionestpert systems. More
specifically, we constructed three connectionisbwdedge bases according to the
guidelines described in (Gallant 1993) and using ttependency information
provided by the rules in RB1, RB2 and RB3 and théing sets used to train the
initial merger sets. Compared to equivalent neupalees, disadvantages mentioned in
previous sections of this paper and in previouskvadithe authors also apply to these
three connectionist knowledge bases. For examplehmore effort was required to
construct the three connectionist knowledge basegpared to the three equivalent
neurule bases. At least three working days wereuimed, to construct the
connectionist knowledge bases, as the overall ogigin process is neither
straightforward nor automated. The constructioneath connectionist knowledge
base, involved construction of partial networksresponding to the initial merger
sets. Obviously extra work was required for initrakrger sets with inseparable
training examples. The combined partial networksmied each connectionist
knowledge base. Table 9 depicts aspects involvirgg donstructed connectionist
knowledge bases. The terms ‘CKB-RB1’, ‘CKB-RB2’ aitkKB-RB3’ in the table
stand for connectionist knowledge bases construdtech RB1, RB2, RBS3,
respectively. The table depicts the total numbeintdrmediate and output nodes of
the connectionist knowledge bases. In parenthésesiumber of random cells of the
connectionist knowledge bases is shown. The tdbtedepicts for each connectionist
knowledge base, the number of partial networks tiet to be constructed and
combined to form the connectionist knowledge b#&sgarentheses, the number of
initial merger sets with inseparable training exdaps also depicted.

The computational cost of the neurule-based inferenechanism and the inference
mechanism used in connectionist expert systems basn compared in
(Hatzilygeroudis & Prentzas 2010). As shown in @ilggeroudis & Prentzas 2010),
the inference mechanism in (Ghalwash 1998) perfobeiter than the inference
mechanism in (Gallant 1993) in terms of computatiaost. The computational time
required by the inference mechanism in (Ghalwa$8)1%r CKB-RB1, CKB-RB2
and CKB-RB3 is roughly 1.50, 2.50 and 2.64 timesatgr than the computational
time required by the neurule-based inference mashmrior the corresponding
neurule bases.

7.3 Experimental Results Concer ning the Alter native Splitting M ethods

Experiments were also conducted for comparing tfierdnt approaches to splitting

in the conversion process. Comparison is madermstef the number of produced
neurules. Two variations of the conversion prodessed on 2-medoids splitting were
implemented. The one used LCP members as initidbmds, whereas the other used
members of the maxsum pair. Table 10 presentsdiiesponding results for the five

rule bases, RB1, RB2, RB3, RB4 and RB5.
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Results demonstrate that the splitting method basetie members of the maxsum
pair generally performs worse than the other meth&dirthermore, the 2-medoids
splitting performs better when the medoids arealmted to LCP members instead of
members of maxsum pairs. The 2-medoids splittingp whe medoids initialized to
LCP members seems to perform better than pure lgliRirgy in most cases. Pure
LCP splitting may perform better than the 2-medosditting with the medoids
initialized to members of maxsum pairs in certaaises. So, it seems worth trying
pure LCP splitting and the 2-medoids splitting noektwith medoids initialized to
LCP members when converting a symbolic rule baserteurule base.

7.4 Experimental Results Concerning the Mergability Criteria

Experiments were finally conducted to demonstrate improvement in the
conversion process by applying the mergabilityecidt. More specifically, the criteria
were applied to indicate whether a merger set dam@@onverted to a single neurule
and omit training effort. The conversion process &pplied to the five symbolic rule
bases. The rules in the ensuing merger sets hatkdetonditions. We applied the
first, third and fourth criteria (in this order) save useless trainings. We could have
avoided applying the first criterion, given thatstsubsumed by the third one, but we
wanted to record the percentage of merger set\sag it.

Tables 11-14 summarize characteristics of thelvabes and the conversion process
for each of the alternative splitting methods. Mepeecifically, Table 11 provides
results for RB1 and RB2, Table 12 provides redoit&RB3, Table 13 provides results
for RB4 and Table 14 provides results for RB5. Tables depict separately the
number of non-merging symbolic rules and the nuntdfemerger sets that (after
splitting) have a single rule. The number of pragtuaeurules is the sum of the
number of non-merging rules, the number of mergés baving a single rule and the
number of total merger trainings subtracting thenber of merger trainings that
would have failed (not producing neurules). Ent8y(4/3/1)” in the last row means
on the one hand that in total the criteria indigat eight trainings would have failed
and on the other hand, four, three and one of thraseings were indicated by the
first, third and fourth criterion respectively. Bapplying the defined criteria, the
merger trainings that would have failed are ingidaand thus omitted. By applying
the criteria in the conversion of RB1, RB2, RB3,&R&)d RB5 roughly 27-33%, 55-
57%, 50-52%, 50% and 59-64% of trainings respelgtimee omitted (not taking into
account merger sets having a single rule). Allhef three criteria are useful in the
conversions of RB1, RB2 and RB3. In the conversioh&B4 and RB5the first
criterion was not applicable as in every initialrger set each rule had at least one
common condition with any other rule.

8. Conclusion

In this paper, we discuss issues concerning theersion (i.e. merging) process of
symbolic rules to neurules, a type of integratedroesymbolic rules. The conversion
process tries to merge each set of symbolic rudesn the same conclusion into a
single neurule. Whenever this is not possiblettspdj of the initial merger set of rules
is performed according to specific strategies amel énsuing merger subsets of
symbolic rules are merged into neurules.

First, we present a comparison between constructiegirule bases and
corresponding connectionist bases. The construcpoocess for connectionist
knowledge bases required much more effort comptardide construction process for
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neurule bases. The neurule bases are also monalnata modular compared to the
equivalent connectionist knowledge bases. Furthexmas shown in earlier works,
the inference process is more efficient in neuhdsed expert systems compared to
the inference process used in connectionist exystems.

Second, we present alternative splitting methodset on clustering approaches.
Instead of splitting an inseparable merger rulebased on LCPs, we do it using some
type of clustering. Experiments performed on fiukerbases show that the splitting
method based on the 2-medoids clustering increasaging efficiency in certain
cases.

Finally, we define mergability criteria, which detgéne whether a set of symbolic
rules having the same conclusion can (or cannotdrged into a single neurule. The
conversion process of symbolic rules to neuruleslires certain trainings not
directly resulting in the production of neurulesp#actical aspect of the criteria is to
identify such trainings, which are then omittedjghreducing conversion time. The
results of the experiments on the five rule basesahstrated that the defined
mergability criteria are effective in omitting trémgs not directly resulting in the
production of neurules, thus improving the convarsfficiency.

Our future research work concerns improvement o Hiternative neurule
construction process. More specifically, neuruleaynbe also constructed from
available empirical data in the form of training aexples and dependency
information. This construction process createsningi sets and splits them into
subsets in case of inseparability. So, a futurection of our work could involve
implementation and testing of training subset 8pit methods based on clustering
algorithms in constructing neurules from empiridata.
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Inflammation

human fever- pain- fever- ant- human fever- pain- human
0-20 high night no- reaction- 21-35 medium continuous 36-55
fever medium

Figure 3. Graphical depiction of the example connectionisikiedge base

Table 1. A set of symbolic rules

Ry Rs

if patient is human0-20, if patient is human21-35,
fever is high, fever is medium,
pain is night pain is continuous

then disease is inflammation thendisease is inflammation

Ry Ra

if patient is human0-20, if patient is human36-55,
fever is no-fever, fever is high,
ant-reaction is medium, pain is night
pain is night then disease is inflammation

then disease is inflammation
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Table 2. The merger for merger set {RR,, Rs, Ry} in Table 1
MR;-R-R3-Ry

(0) if patient is human0-20 (0),
fever is high (0),
pain is night (0),
fever is no-fever (0),
ant-reaction is medium (0),
pain is continuous (0),
fever is medium (0),
patient is human21-35 (0),
patient is human36-55 (0),

then disease is inflammation

Table 3. Certain training patterns used to train the meofenerger set {R R,, Rs, R;} in Table 1
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Table4. Neurules produced from the merger set in Table 1
NR;-R-Ry

(-5.6)if fever is high (8.7),
pain is night (8.6),
patient is human0-20 (8.2),
patient is human36-55 (5.1),
fever is no-fever (1.5),
ant-reaction is medium (1.3)

then disease is inflammation

NRs

(-2.0)if pain is continuous (1.1),
fever is medium (0.8),
patient is human21-35 (0.8)

then disease is inflammation

Table 5. The connectionist knowledge base for the trairéag extracted from the truth table of the combined
logical function of each initial merger

Inflammation

4.9 1.6 15 1.2 -2.0 0.9 11 44 15 1.0 -9.2 -6.2

UA

10.3 -18.2 -18.3 -15.0 -7.4 -4.5 -0.7 -1.0 -0.3 611 0 0

uB

4.9 -2.0 2.1 -2.4 -2.0 0.9 -6.1 -6.4 -5.7 -2.6 0 0

Bias human fever pain fever ant- human fever pain human uA uB
0-20 high night no- reaction 21-35 medium continuous 36-55

fever medium
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Table6. A set of rules that do not contain related coodsi

Ry Rs

if varl is Al, if varl is Al,
var3 is C1, var3 is C1,
var5 is F3, vars is F3,
var7 is H2 var7 is H2,
varé is G1 var8 is 11
var9 is J1 then output is D

then output is D

R, R4

if varl is Al, if varl is Al,
var3 is C1, var2 is B1,
var4 is E3, var3is C1
var7 is H2 then output is D

then output is D

Table 7. Neurule produced from the merger set in Table 3
NR;-R-Rz-R4

(-92.3)if var3 is C1 (58.8),
varl is Al (55.6)
var2 is B1 (37.5)
var7 is H2 (22.5)
vard is E3 (12.4),
varb is F3 (8.3),
var8is 11 (4.4),
var6 is G1 (1.5),
var9 if J1 (1.0)

then output is D

© Wiley-Blackwell
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Table 8. Rule base characteristics

Rule Base and Conversion Characteristics RB1 RB2 RB3 RB4 RB5
Number of symbolic rules in SRB 68 130 173 651 3322
Number of non-merging symbolic rules 18 37 0 0 0

Number of initial merger sets

28 59 11 4 4
(includes number of non-merging symbolic rules)
Number of input variables 14 5 5 6 8
Number of intermediate variables 1 0 2 0 0
Number of output variables 1 1 1 1 1
Number of distinct conditions 42 21 21 22 27
Number of distinct intermediate conclusions 12 0 6 0 0
Number of distinct final conclusions 16 59 5 4 4

Table 9. Number of nodes contained by connectionist knogédolases constructed from rule bases RB1, RB2,

RB3
Connectionist knowledge base Number of nodes Number of partial networks
CKB-RB1 45 (13) 32 (5)
CKB-RB2 103 (44) 59 (13)
CKB-RB3 89 (78) 13 (11)

Table 10. Comparison of the alternative splitting methods

Splitting M ethod of the Conversion Process RB1 RB2 RB3 RB4 RB5

Conversion Process with pure LCP splitting 38 86 72 292 1467

Conversion Process with 2-medoids splitting40 84 66

(medoids initialized to LCP members) 258 1259

Conversion Process with 2-medoids splitting
41 89 69 284 1312
(medoids initialized to members of maxsum pairs)

Conversion Process with maxsum pair splitting 41 89 72 306 1496
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Table 11. Rule base and conversion characteristics for medilmbases RB1 and RB2

2-medoids 2-medoids splitting
splitting (medoids (medoids .
P”rlfttiLnCP initialized to LCP  initialized to Maxlsi‘i;“npa”
® 9 members) members of ® g
maxsum pairs)

Rule Base and

Conversion RB1 RB2 RB1 RB2 RB1 RB2 RB1 RB2

Characteristics
Number of symbolic rules o 130 68 130 68 130 68 130
in SRB
Number of neurules in 38 86 40 84 41 89 41 89
equivalent NRB
Number of non-merging 4 37 18 37 18 37 18 37
symbolic rules
Number of initial merger
sets (mclydes number .of 28 59 28 59 o8 59 28 59
non-merging symbolic
rules)
Number of total merger
trainings (excluding sets 22 51 26 a7 27 54 27 54
with a single rule)
Number of merger sets
having & single ule 26 4 26 5 29 5 29
(excluding  non-merging
rules)
Number of merger
trainings that would have
failed (included in total 28 8 26 o 31 9 31
merger trainings)
rainings that would neve 6 28 26 a o, A
falled (as indicated by (3/3/0) (/227 8 (4/3/1) (1/19/ 9 (5/3/1) (1/23/ (5/3/1) (17231

L 6) 6) 7) 7)

criteria)
Percentage of merger
trainings that would have 6/22 = 28/51 8/26 = 26/47 9/27 = 31/54 9/27= 31/54
failed (as indicated by 27% =55% 31% =55% 33% =57% 33% =57%
criteria)
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Table 12. Rule base and conversion characteristics for rade RB3

2-medoids splitting 2-medoids splitting

Purfel__CP (medoids initialized (medoidsinitialized Maxs_um pair
splitting to LCP members) to manberg of splitting
maxsum pairs)

Rule Base and Conversion
Characteristics RB3 RB3 RB3 RB3
Number of symbolic rules in 173 173 173 173
SRB
Number of neurules in
equivalent NRB 2 66 69 2
Numbe_r of non-merging 0 0 0 0
symbolic rules
Number of initial merger sets
(includes number of non- 11 11 11 11
merging symbolic rules)
Number of total merger trainings
(excluding sets with a single 118 106 116 121
rule)
Number of merger sets having a
single rule (excluding non- 15 15 11 12
merging rules)
Number of merger trainings that
would have failed (included in 61 55 58 61

total merger trainings)
Number of merger trainings that

would have failed (as indicated 61 (7/46/8) 55 (7/44/4) 58 (12/43/3)
by criteria)

Percentage of merger trainings

that would have failed (as61/118=52% 55/106=52% 58/116=50%

indicated by criteria)

© Wiley-Blackwell
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Table 13. Rule base and conversion characteristics for rase IRB4

2-medoids splitting

2-medoids splitting

Pure LCP I (medoidsinitialized Maxsum pair
littin (medoids initialized to members of littin
a 9 to LCP members) > &y 9
maxsum pairs)

Rule Base and Conversion
Characteristics RB4 RB4 RB4 RB4
Number of symbolic rules in 651 651 651 651
SRB
Number of neurules in
equivalent NRB 291 257 283 305
Number of non-merging 0 0 0 0
symbolic rules
Number of initial merger sets
(includes number of non- 4 4 4 4
merging symbolic rules)
Number of total merger
trainings (excluding sets with a 578 510 562 606
single rule)
Number of merger sets having
a single rule (excluding non- 123 67 105 116
merging rules)
Number of merger trainings
that woulq have failed 287 253 279 301
(included in total merger
trainings)
Number of merger trainings 287 301
that would have failed (as (0/214/73) 253 (0/214/39) 279 (0/231/48) (0/251/50)

indicated by criteria)
Percentage of merger trainings

that would have failed (as?287/578=50%

indicated by criteria)

© Wiley-Blackwell
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Table 14. Rule base and conversion characteristics for rase [RB5

2-medoids splitting 2-medoids splitting

ey (s (S e s
s 9 to LCP members) . S 9
maxsum pairs)
Rule Base and Conversion
Characteristics RB5 RB5 RB5 RB5
Number of symbolic rules in 3322 3322 3322 3322
SRB
Number of neurules in 1467 1259 1312 1496
equivalent NRB
Number of non-merging 0 0 0 0
symbolic rules
Number of initial merger
sets (mc!udes number .of 4 4 4 4
non-merging symbolic
rules)
Number of total merger
trainings (excluding sets 2294 2112 2186 2454
with a single rule)
Number of merger sets
having ~a single rule 636 402 434 534
(excluding non-merging
rules)
Number of merger trainings
that would have failed ¢ 1255 1308 1492
(included in total merger
trainings)
it would nave faied (o 8 1255 Qaonumer) 1208 (iocoizzs) 142
L o (0/1092/371) (0/1262/230)
indicated by criteria)
Percentage  of  merger
trainings that would have | 000, 6406 1255/2112=59% 1308/2186=60%  1492/285%

failed (as indicated by
criteria)
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