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Abstract

In this paper, we present neurule-based inferemck explanation mechanisms. A neurule is a kind of
integrated rule, which integrates a symbolic ruithweurocomputing: each neurule is consideredras a
adaline neural unit. Thus, a neurule base consiss number of autonomous adaline units (neurules),
expressed in a symbolic oriented syntax. Therdvemenference processes for neurules: the conmastiv
oriented process, which gives pre-eminence to memnputing approach, and the symbolism-oriented
process, which gives pre-eminence to a symbolikwars chaining like approach. Symbolism-oriented
process is proved to be more efficient than theneotionism-oriented one, in terms of the number of
required computations (56.47% to 63.88% averagectah) and the mean runtime gain (59.95% to 64.89%
in average), although both require almost the samexage number of input values. The neurule-based
explanation mechanism provides three types of egplans: ‘how’ a conclusion was derived, ‘why’ dua

for a specific input variable was asked from therwend ‘why-not’ a variable has acquired a spedifilue.

As shown by experiments, the neurule-based exptanatechanism is superior to that provided by known
connectionist expert systems, another neuro-symhaliegration category. It provides less in number
(64.38% to 69.28% average reduction) and more alagxplanation rules, thus increasing efficiencyeém
runtime gain of 56.65% to 56.73% in average) amdmehensibility of explanations.

Keywords: neuro-symbolic approaches; integrated intelliggistems; rule-based reasoning and explanation;
hybrid intelligent systems; hybrid expert systems

1. Introduction

Most of the intelligent methods have advantagesedsas disadvantages. Research in
Artificial Intelligence (Al) has shown that apprdess integrating (or combining) two
or more intelligent methods may provide benefitsvé€dale & Jain, 2014;
Hatzilygeroudis & Prentzas, 2011a). This is accosheld by exploiting the
advantages of the integrated methods to overcomeir thllisadvantages.
Complementarity in advantages and disadvantagethefcombined methods is
usually the basis to the success of such integiatidéxample types of popular
integrations, among others, involve neuro-symbaliproaches, integrating neural
networks with symbolic methods (Garcez d’ Avila &rhb, 2011; Hatzilygeroudis &
Prentzas, 2004a), neuro-fuzzy approaches, integrateural networks with fuzzy
methods (Zhang, Ma, & Yang, 2015; Evans & Kennezlyl4; Lin et al., 2012),
approaches combining neural networks and genajmritims (Huang, Li, & Xiao,
2015) and approaches combining case-based reasuwiingrule-based reasoning
(Prentzas & Hatzilygeroudis, 2007) or other intght methods (Chuang & Huang,
2011; Prentzas & Hatzilygeroudis, 2009).

A number of neuro-symbolic formalisms have beeroshiced during last decade
(Garcez d’ Avila, Broda, & Gabbay, 2002; GarcezAidla, Lamb, & Gabbay, 2009;
Hatzilygeroudis & Prentzas, 2004a). Combinationsyohbolic rules (of propositional
type) and neural networks constitute a large priigoiof neuro-symbolic approaches
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(Gallant, 1993; Towell & Shavlik, 1994; Holldoble& Kalinke, 1994;
Hatzilygeroudis & Prentzas, 2000, 2001). The e$fdritegrating rules and neural
networks may yield effective formalisms by explogithe complementary advantages
and disadvantages of the integrated componentgi({#groudis & Prentzas, 2004a).
Symbolic rule-based systems possess positive aspmeath as naturalness and
modularity of the rule base, interactive reasonprgcess and ability to explain
reasoning results. Neural networks lack the natess and modularity of symbolic
rules and it is also difficult (or impossible) toopide explanations. Explanations are
crucial in certain domains such as medicine andnfte. However, symbolic rules
have disadvantages such as, difficulty in acquiruigs from the experts (known as
the ‘knowledge acquisition bottleneck’), inability draw conclusions when there are
missing values in the input data and possible groblin cases of unexpected input
values or combinations of them. On the other hameljral networks provide
generalization, representation of complex and iipeesknowledge and knowledge
acquisition from training examples.

Neurules are a type of integrated rules combiningnt®lic rules and
neurocomputing (Hatzilygeroudis & Prentzas, 20@®13. Neurules belong to neuro-
symbolic representations resulting in a uniformamskess combination of the two
integrated components. Most of the existing sugbr@gches give pre-eminence to
connectionism. As a consequence, they do not offportant advantages of symbolic
rules, like naturalness and modularity, and alssdbprovide interactive inference
and explanation. Neurules follow a different direat by giving priority to the
symbolic than the connectionist framework. Therefdhe knowledge base exhibits
characteristics such as naturalness and modul&oitg, large degree. Furthermore,
neurule-based systems provide interactive inferanckeexplanation.

Integration in neurules involves all knowledge es@mtation aspects: syntax,
semantics and reasoning. Hybridism in syntax amdaséics has been presented in
most of our past works on neurules and for the satkeompleteness is briefly
presented here too. Reasoning via neurules carome da two different inference
processes. The one gives pre-eminence to neuro¢mgpuamelyconnectionism-
oriented inferencewhereas the other to symbolic reasoning, nansgiybolism-
oriented inference Both inference processes are integrated in thature.
Connectionism-oriented inference process has bessepted in (Hatzilygeroudis &
Prentzas, 2010) and compared to two alternativerentce mechanisms used in
connectionist expert systems (Gallant, 1993; Ghsitwa998), a type of neuro-
symbolic systems. An initial version of the symboitoriented inference has been
presented in (Hatzilygeroudis & Prentzas, 2000).

In this paper, we present an improved symbolisranted inference process.
Improvement refers to the number of required commports to produce conclusions,
the ability to work with any order of neurule cotioins and the ability to work with
two different sets of discrete values for representtrue’, ‘false’ and ‘unknown’
states. We present experimental results compaltieg performance of the new
symbolism-oriented process with the connectionisianted one.

However, the main contribution of this paper is thigoduction of an explanation
mechanism for neurule-based inference. The exptanatechanism provides three
types of explanations: ‘how’, ‘why’ and ‘why-notWe also present experimental
results comparing the ‘how’ explanation mechanisnthwthe corresponding
mechanism used in connectionist expert systems.

This paper is structured as follows. Section 2 flyrigliscusses related work.
Section 3 presents neurules. Section 4 discussestwib alternative inference
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processes. Section 5 presents the explanation meoha Section 6 presents
explanation examples. Section 7 presents experaheggults involving inference and
explanation. Section 8 concludes.

2. Related work

The objective of our work is to remain on the syhtbg@round and incorporate
techniques from the connectionist approach int@@sadional type symbolic rules to
improve their representation capabilities and perfonce, without significantly
reducing features, like naturalness and modulaoitysacrificing functionalities, like
interactive inference and explanation. Many attemipased on the connectionist
ground, which simulate or translate symbolic preesswithin a neural network, have
been made in the recent years. However, a feweoh thre able to provide any of the
above features in a satisfactory degree.

We can specify two main research trends. Thetfiestd stems from (Holldobler &
Kalinke, 1994), where a way to translate a propws logic program (i.e. a set of
facts and rules) into a neural network, by encodisigassociated semantic operators
in a connectionist way, is introduced. However,isitnot accompanied by any
reasoning or explanation process. KBANNs (KnowleBgsed Artificial Neural
Networks) (Towel & Shavlik, 1994) use a core of gsitional rules to construct an
initial neural network and then use empirical knesdge to train the network. This
leads to more efficient training and refinementtloé initial symbolic knowledge.
Such approaches are also not accompanied by itddgraasoning or explanation
processes. Outputs are produced from the traineglorie via neurocomputing (i.e.
numeric computation) methods without any explamatio

The other trend concerns connectionist expert systdn connectionist expert
systems, domain concepts are associated with neetabrk nodes and relationships
among concepts are associated with links among snoderepresentative such
approach is MACIE (Gallant, 1993). MACIE is accomigal by an inference and an
explanation mechanism. The performance of the MAG@iterence engine was
improved by the introduction of the recency infaerengine (Ghalwash, 1998). A
comparison of the time performance of these twererice engines, taking into
account the required number of computations isegmtesl in (Hatzilygeroudis &
Prentzas, 2010). A disadvantage of connectionigiegxsystems is that their
knowledge bases lack the naturalness and modulafitgymbolic rule bases.
Meaningless nodes are inserted by the training ameésim, to be able to handle non-
linearity of data, thus making representation amavided explanations unnatural (see
Hatzilygeroudis & Prentzas, 2001).

3. Neurules: Syntax and Semantics

Neurules are a kind of integrated rules. The fofna @eurule is depicted in Fig.la.
Each conditionC; is assigned a numbsf, called itssignificance factar Moreover,
each neurule itself is assigned a numéigr called itsbias factor Internally, each
neurule is considered as an adaline unit neurgl1b). ThenputsC; (i=1,...n) of the
unit are the conditions of the neurule. The weigtftdhe unit are the significance
factors of the neurule and its bias is the biasofacf the neurule. The existence of
bias (bias factor) helps in training the adalin& gmeurule), more specifically helps
the training algorithm in converging more easilgldor more cases. Training a neural
unit (neurule) means finding values for its weigtggnificance factors) that satisfy
given data, i.e. classify them correctly. Each irplies a value from the following set
of discrete values: [1 (true), -1 (false), O (urnkng).
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The output D, which represents the conclusion (decision) of tlerule, is
calculated via the standard formulas:

n
D=f(a), a=sf,+) sfC (1)
i=1
1 ifa>0
f(a) = (2
-1 otherwise

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.

(sfo) if Cy (s11), (-2.2) if gender is woman (1.6),

Gy (5f2)s gender is man (1.5),
age <= 35 (1.5),
Cy. (sf2) age > 20 (1.3)
then D then patient-class is human21-35
(a) (b) (c)

Fig. 1. (a) Form of a neurule, (b) a neurule as an adaimig (c) an example neurule

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

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

<condition>::= <variable> <lI-predicate> <value> igrgficance-factor>)
<conclusion>::= <variable> <r-predicate> <value> .

where <variable> denotesvariable that is a domain concept, e.g. ‘gender’, ‘pain’
etc in a medical domain, and <I-predicate> denatsegmbolic or a numeric predicate.
The symbolic predicates are {is, isnot}, whereasnhmeric predicates are {<, <=, >,
>=, =, I=}. <r-predicate> can only be a symboliegicate. <value> denotes a value;
it can be a symbolic (e.g. “male”, “night-pain”) arnumeric value (e.g “5”). <bias-
factor> and <significance-factor> are (real) nunsbéfor instance, in the condition
‘fever isnot high (5.0)’, ‘fever’ is a variablesmot’ is the symbolic predicate, ‘high’ is
a symbolic value that variable ‘fever’ may take &@’ is the significance factor. Let
us suppose that variable ‘fever’ can take a valam fthe set of values {low, medium,
high}. Then this condition is satisfied in casevée takes a value that is not ‘high’
(i.e. itis ‘low’ or ‘medium’). An example simpleenirule is presented in Fig. 1c.

Let us consider a finite set vériablesV = {V;}, 1 <i <m, where each variabM,
can take values from a (corresponding) set of discvalues  ={v;}, 1<j <k We
distinguish three types of variablesiput or askable variablesintermediate or
inferable variablesand output or goal variablesAn input variable takes values from
the user (input data). Intermediate or output Vdes take values through inference,
since they represent intermediate and final commhssrespectively. The sets of input,

© Elsevier 4
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intermediate and goal variables are denoted Ry, W \nt and s respectively. We
also distinguish betweeanput, intermediateandoutput neurulesAn input neurule is
a neurule having only input variables in its coiwtis and intermediate or output
variables in its conclusions. An intermediate néis a neurule having at least one
intermediate variable in its conditions and intedim& variable in its conclusion. An
output neurule is one having an output variabligsiconclusion.

Neurules are produced either from symbolic ruleatfiygeroudis & Prentzas,
2000) or from empirical data in the form of traigiexamples (Hatzilygeroudis &
Prentzas, 2001). Each construction process cresdtdsast one neurule for each
intermediate or final conclusion. An adaline un# initially created for each
conclusion. A training set is also produced for heaclaline unit. Each unit is
individually trained via the Least Mean Square (DM#gorithm. When the initial
training set is inseparable, more than one neumaleng the same conclusion are
produced for the corresponding conclusion.

For example, the neurule in Fig. 1¢c has been peldoom the following two
symbolic rules:

if gender is woman if gender is man
and age <= 35 and age <= 35
and age > 20 and age > 20
then patient-class is human21-35 then patient-class is human21-35

Also, it is easy to see that, if ‘gender is womaage <= 35’ and ‘age > 20’ are true,
hence ‘gender is man’ is false, ther -2.2+1.6*1+1.5*(-1)+1.5*1+1.5*1 = 0.9(a)
= 1 (formulas 1 and 2), the neurule is fired argd donclusion is produced. This
“simulates” firing of the left symbolic rule abov8imilarly, if ‘gender is man’, ‘age
<= 35’ and ‘age > 20’ are true, the neurule is agaed, “simulating” firing of the
right symbolic rule above. So, a neurule acts aomposition of more than one
symbolic rules that simulates their firing conditso As we see later, use of a neuron
to represent a rule gives us the opportunity togpseial metrics to avoid evaluation
of all of the conditions of a neurule to see finés or not, thus improving efficiency.

In the sequel, we use the following notation anfthttens for a neuruldz.

g : the number of conditions &.

o sf: the bias factor oR.

o C: thei condition ofR,, (C¥ =“V.R*is v
o V% the variable involved irc*

e v : the value involved irc .

o st the significance factor of .

e D% : the conclusion oR,, (D% ="V ¥is v§ ")
o V% the variable involved iD™ .

e viv:the value involved iD™ .

° VCFik : the variable involved in conditioBy of R..

e vargRy): the set of variables involved R, i.e.
vargR) = (V% Vi, . VR, VR,

e condg¢Ry): the set of conditions ¢, i.e.

© Elsevier 5
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condg§R) = {C~, I<i < ng }-

The run-time part of a neurule-based system caneistour modules, functionally
similar to those of a conventional rule-based systeeurule base (NRBheurule-
based inference enginayorking memory (WM)and neurule-based explanation
mechanism The neurule-based inference engine derives csiocls by using the
neurules contained in NRB afatt assertionsn WM. The neurule-based explanation
mechanism provides explanations about made infegenc

A fact assertion is a paiFi, asgFi)) consisting of:

o afactF ="V <l-predicate>vg ", Ve €V, v¢ €S, and

e the assertion valuasgFi) € {TRUE, FALSE, UNKNOWN} associated
with factF;.
Facts have the same format as neurule conditiom®rmelusions. Fact assertions are
either given by the user, if they involve inputialtes, or derived during inference, if
they involve intermediate or output variables. Widoacontains variable-value pairs
of the form: “(Vg, Vg )", whereVe e V, v €S, . WM = {(age, 28), (“gender is

man”, TRUE), (“pain is night-pain”, TRUE)} may beverking memory instance.

Table 1.Example neurules

Ry R,
(-0.5)if gender is man (3.4), (-2.2)if gender is woman (1.6),
age <= 20 (3.3), gender is man (1.5),
gender is woman (3.0) age <= 35 (1.5),
then patient-class is human0-20 age > 20 (1.3)
then patient-class is human21-35
Rs R4
(-4.1)if age <= 55 (3.3), (-5.6)if patient-class is human21-35 (8.4),
gender is woman (3.2), pain is night-pain (8.2),
age > 35 (3.0), antinflam-reaction is medium (8.0),
gender is man (2.6) fever is no-fever (5.2),
then patient-class is human36-55 pain is continuous-pain (5.0),
patient-class is human0-20 (4.7)
then disease-type is arthritis
Rs Re
(-7.9)if patient-class is human36-55 (3.2), (1.4)if feveris low (5.2),
pain is continuous-pain (2.9), fever is high (5.2),
antinflam-reaction is high (2.8), patient-class is human36-55 (5.2),
joints-pain is no-pain (2.6) pain is night-pain (5.0),
then disease-type is arthritis fever is medium (5.0),
patient-class is human0-20 (4.5)
then disease-type is primary-malignant
R

.

(-9.7)if antinflam-reaction is none (12.4),
pain is night-pain (12.3),
patient-class is human21-35 (11.9),
pain is continuous-pain (8.8),
patient-class is human0-20 (8.4),
fever is no-fever (4.5)

then disease-type is primary-malignant

Table 1 presents some neurules related to the gmoldf diagnosis of bone
diseases. They have been produced through conndrsim corresponding symbolic
rules (Hatzilygeroudis, Vassilakos, & Tsakalidi®97T), which are simple rules used
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for preliminary diagnosis, mostly based on demolgi@jand clinical data (there are
other rules that based on the preliminary decisanm special laboratory data make
final diagnoses). Rules R1-R3 classify patients onte of three classes, depending on
their gender and age (in the real system therethes classes too). They involve two
input variables (‘gender’ and ‘age’) and an intedmage variable (‘patient-class’), thus
they are input rules. Rules R4-R7 make (prelimipaiyagnoses mostly based on
clinical data. They involve four input variablepdin’, ‘fever, ‘joints-pain’ and
‘antiflam-reaction’), an intermediate variable ({jgat-class’) and an output variable
(‘disease-type’), thus they are output rules. ‘aged numeric variable, whereas the
rest variables are categorical.

4. Integrated Inference Engine

The inference engine associated with neurules im@tés the way neurules co-
operate to derive conclusions. It can support tWerrsative integrated inference
processes. The one gives pre-eminence to neurod¢mmpuand is called
connectionism-oriented inference procesa$ereas the other to symbolic reasoning,
and is calledsymbolism-oriented inference proceds the connectionism-oriented
process, the choice of the next rule to be constlés based on a neurocomputing
measure, but the rest is symbolic. The connectiotisented approach has been
presented in (Hatzilygeroudis & Prentzas, 2010jhinsymbolism-oriented process, a
type of a classical rule-based reasoning is emplolyet evaluation of a rule is based
on neurocomputing measures. The symbolism-orieapgatoach is an effort to rely
on symbolic approaches, like the rule-based badkwhgining approach. An initial
version of the symbolism-oriented process has Ipeesented in (Hatzilygeroudis &
Prentzas, 2000). In that version of the symbolisrarbed process, organization of
neurule conditions as well as inference heuristiese accustomed to the set of
discrete input values [1 (true), O (false), 0.5kfumwn)].

In this section, we present an improved versiothefsymbolism-oriented approach
and experimentally compare it with the connectioniented one. We also discuss
issues involving use of alternative sets of inpatues, [1 (true), -1 (false), O
(unknown)] and [1 (true), O (false), 0.5 (unknownlhe neurule base construction
mechanisms have been modified to be able to wotk walues of either set in the
training process. For instance, an equivalent neupase to the one presented in
Table 1 can be easily constructed using the {1).B} set of values. Obviously, the
set of values used to construct a neurule basksaesused for drawing conclusions
during inference.

4.1 Evaluation Aspects
Neurules are evaluated during reasoning based aluation of their conditions.
Aspects involving condition and neurule evaluatioe discussed in this section.
Conditions are evaluated during reasoning basethcnassertions and variable-
value pairs contained in WM. A conditionC; can evaluate to
TRUE/FALSE/UNKNOWN (denoted byasgC)) = TRUE/FALSE/UNKNOWN).
Evaluation of a conditiorC; = “V; is vy’ may enable evaluation of its ‘sibling’
conditions that is, conditions of the foi@= “V; is ", wherev;, i € Sy; andv; # V.
More specifically, ifasgCi) = TRUE, thenasgC;) = FALSE, since a variable cannot
take more than one value simultaneously. For examptfever is low” is TRUE,
then “fever is high” is FALSE. Furthermore,aég4Ci) = UNKNOWN, thenasgC;) =

© Elsevier 7
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UNKNOWN, since ‘unknown’ means that there is nodewvice about any value of a
variable. A similar process may be followed forathypes of condition predicates.

Each evaluated conditiog” is assigned a numeric value, denotedaby(c™),

corresponding to TRUE, FALSE or UNKNOWN. The valassy¢c™)depends on the
used set of input values mentioned above. If theo$e[l (true), -1 (false), O
(unknown)] is used, the valuss(C™) is computed according to Eqg. (3).

1 if as{C*)=TRUE
ass(C¥)={-1 if as{C")=FALSE (3)
0 if asyC*)=UNKNOWN

If the set of [1 (true), O (false), 0.5 (unknowny] used, the valueass(C?) is
computed according to Eq. (4).

1 if as{C*)=TRUE
ass(C¥)=4 0 if as§C’)=FALSE (4)
0.5 if as{C¥)=UNKNOWN

Using {1, 0, 0.5} as the set of input values, iast®f {1, -1, 0}, gives a more natural
representation of the contribution of each conditio the conclusion of a neurule as
will be clear in the following.

Conditions are considered for evaluation, when ireguby the reasoning process.
The conditions of each neurule are distinguishéd evaluatedand unevaluated

conditions. The set of evaluated conditions of arule Ry is denoted byC% and that
of unevaluated byCf .

According to formulas 1 and 2 (Section 3), evahmtof a neuruleR; requires
evaluation of all its conditions. However, basedimsvalues of two metrics &, the
known sumdenoted bykqRy), and theremaining sumdenoted bys(Ry), a neurule
may be evaluated without having evaluated all ®fcihnditions, fact that speeds up
inference.

kqRx) represents the contribution of the (already) eatd conditions oR in
drawing its conclusion (i.e. in activating the @sponding adaline unit), which is
expressed as the sum of the contributions of eantitton. The contribution of each

evaluated condition is the product of its significa factor st®and its value

ass(C*) (see Formula 5).

rs(Ry) represents the largest possible contributiorhefunevaluated conditions of
R« in drawing its conclusion (i.e. in activating tberresponding adaline unit), if they
were evaluated. It is expressed as the sum ofatigest possible contribution of each

unevaluated condition, which is the absolute vaifigs significance factofsf™ | |
given that its maximum absolute value is 1 (seerfoda 6).

ks(R) = SfoRk + szu " aSS\(CiRk) (5)
cfeck
SR = > [sif| (6)
cfeectk

© Elsevier 8
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An evaluated neurule is eith@red or blocked In the first case, the neurule has
evaluated to ‘1’ and in the second case to ‘~1'e Het of fired rules during an
inference process is denoted by Rhereas that of blocked rules by.Rlso, the set
of evaluated rules is denoted by &d that of unevaluated by,RFurthermore, the
set of variables that have and have not acquiragesaluring reasoning are denoted
by Ve and \{,, respectively.

Based orkgRy) andrs(Ry), one may define the firing and blocking condisaf a
neuruleRy (Hatzilygeroudis & Prentzas, 2010). More speclficahe firing condition
of Ry is the situation wher&q(Ry)| > rs(R¢) andkgRy) > 0. When it is satisfiedy is
fired and its conclusion is produced. Thiecking conditionof Ry is the situation
where k9R)| > rs(R) andkgRy) < 0. When it is satisfied is blocked. For proofs
refer to (Hatzilygeroudis & Prentzas, 2010).

The firing and blocking conditions hold for bothtsef input values ({1, 0, 0.5}
and {1, -1, 0}). However, more “fine-grained” remaig sums can be defined,
especially for the set {1, 0, 0.5}, which may spegdevaluation of neurules. For this
purpose, the following are taken into account:

e Conditions evaluated to FALSE do not contributéhe activation value of a

neurule.

e Conditions evaluated to TRUE/UNKNOWN and havingipes significance

factors positively (negatively) contribute in figr{blocking) of a neurule.

e Conditions evaluated to TRUE/UNKNOWN and having atege significance

factors negatively (positively) contribute in figr{blocking) of a neurule.

Therefore, we define more “fine-grained” remaingugns as follows:

Definition 1. Thepositiveremaining sunof a neuruleR,, denoted byosrgRy),
is defined as the largest possible positive wedjigem of the unevaluated
conditions of it contributing in its firing:

posrgR)= > sf® ()

cReech stRs0

Definition 2. The negative remaining sumof a neuruleR,, denoted by
negr{Ry), is defined as the largest possible negative htedy sum of the
unevaluated conditions of it contributing in it®tking:

negrgR) = > sf® (8)

cReeCk  st<o
Obviously rs(R¢) = posrgRs) + jhegrgRJ)|. We may also give the following more

“fine-grained” definitions for success (or firingpndition and failure (or blocking)
condition of a neurule that hold only for the sif{lg 0, 0.5}:

Definition 3. Firing condition of a neuruleRy is the situation wher&gRy)| >
[negrgRy)| andkg(Ry) > 0.

Definition 4. Blocking conditiorof a neuruleR is the situation wher&y(RJ)| >
posrgRy) andkqRy) < O.

© Elsevier 9
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The rationale behind the above two definitions hat talwaysposrgRs) > 0 and
negrgRy) < 0. So, the contribution of the corresponding cbads in the activation
value of the neurule is known beforehand to betp@esior zero) and negative (or
zero) respectively.

Neurule conditions are ordered in a way that resalmore efficient computations
during inference. Experiments have shown that tkisachieved when neurule
conditions are arranged according to the descenutidgr of the absolute values of
their significance factors.

Both inference procedures use a goal stack contagowal factsG; that is, the
neurule conclusions including a goal variable. AlgactG; is defined as follows:

G ="V is Vg ", WwhereV; eVg, Vs €§,

4.2 Symbolism-oriented process

The symbolism-oriented inference process is based lbackward chaining strategy.
There are two stacks usedgeal stack(GS containing the goal facts, where the
current goal (G;) is always on its top, and rale stack(RS containing the rules
involved in the current inference session, wheescthrent rule(R;) under evaluation
is always on its top.

The conflict resolution strategy, due to backwahdiging and the neurules, is
based on textual order. Inference stops succegsfulien one or more output rules
have fired and the goal stack is empty. It stomugoessfully, when there are no facts
(conclusions) in WM containing goal variables asei) the TRUE value and no
further action can be taken.

The symbolism-oriented process has been improvegbaced to the initial version
presented in (Hatzilygeroudis & Prentzas, 2000peting to the following aspects:

e In the initial version, the conditions of neurulesre organized into two
groups, the group of conditions with negative digance factors and the
group of conditions with positive significance faxd. This ordering was
accustomed to the set of discrete values {1, @, 018 the current ordering
(mentioned in the previous section) may lead toen@dficient inferences.

e In the initial version, inference heuristics werecastomed to the set of
input values {1, 0, 0.5} and to the specific orderiof conditions. Current
version may work for any ordering of conditionsthaligh inference is
more efficient for the ordering of conditions memid in Section 4.1.
Furthermore, the symbolism-oriented process presdeint this paper may
work for both sets of input values ({1, -1, 0} afiti O, 0.5}) using the
remaining sum to define the firing or blocking cdiwh of a neurule. For
the set {1, 0, 0.5}, inference is more efficienttlie positive and negative
remaining sums are used. In either case, infereno®re efficient for the
set {1, 0, 0.5} compared to (Hatzilygeroudis & Pmas, 2000). The
inference process presented in (Hatzilygeroudis i&nas, 2000) is
identical to the process using positive and negatmaining sums in case
the neurule conditions in the neurule base contamy positive
significance factors.

A high-level description of the basic symbolismemtied algorithm is as follows:

1. Set the goal(s) on GS, the initial facts in the i compute (initial) ks, posrs and negrs
for each neurule.
2. For each goal on GS do
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2.1. Find all neurules whose conclusions match the goal put them on RS
2.2. For each neurule on RS do
2.2.1. Evaluate each condition of the neurule:
2.2.1.1. If the variable of the condition has got a valuenfr evaluation of a
previous neurule, just update ks, posrs and nefjtiseorule.
2.2.1.2. If the condition contains an input variable, ask tiser for a value and
update ks, posrs and negrs of the rule.
2.2.1.3. If the condition contains an intermediate variabheake it the current
goal and go to step 2.1.
2.2.2. After evaluation of each condition
2.2.2.1. If the firing condition is satisfied, update WM kwithe sibling assertions
of the conclusion of the rule.
2.2.2.2.If the blocking condition is satisfied and the res#bling rules are
blocked, update WM with the fact correspondinghte falsity of the
conclusion of the rule.
3. If WM contains any goal facts assigned a true vafeturn those goal facts; otherwise
return failure.

4.3 Connectionism-oriented process
For the sake of completeness, we also present &esbort description of the
connectionism-oriented inference process.

The connectionism-oriented inference process facusethe firing potential of
each neurule, which is measured by a specific metailedfiring ratio (fr), related to
the above mentioned known and remaining sums (sgeilyyeroudis & Prentzas,
2010). Initially, frs of all neurules are computed. In this procegsy &valuation of a
condition of a neurule, thies of the neurules that contain that variable (dadféected
rules) are updated. In the next step, the neurule wiéghrhaximumfr is considered,
given that it is the neurule most likely (i.e. witlhe greatest intention) to fire. This
means that its first unevaluated condition is cd&r®d as the next goal and so on. As
soon as a neurule is fired, the WM is updated with corresponding conclusion. A
similar thing happens when a neurule is blocked.abeach step of the process, rules
are competing between each other towards whiclogercto be evaluated, based on
their frs. The one with the greate$t takes the lead. Inference stops either
successfully, when there are facts in WM contairgongl variables and assigned the
TRUE value and no further action can be takennsuacessfully, otherwise.

5. Explanation Mechanism
The explanation mechanism is used to provide sgpe a@f explanation related to an
inference session. More specifically, the explamatimechanism associated to
neurules provides the following types of explanatio
e How:. explanation of how a conclusion has been derived.
e Why-not explanation of why an inferable (intermediateoatput) variable has
not acquired a specific value.
e Why explanation of why is required to give value farparticular input
variable.
In this section, the processes concerning the abgpknation types are presented.

5.1 ‘How’ Explanation Process

The ‘how’ explanation mechanism justifies inferesicby producing a set of simple
if-then rules explaining how a conclusion has bdemwn. To this end, an initial
explanation rule for a final conclusion is creabeded on some (the necessary) of the

© Elsevier 11



Published in Expert Systems with Applications, \4#, No. 9, pp. 4595-4609, 2015

conditions of the corresponding fired neurule thmbduced that conclusion.
Afterwards, additional explanation rules are crédtm the necessary conditions of
the initial explanation rule that contain internmegdivariables, and so on. The process
stops when the last explanation rules have comditiocluding only input variables.
So, finally, we end up with a set of if-then rulgsose conclusions correspond to the
final conclusion(s) drawn and to the intermediaieatusions contributing in drawing
the final conclusion(s). The conditions of the exgltion rules correspond to a subset
of the conditions that participated in drawing ttenclusion(s). Here is a structured
description of the corresponding algorithm:

1. For each neurule that has been fired and has a gaghble in its conclusion do
1.1.Produce the corresponding explanation rule basedtlm conditions that
were necessary for its evaluation.
1.2.For each condition of the produced explanation rdkat includes an
intermediate variable do
1.2.1. Find the neurule that produced the condition antlisas the current
rule.
1.2.2. Produce the explanation rule corresponding to therent rule as in
step 1.1 and go to step 1.2
2. Transform conditions and conclusions of explanatraies by adapting their
predicates.
3. Reorder produced rules and change their presentdto naturalness reasons.

And here is a more formal description of the alidyoni:

1. HR« o
2. Foreach Re (Re " Rr) do
2.1 HR « Produce_explanation_rule(R
2.2 HR« HR U{HRy}
2.3 Produce_intermediate_explanation_rulesgHR
3. For each HR € HR do
3.1 conds(HR « Transform_conds(HR
3.2 Transform_concl(HR
4. Reorder produced rules and change their pregemtdor naturalness reasons.

where HR is the set of produced explanation rules &tk the explanation rule
produced from neurulB.

To be able to produce explanation rules, we intteckome new concepts. First, the
conditions of an evaluated neurule are distingwsh® positive and negative
conditions This distinction is based on the positive or niegacontribution of the
conditions in evaluating the corresponding neurtiteere are different definitions for
the positive and negative conditions according betlver the corresponding evaluated
neurules were fired or blocked and also accordngtether {1, -1, 0} or {1, O, 0.5}
set of input values is used. The following defmiis are associated with the {1, -1, 0}
input values set.

Definition 5. The positive conditionsof an evaluated neurulB, denoted by
posCondfRy), are those that positively contributed in evalabf the neurule. A

condition C7 positively contributes, if the product of its valwith its significance
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factor (assyC)* st™) is positive, in case of a fired neurule, or nagatin case of
a blocked neurule.

Definition 6. The negative condition®f an evaluated neurulB,, denoted by
negCondgRy), are those that negatively contributed in evatuaof the neurule. A

condition CiRK negatively contributes, if the product of its \alwith its

significance factor 4ssyC®)* st™) is negative, in case of a fired neurule, or
positive, in case of a blocked neurule.

Conditions that are unevaluated or negative aranotided in the explanation rules,
because they did not contribute or it is not cleaw they contributed in drawing
conclusions. Furthermore, some of the positive tmm$ may be also not included,
based on the fact that they were not necessaryatua&ing some neurule. More
specifically, the conditions of an explanation raee the ones having the most
positive contribution in evaluating the correspandneurule, with possible changes
to their predicates. We call such conditions riieeessary conditionsf an evaluated
neuruleR¢. Respectivelyunnecessary conditionsf an evaluated neuruk are the
positive conditions with the least positive constibn in the neurule’s evaluation.
The sets ofmecessaryand unnecessary conditionsf an evaluated neurulBy are
denoted bynecCondfR) andunnecCond®) respectively.

So, production of an explanation rule consists &tednining the necessary
conditions. This is based on the following approashich tries to trace back the
inference chain in an indirect way and reveal (omanother sense reconstruct) the
equivalent symbolic rules that were fired. We idtroe two sums, thegositive sunof
a neuruleRy, denoted byos-sunfRy), and itsnegative sumdenoted byeg-sunfRy).

The positive sum is initially defined as the agategcontribution value of all
positive conditions:

pos-surtRy) = sfy* + ZsfiRkassx(CiRk)

posConds
whereas the negative sum as the sum of the abs@llutes of the significance factors
of both the negative and unevaluated conditions:

neg-suniRy) = Z‘sfipk‘Jr > ‘sfiRk‘

negConds VRev,,

At this stage, |pos-suiR{)| > |neg-suni)|, due to firing condition. Also, we set
necCond@R) = posCond&R) andunnecCond®) = &. A repetitive process is then
carried out. Successively, the condition with thast absolute significance factor in

the currennecCondRy) (denoted byC) is found and its contribution is subtracted

from the pos-sunRy) and added tmeg-sun{Ry). This is carried out as long as the
absolute value gbos-sunfRy) remains greater than the absolute valueegf-suniRy).
Each timenecCondgR,) is updated by removing? . The remaining set of necessary
conditions contains the conditions to be includedhe corresponding explanation
rule. The above is whaProduce_explanation_rule(R does.

Finally, for each condition of an explanation rutentaining an intermediate

variable an explanation rule is produced, in thmesavay as above. This is what
‘Produce_intermediate_explanation_rules¢iRloes.
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Explanation rules produced as above described adedher refinement. Initially,
significance factors of the conditions need nabéoshown, as they will not play any
role in the process, and should be removed. Alsaditions not providing useful
information should be eliminated and some predgcatay change. We present here
such cases.

As a working example, suppose thaf = “fever” having S, = {low, medium,

high} and conditionsc} = “fever is low”, cj = “fever is medium” andck = “fever
is high” are present imecCond). Also, let us suppose th&tss((:fk):TRUE,
ass(CEk): FALSE, ass(cst): FALSE. In this case, the predicates of conditiazfs and

ci after transformation would become ‘isnot’, giverithfalsity. So, we will have
the following subset of conditions {“fever is low*fever isnot medium” and “fever
isnot high”} in necCond&y). From these, only “fever is low” provides useful
information in the explanation rule. So, this sulifesibling conditions is replaced by
a single condition (“fever is low”). A similar press is followed in case of conditions
with numeric predicates.

Furthermore, another case is when we havenanCond&R,) a set of sibling
conditions that cover all values of a specific ahle but one and they are all false.

Suppose that the above conditiod® and ci are innecCondgRy), whereasc* is
not. Conditionsc} and cf cover two of the three values if, and, given their

falsity, their predicate will become ‘isnot’, forng the following subset: {“fever isnot
medium” and “fever isnot high”}. It is obvious that and c« can be removed and

replaced by conditioncl. The above is whatTransform_conds(HRR and

Transform_concl(HR do.

In case that the {1, 0, 0.5} set of input valuesised, slightly different definitions
are given for positive and negative conditions alst a slightly different process for
explanation rule production is followed.

5.2 ‘Why-not’ Explanation Process
The ‘why-not’ explanation type explains why a pautar intermediate or output
variableV has not acquired a specific valMelhe explanation is again in the form of
if-then rules. The generation of the explanationesuresembles the way the
explanation rules of ‘how’ type are generated. Mepecifically, the explanation
mechanism focuses on the blocked neurules haviwnelusion containing variable
V and the specific valug. If there are no blocked neurules having a commfus
containing the variable and the value, it meansrg@soning was carried out without
having to evaluate such neurules. However, suchutesuwill need to be evaluated in
retrospect in order to produce ‘why-not’ explanatio

Following is a structured description of the copasding algorithm. Actually, the
main body is almost the same as that of ‘how’ exal@n.

1. Examine the blocked neurules whose conclusion swxariableV and valuey.
1.1.1f no such blocked neurule exists, evaluate each sunevaluated) neurule.

2. For each such blocked neurule, execute steps 12, 2 and 3 of ‘how’
explanation process (structured description).

Following is a more formal outline of the ‘why-nakplanation mechanism, which
tries to explain why variable has not acquired value
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1. HR« Y
2. If there is no Re Rs with V¥ =V andvf =v do

2.1 Evaluate all Rwith V¥ =V andvf =v
3. For each R e Rg with V¥ =V andvf =v do

3.1 HR « Produce_explanation_rule(R
3.2 HR« HR U{HRY
3.3 Produce_intermediate_explanation_rules{HR
4. Reorder produced rules and adjust their presgonaor naturalness reasons.

5.3 ‘Why’ Explanation Process

The ‘why’ explanation type explains why the systasks the user to provide a value
for an input variable. The need for providing aweafor an input variable arises when
the inference mechanism is unable to evaluate auleegondition containing that
variable based on the data in WM. That conditiothesunevaluated condition of the
corresponding neurule with the maximum absoluteiBggnce factor. The ‘why’
explanation mechanism allows the user to ask “whgfd gives as an answer a
tracing of the corresponding steps of the infergmoeess. In other words, it returns
the sequence of the names of conclusion varialbfléseounevaluated neurules that
caused asking for a value of the input variablegside some additional information.

In a simple case, only one rule is involved. Thagppens when the input variable
under consideration was included in the first cbadito be evaluated. In a more
complex case, more than one rule is involved. thstases, one or more conditions
with intermediate variables are involved, so thahain of rules is created, where the
last one includes the condition with the input abke under consideration.

Following is a high-level presentation of the outgaroduced by the ‘why’
explanation process for the set of involved newgR, Ry, ..., Ry2, Ri.1, Ry} In this
case, the inference process has stopped at nesyudad the conclusion of each
neuruleR; (1<i<n-1) is the first unevaluated condition of each nesiR);, whereas
the first unevaluated condition of neurle contains the corresponding variable and
value.

“Decision on Vv, requires decision on.

Decision onv, requires decision on.
Decision onv, requires value of/®.”

The algorithm for the ‘why’ explanation mechanisaguires a doubly linked list
(denoted bywWHY-LIST containing the rules involved. More specifically,case that
the unevaluated condition with the maximum absokigmnificance factor of the
current rule cannot be evaluated based on theinldbe WM, the rule is inserted at
the head otWHY-LIST In the symbolism oriented proce¥8HY-LISTis handled a bit
differently compared to the connectionism orient@ecess. In the symbolism
oriented process, only the rule that is evaluaseteimoved fromWHY-LIST In the
connectionism oriented process, the selected ritle thve maximumfr determines
which rules will be removed frordVHY-LIST In case the selected rule was not in
WHY-LIST all rules are removed frofVHY-LIST In case that the selected rule was
in WHY-LIST all rules inserted after it iVHY-LISTare removed fronWHY-LIST
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To facilitate implementation, there are pointershite head as well as the tail of the
list.
Following is a more structured description of tleresponding algorithm:

1. For each neurule that is on WHY-LIST starting frntsrtail do
1.1.If the neurule is not on the head of the WHY-L|8®duce the corresponding
explanation showing the dependence of the neurat@iglusion variable on
the conclusion variable of the previous neurulevéiads the head).
1.2.Else (i.e. the neurule is on the head of the WHYF)Il produce
corresponding explanation showing the dependencethef neurule’s
conclusion variable on its condition’s variable vagovalue is asked for.

6. Explanation Examples

In the following, we provide certain examples cangey the aforementioned
explanation processes. The explanation exampldsasexd on results produced by the
symbolism-oriented inference for the (partial) ndebase shown in Table 1.

Let us suppose that the following values are gifgenthe input variables (in the
order specified): (pain, night-pain), (fever, neode), (antinflam-reaction, none),
(gender, man) and (age, 30) and stored in WM. Gthese inputs, neurules;,RRs
and R are blocked, whereas neurules Bhd R are fired. So, the following
conclusions are derived: {“patient-class is humaB3l, “disease-type is primary-
malignant”}.

6.1 ‘How’ explanation example
In this section, we present the ‘how’ type explarathat will be produced for the
aforementioned inference example. We give tracoigeem.

The explanation mechanism should provide explanatfor the output conclusion
“disease-type is primary-malignant” and the intedrage conclusion “patient-class is
human21-35”. In order to generate an explanatide far the produced output
conclusion, the explanation mechanism will exammeairule R, which has the
corresponding output and was evaluated to ‘1’ (TRRUEhe explanation rule is
produced as follows.

The set of positive conditions for;Rre posCond&R;) = {'antinflam-reaction is
none’, ‘pain is night-pain’, ‘patient-class is hun24.-35’}. The other three conditions
of the neurule did not need to be evaluated, adtegsduring inference. The tracing
of the generation of the above explanation rubsi$ollows:

necCond@R;) « {‘antinflam-reaction is none’, ‘pain is night-pajn
‘patient-class is human21-35}

unnecCond®y) « I

pos-suniRy): -9.7 + 12.4 + 12.3 + 11.9 = 26.9

neg-sunR;): 8.8 + 8.4 + 45 =217

Since pos-sunfR;)| > heg-sun(R;)|, a check is made whether condition ‘patientslas
is human21-35’, which is the one with the leastollie significance factor, can be
removed. However, in that cagm$-suniR;)| would become less thamey-surtR;)|.
So, finally necCond&R;) contains all three above conditions. Thus, thiéovong
explanation rule is produced:

EXR1
if antinflam-reaction is none
and pain is night-pain
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and patient-class is human21-35
then disease-type is primary-malignant

Due to the fact that the explanation rule EXR1 aorg an intermediate variable
(i.e. ‘patient-class’), another explanation rulewl be generated for it (having as
conclusion ‘patient-class is human21-35’). To tlisd, the fired neurule JRis
examined. The sets of positive and negative canditifor R are posCondR,) =
{'gender is man’, ‘age <= 35’, ‘age > 20’} amegCond&R,) = {‘gender is woman’},
respectively. The tracing of the generation ofdheve explanation rule is as follows:

necCond@R,) < {'gender is man’, ‘age <= 35’, ‘age > 20’}
unnecCond®;) <« J

pos-sunfRy): -2.2+15+15+1.3=2.1

neg-suniR,): 1.6

Since|pos-suniRy)| > heg-suniRy)|, a check is made whether condition ‘age >, 20’
which is the one with the least absolute signifaeafactor, can be removed. However,
in that case|pos-sunfR;)| would become less thameg-sunR.)|. So, finally
necCond@,) contains all the three mentioned conditions ahe following
explanation rule is generated:

EXR2

if  gender is man

and age <=35

and age > 20

then patient-class is human21-35

To improve the naturalness of derived explanatioles; they are presented as
follows (step 4 of the formal description of thga@lithm):

disease-type is primary-malignant
because antinflam-reaction is none
and pain is night-pain
and patient-class is human21-35

patient-class is human21-35
because genderis man
and age <36
and age > 20

6.2 ‘Why-not’ explanation example

In this section, we present a ‘why-not’ explanatexample produced by our system
for the above inference. The system will explainywhriable ‘patient-class’ has not
acquired the value ‘human0-20’. The explanationimacsm will focus on neurule;R
whose conclusion is ‘patient-class is human0-2®iisTneurule was not evaluated
during inference and therefore the ‘why-not’ expton process will first have to
evaluate it. Given the corresponding inputs, therume is blocked. Afterwards,
explanation rule EXR3 is generated.

EXR3
if gender is man
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and age > 20
then patient-class isnot human0-20

which is presented as

patient-class isnot human0-20
becausegender is man
and age > 20

6.3 ‘Why’ explanation example

In this section, we present a ‘why’ explanationdueed by our system for the above
inference. The system will explain why the user vaaked to provide a value for
variable ‘gender’. In this case, the inference psscstopped at neurule R4, whose
first unevaluated condition (i.e. ‘patient-class Imiman21-35’) contained an
intermediate variable. Neurule R2 contains a caicluwith the same intermediate
variable. The unevaluated condition of R2 with theximum significance factor
contained the variable ‘gender’. R2 causes theesydb ask the user the value of
variable ‘gender’. Therefore, the system will gexterthe following explanation:

“Decision ondisease-type requires decision opatient-class.
Decision ornpatient-class requiresvalue of gender.”

7. Experimental Results and Discussion

In this section, experimental results regarding gegformance of neurules are
presented with the help of a number of conductqukements. These refer to the
following:

e The symbolism-oriented process is compared to tdmnectionism-oriented

process for the alternative sets of input valués;1, 0} and {1, 0, 0.5}.

e For the set {1, 0, 0.5}, alternative versions of tlsymbolism-oriented

inference process are compared.

e The neurule-based explanation mechanism is comparetie explanation

mechanism used in connectionist expert systemgresented in (Gallant,
1993) and (Ghalwash, 1998). Comparison is perforfoetboth sets of input
values.

To this end, we used four datasets and two symbale bases. All involved
mechanisms were implemented in C using the MS ViStiaio Express Edition. The
experiments were run on a computer having a Cael2 CPU, 4 GB RAM and MS
Windows 7 installed.

The four datasets satisfy at least one of the vioflg requirements: (a) the
involved attributes are categorical and (b) therdépendency information available.
The first dataset (called ACUTE) is taken from (&ai, 1993). The dataset is
incomplete. It consists of 8 input data patterns @fu64 possible. For most of the
input combinations no final conclusion can be dramte all the output cells of the
connectionist knowledge base become false and hal dutput rules of the
corresponding neurule base become blocked. We geslts for 27 input
combinations for which final conclusion(s) can brawh that is, one or more output
cells of the connectionist knowledge base becoore @and one or more output rules
of the corresponding neurule base fire. The sedataset (called LENSES) is taken
from the UCI Machine Learning Repository (Bache i&Hman, 2013). This dataset is
complete and contains 24 input patterns each dowgisf four input and one output
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variable. The third and fourth datasets (called Gkl NURSERY respectively) are

also from the UCI Machine Learning Repository. Hoere we also used the

dependency information provided by the donatorthefdatasets (Bohanec & Zupan,
1997), which is not included in the Repository. TBBR dataset with the available

dependency information includes six input, thre¢éenmediate and one output

variable. The NURSERY dataset with the availableethelency information includes

eight input, four intermediate and one output \@eaThe four datasets were used to
construct corresponding four neurule bases acapridirihe mechanism presented in
(Hatzilygeroudis & Prentzas, 2001). Furthermoreyrfequivalent knowledge bases
used in connectionist expert systems were constluatcording to the instructions

outlined in (Gallant, 1993).

The two symbolic rule bases we used involve twdedint domains. One rule
base, mentioned hereafter as CSRB, concerns argadkmain (i.e. credit scoring),
specifically assessment of bank loan applicantsziiygeroudis & Prentzas, 2011b).
In (Hatzilygeroudis & Prentzas, 2011b), we present detail the design,
implementation and evaluation of two separate ligeit systems that assess bank
loan applications, a fuzzy and a neuro-symboliceeixpystem. The former employs
fuzzy rules based on knowledge elicited from exgpérhe domain concerns five input
variables, two intermediate variables and an outpaiable. Each input and
intermediate variable takes three discrete valuesr@as the output variable takes five
discrete values. We used one-hundred-seventy-{ti#) of the constructed rules in
our experiments and in the conversion process s@naad that values are non-fuzzy.

The other rule base, mentioned hereafter as MDRB¢carns a medical domain
and more specifically bone disease diagnosis (Kgtaioudis, Vassilakos, &
Tsakalidis, 1997). It contains one-hundred-thiwf (134) symbolic rules. The rules
involve five input variables and one output var@ablhe output variable takes fifty-
nine (59) discrete values. Four of the input vddatake four discrete values and one
input variable takes five discrete values.

The two rule bases were converted to two equivatentrule bases using the
conversion mechanism presented in (HatzilygerowligPrentzas, 2000), which
merges symbolic rules having the same conclusitmrieurules. Two corresponding
connectionist knowledge bases were also construatedrding to the guidelines
described in (Gallant, 1993). For this purpose, wsed: (a) the dependency
information inherent in each group of all symbailites having the same conclusion
and (b) the training sets extracted from the trtzthle of the combined logical
functions of each rule group.

For each dataset and rule base, two neurule baddsva connectionist knowledge
bases were constructed, one corresponding to se1 {0} and one corresponding to
set {1, 0, 0.5}. In each case, both neurule baseisthe same number of neurules. In
this way, on the one hand, the symbolism-oriented aonnectionism-oriented
inference mechanisms and, on the other hand, theuleebased explanation
mechanism and the explanation mechanism of coromesti expert systems were
compared in alternative schemes. It should be mead that the neurules constructed
from the four datasets had negative as well astipessignificance factors. The
neurules constructed from the two symbolic rulesebahad conditions with only
positive significance factors.

7.1 Symbolism-oriented process vs connectionism-erited process

An initial comment that can be made regarding the inference processes is that the
symbolism-oriented process is more natural tharctmmectionism-oriented process.
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Due to the fact that the symbolism-oriented progesm$orms inference in a similar
way to ‘classical’ rule-based reasoning, inferestaps are easily traceable. On the
contrary, the inference steps of the connectiorosiented process are more difficult

to follow.

Table 2.Symbolism-oriented vs connectionism-oriented inieee(set {1, -1, 0})

Datasets Connectionism-oriented Symbolism-oriented process
process
Computations Asked Computations Asked Inputs Mean
Inputs Runtime
Gain
ACUTE (27, 6) 11.56 452 8.41 4.30 32.24%
LENSES (24, 4) 25.50 3.33 12.46 3.83 52.75%
CAR-DEP (1728, 6) 117.96 4.96 35.54 5.92 69.27%
NURSERY-DEP 0
(12960, 8) 138.91 6.36 50.85 5.69 71.22%
CSRB 209.87 6.99 109.94 8 68.42%
MDRB 182.60 4.98 81.54 5 65.80%
AVERAGE 114.40 5.19 49.79 5.46 59,95%

Table 3.Symbolism-oriented vs connectionism-oriented infeee(set {1, 0, 0.5})

Datasets Connectionism-oriented Symbolism-oriented process
process (positive/negative (positive/negative sums)
sums)
Computations  Asked Inputs  Computations Asked Inputdean
Runtime
Gain
ACUTE (27, 6) 13.15 5.19 9.22 4.59 40.37%
LENSES (24, 4) 26.46 3.58 11.46 3.88 61.10%
CAR-DEP (1728, 6) 168.40 6 43.52 5.94 77.19%
NURSERY-DEP o
(12960, 8) 180.40 6.50 49.74 6.78 75.74%
CSRB 194.37 7.84 84.92 7.93 70.54%
MDRB 165.16 6 71.31 5 64.38%
AVERAGE 124.66 5.85 45.03 5.69 64.89%

Experiments were conducted to compare the symbalisemted with the

connectionism-oriented inference process. They veg@ied to the neurule bases
produced from the above mentioned datasets and ddigmbule bases. The
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connectionism-oriented and symbolism-oriented @ses corresponding to {1, O,
0.5} set involve use of positive and negative renmg sums. The inference
mechanisms are mainly compared as far as the catmgnal cost for drawing

conclusions is concerned. More specifically, corguer of the inference mechanisms
iIs made in terms of the mean computational time #mel mean number of

computations required in drawing conclusions. Comafons involve the mean

number of times that a product of a significanagdaand a corresponding condition
value were added to the known sum of a neurulethBumore, we provide

experiments involving the mean number of requirask€d) input values for both
inference mechanisms.

Tables 2 and 3 present experimental results reggrthe performance of the
inference mechanisms for the sets {1, -1, 0} and 1 0.5} respectively. “Mean
Runtime Gain” represents the mean computationak tgmined by applying the
symbolism-oriented inference mechanism comparethéo connectionism-oriented
one. “Computations” represents the mean numbepwipatations required to reach
conclusions. “Asked Inputs” represents the meanbminof input (askable) values
that were required to draw the conclusions. Besi@eh dataset name, two numbers
are shown in parentheses: the total number of imombinations and the total
(maximum possible) number of askable inputs in doenain. For instance, the
expression “LENSES (24, 4)” means that for the LEISSJlataset the total number of
input combinations is 24 and the total number d&abke inputs in the domain is 4.
The inference mechanisms, except for the ACUTEsa#tavere tested for all input
combinations.

As shown in Tables 2 and 3, the symbolism-oriemiextess performs better than
the connectionism-oriented process as far as rentemd mean number of
computations are concerned. More specifically, syllmtm-oriented process results in
a 56.47% average reduction in the number of conipata(49.79 vs 114.40) for the
{1, -1, 0} value set and in a 63.88% reduction (8vs 124.66) for the {1, 0, 0.5}
value set. Also, it provides a 59.95% mean runtgam for the {1, -1, 0} value set
and a 64.89% for the {1, 0, 0.5} value set. Themraiason for this is the fact that in
the connectionism-oriented process, evaluation adralition in any inference affects
several neurules and all its related conditions.t contrary, in the symbolism-
oriented process, each neurule is evaluated separahd some computations
performed in the connectionism-oriented processpaged. Due to the above, in the
connectionism-oriented process the number of coatipms and thus the time
required to perform inference are worse than thesan the symbolism-oriented
process. It should also be mentioned that thereoisclear advantage of either
inference process as far as the mean number ofdaskmuts is concerned.
Furthermore, there is no clear advantage of eittierence process as far as the set of
input values {1, -1, 0} or {1, 0, 0.5} for inputs iconcerned. However, in the case of
neurule bases having conditions with only posisignificance factors, as in the case
of neurule bases produced from conversion of syimbale bases, both inference
processes perform better for the set {1, 0, 0.5hpared to the set of discrete values
{1, -1, 0}. Therefore, when converting symbolic eubases to neurule bases, one
could examine the alternative neurule bases cayreipg to both sets of input
values.

7.2 Alternative schemes for symbolism-oriented pragss

Experiments were conducted to evaluate the perfoceaf the symbolism-oriented
process using positive and negative sums comparvethé symbolism-oriented
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process using only plain remaining sum as wellha&s gymbolism-oriented process
according to (Hatzilygeroudis & Prentzas, 2000)tfe set of input values {1, 0, 0.5}.
Table 4 presents results of those experimentsl{sefeu symbolism-oriented process
with positive and negative sums are replicated fiicable 3). “Comp.” represents the
mean number of computations required to reach osimis as in previous tables.
“VR” represents the mean number of rules visitednduinference.

Table 4.Results for the three alternative symbolism-oridriemcesses

Datasets Symbolism-oriented process  Symbolism-oriented Symbolism-oriented
(plain remaining sum) process (positive/negative process (Hatzilygeroudis
sums) & Prentzas 2000)
Comp. VR Asked Comp. VR  Asked Comp. VR  Asked
Inputs Inputs Inputs

ACUTE (27, 6) 10.93 5.15 5.26 9.22 4.70 4.59 12.96 5.33 5.63

LENSES (24, 4)

1504 267 4 1146 267 388 19 267 4
?f%g %ﬁ’ 6429 1144 594 4352 1117 594 8117 1188 6
NU&?EEOT'SEP 7677 1504 691 4974 1370 678 119.96 17.64 8
CSRB 86.99 3943  7.96 8492 3943 7.93 8492 394393 7.
MDRB 7173 338 5 7131 338 5 7131 3388 5
AVERAGE  54.29 17.94 585 4503 1759 569 64,89 1847  6.09

Table 5.Mean runtime gain of symbolism-oriented process pisitive and
negative remaining sums compared to the other ywibslism-oriented processes

Datasets Symbolism-oriented process Symbolism-oriented process
(positive/negative sums) vs (positive/negative sums) vs
Symbolism-oriented process (plain Symbolism-oriented process
remaining sum) (Hatzilygeroudis & Prentzas 2000)
ACUTE (27, 6) 8.45% 14.47%
LENSES (24, 4) 14.28% 22.20%
CAR-DEP 16.50% 7.20%
(1728, 6)
NURSERY- 17.35% 33.06%
DEP (12960, 8)
CSRB 13.16% -
MDRB 1.89% -
AVERAGE 11.94% 19.23%

In case positive and negative sums are used, pwafare is better as far as
runtime, computations, visited rules and asked tsm@we concerned. These results
were expected since the positive and negative siomisibute in evaluating neurules
with fewer of their conditions needing to be evaédal Fewer evaluated conditions
means that time-performance is improved (in terrsuatime, computations and
visited rules) and also fewer inputs need to beedskihe performance of the
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symbolism-oriented process with positive and negasums is identical to the
performance of the process according to (Hatzilygdis & Prentzas, 2000) in case
of neurule bases with only positive significancetdas. In case of neurule bases with
both positive and negative significance factorse fterformance of the process
according to (Hatzilygeroudis & Prentzas, 2000)/@sse than the performance of the
symbolism-oriented process using positive and megasums as well as the
symbolism-oriented process using only plain renmgrsum. In case of neurule bases
with only positive significance factors, the perfance of the process according to
(Hatzilygeroudis & Prentzas, 2000) is better tham performance of the symbolism-
oriented process using only plain remaining sum.

Table 5 presents results involving the mean runtpaen of the symbolism-
oriented process with positive and negative remginsums compared to the
symbolism-oriented process with plain remaining samad the symbolism-oriented
process according to (Hatzilygeroudis & Prentz@802.

7.3 ‘How’ Explanation process in neurules and conradionist expert systems
The ‘how’ explanation process associated with nesraompared to the one used in
connectionist expert systems displays the follovadgantages:

a) It produces more natural explanation rules. Thislue to the fact that the
random cells introduced in connectionist knowlethgses have no meaning to the
user. These random cells downgrade the naturatiigdhe explanation rules since the
“concepts” corresponding to the random cells appeaonditions and conclusions of
the explanation rules.

b) It produces less explanation rules. Once ada@mis due to the existence of
random cells in connectionist knowledge bases. Hoeease in the number of
explanation rules in connectionist expert systemeseiases the computational cost in
producing the explanation rules. Furthermore, igas an issue of comprehensibility
as far as the user is concerned. The more exptenailes are presented to the user,
the more confused he/she will be.

We use an example to demonstrate this. Table @&tdapithe form of a matrix the
connectionist knowledge base corresponding to gueute base presented in Table 1.
The first column of the table depicts the namesnpiut and intermediate nodes
whereas the first row depicts the names of interatedand output nodes. Fig. 2
graphically depicts the connectionist network. Toheanectionist knowledge base has
been constructed using the dependency informatanerning the input, intermediate
and output variables. Training is performed sep#iyator each intermediate and
output node and the corresponding inputs. Theitrgisets have been extracted from
the truth tables of the combined logical functiohtle rules of the merger set
corresponding to each intermediate and output osmi. The connectionist
knowledge base contains five random cells, two ajrtbe ‘arthritis’ output node and
its inputs and three among the ‘primary-malignaotitput node and its inputs.
According to the instructions given by Gallant (399nput nodes are connected to
both random cells and the output nodes. The ranmkl® have been inserted in order
to handle inseparability and have no meaning tautes as they do not correspond to
domain variables.

The right part of Table 7 contains the explanatroies produced from the
connectionist knowledge base for the inference @@mutlined in Section 6. The
left part of the table contains the explanatioresuproduced by the explanation
mechanism associated with neurules. Variables ‘aBd ‘UE’ correspond to the
random cells introduced into the connectionist kieolge base in order to deal with
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inseparability. The existence of meaningless inégliate variables, in the
connectionist knowledge base, increases the nurobeéis explanation rules and
makes them difficult to comprehend since varialilg®s and ‘uE’ make no sense to
the user.

Table 6.The connectionist knowledge base correspondinggméurule base shown in Table 1

2 8 55 25 g 5

s 8 8 £ £ g2 g5 g3 5

= N o S~ &~ 5% B8 5& £ ‘3

g S S 23 of S8 Qg€ o8 = £

= £ £ s~ g g .2 = 82 & %

2 2 2 L L JE T gE :

£ £ £ IS £ =

bias -0.5 -2.2 -4.1 10.3 13.9 10.3 -50.9 3.1 49 10.3
man 3.4 1.5 2.6 0 0 0 0 0 0 0
woman 3.0 1.6 3.2 0 0 0 0 0 0 0
age<=20 3.3 0 0 0 0 0 0 0 0 0
age>20 0 1.3 0 0 0 0 0 0 0 0
age<=35 0 1.5 0 0 0 0 0 0 0 0
age>35 0 0 3.0 0 0 0 0 0 0 0
age<=55 0 0 33 0 0 0 0 0 0 0
pain-night 0 0 0 -15.3 -0.9 -18.9 -4.5 -11.7 0.9 .720
pain-continuous 0 0 0 -11.1 -7.5 6.9 -3.9 -11.1 5.1 105
ant-reaction-none 0 0 0 0 0 -11.0 7.0 -18.2 0 14.2
ant-reaction-medium 0 0 0 -14.6 -0.2 0 0 0 1.6 0
ant-reaction-high 0 0 0 -0.8 -4.4 0 0 0 1.0 0
fever-no-fever 0 0 0 -7.8 -0.6 13.8 -4.2 -15.0 1.2 10.2
fever-low 0 0 0 0 0 -4.3 -11.5 29 0 10.1
fever-medium 0 0 0 0 0 -1.0 -11.8 2.6 0 9.8
fever-high 0 0 0 0 0 -3.9 -11.1 6.9 0 10.5
joints-pain-no 0 0 0 -0.3 -3.9 0 0 0 15 0
human0-20 0 0 0 -11.0 -3.8 -14.6 -14.6 7.0 -2.0 7.0
human21-35 0 0 0 -15.1 -4.3 -0.8 -26.0 10.0 1.1 6.4
human36-55 0 0 0 -1.0 -8.2 -7.4 -0.2 -25.4 0.8 -0.2
Int. varl arthritis (UA) 0 0 0 0 0 0 0 0 -12.8 0
Int. var2 arthritis (uB) 0 0 0 0 0 0 0 0 -6.2 0
Int. varl primary- 0 0 0 0 0 0 0 0 0 -11.6
malignant (uC)
Int. var2 primary- O 0 0 0 0 0 0 0 0 -21.9
malignant (uD)
Int. var3 primary- O 0 0 0 0 0 0 0 0 -18.4

malignant (UE)
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arthritis

LA uB
103 139

primary -
malignant

Input and intermediate nodes
(pain, fever, antinflam-reaction, joints-pain,
human0-20, human21-35, human36-55)

!

Input nodes for human0-20, human21-345,
human36-55 (man, woman, age)

Fig. 2. Graphical depiction of theonnectionist knowledge base

Table 7.Example ‘how’ explanation rules produced from néegwand connectionist expert systems

NEURULES CONNECTIONIST EXPERT SYSTEMS
EXR1 GH-EXR1 GH-EXR3
if  genderis man if sexis man if antinflam-reaction is none
and age <=35 and age <=35 and fever is no-fever
and age > 20 and age > 20 and pain is night-pain,
then patient-class is human21then patient-class is and patient-class is human21-35
35 human21-35 then uE isnot true
EXR2 GH-EXR2 GH-EXR4
if antinflam-reaction is none if patient-class is human21if ~uD isnot true
and pain is night-pain 35 . and pain is night-pain
and patient-class is human21-3ghen uD isnot true and uEisnottrue
then disease-type is primary- and antinflam-reaction is none

then disease-type is primary-

malignant malignant

Experiments were conducted to compare the ‘howlaqgiion process associated
with neurules with the ‘how’ explanation processedisin connectionist expert
systems. In the experiments involving connectiomispert systems, we used the
Recency Inference Engine presented in (Ghalwa®8)1Which is more efficient than
MACIE presented in (Gallant, 1993).

Tables 8 and 9 present some experimental resutipaing the ‘how’ explanation
process associated with neurules with the ‘how’ laxgtion process used in
connectionist expert systems. The explanationsymed are the ones justifying the
conclusions reached by the corresponding inferemmxhanisms for the six
knowledge bases when giving the same inputs dsiprevious section. Comparison
is made in terms of the number of explanation rpiexiuced and the time required
producing them. Column ‘EXRUL-NUM’ contains the nmeaumber of explanation
rules produced. Column ‘Mean Runtime Gain’ représdéhe mean computational
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time gained by applying the ‘how’ explanation preg@ssociated with neurules with
the ‘how’ explanation process used in connectiosxgtert systems.

Table 8.‘How' type explanations: neurules vs. connectibpigert systems
(set of discrete values {1, -1, 0} for inputs)

Neurules Connectionist expert
Datasets (Symbolism-oriented process) systems
EXRUL-NUM  Mean Runtime EXRUL-NUM
Gain
ACUTE (27) 3.07 40% 4.30
LENSES (24) 1 42.10% 2.42
CAR-DEP (1728) 4.10 55.17% 7.56
NURSERY-DEP (12960) 3.71 54.90% 7.55
CSRB 2.74 89.09% 18.90
MDRB 1 58.62% 3.11
AVERAGE 2.60 56.65% 7.31

As can be seen from the tables, the number of ‘feoyplanation rules produced by
the explanation mechanism associated with neurisleless than the number of
explanation rules produced by the explanation m@sha used in connectionist
expert systems. For this reason, the time requogaroduce explanation rules from
neurules is less than the time required to produgeanation rules in connectionist
expert systems. More specifically, symbolism-omehprocess results in a 56.65%
average mean runtime gain for the {1, -1, 0} vatet and 56.73% for the {1, 0, 0.5}
value set. Also, it results in an average reductionthe number of produced
explanation rules of 64.38% (2.6 vs 7.3) for the {1, 0} value set and of 69.28%
(2.8 vs 9.11) for the {1, 0O, 0.5} value set.

Table 9.'How’ type explanations: neurules vs. connectibeigert systems
(set of discrete values {1, 0, 0.5} for inputs)

Neurules Connectionist expert
Datasets (Symbolism-oriented process) systems
EXRUL-NUM  Mean Runtime EXRUL-NUM
Gain
ACUTE (27) 3.04 21.42% 5.37
LENSES (24) 1 73.33% 3.46
CAR-DEP (1728) 4.35 51.65% 9.77
NURSERY-DEP (12960) 4.83 52.17% 10.63
CSRB 2.62 88.14% 22.08
MDRB 1 53.66% 3.37
AVERAGE 2.80 56.73% 9.11

8. Conclusions

In this paper, we present inference and explanatienhanisms for neurules, a type
of hybrid rules integrating symbolic rules with mecomputing. Each neurule is
considered as an adaline neural unit expressed/mbdic oriented syntax. An
attractive feature of neurules is that comparedotioer similar neuro-symbolic
approaches, like the one followed in connectioerigbert systems, they retain the
modularity and to some degree the naturalness mbslc rules; also they support
interactivity with the user during inference by imgkfor input values when necessary.
Neurules are constructed either by converting gstymbolic rules or directly from
empirical data in the form of training examples.

We present two alternative neurule-based infergroeesses. The first, called
connectionism-oriented, gives pre-eminence to andased on neurocomputing. Its
main idea was presented in a past work of ourseHee present an improved
version. The second presented inference procelsd csymbolism-oriented process,
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gives pre-eminence to symbolic reasoning and isdas a backwards chaining like
approach. For each inference process, we alsode@themes for two alternative
sets of discrete input values, {1, -1, 0} and {10@®}. Inference is more natural when
the set {1, 0, 0.5} is used. Experimental resulés’éh shown that the symbolism-
oriented inference process requires less computdtieffort to draw conclusions
compared to the connectionism-oriented inferenoegss, for both alternative input
values sets. More specifically, symbolism-orienpedcess results in a 56.47% (resp.
63.88%) average reduction in the number of compurstfor the {1, -1, 0} (resp. {1,
0, 0.5}) value set. Also, it provides a 59.95% [rxe64.89%) mean runtime gain for
the {1, -1, 0} (resp. {1, O, 0.5}) value set.

The explanation mechanism provides three typesxpfasations: ‘how’, ‘why’
and ‘why-not’. The ‘how’ explanation rules, proddceby the neurule-based
explanation mechanism are more natural and lessinmber than the ones produced
by the corresponding mechanism in connectionisegxgystems. More specifically,
symbolism-oriented process results in a 56.65%p(868.73%) average mean runtime
gain for the {1, -1, 0} (resp. {1, 0, 0.5}) valueets Also, it results in an average
reduction in the number of produced explanatioesudf 64.38% (resp. 69.28%) for
the {1, -1, 0} (resp. {1, O, 0.5}) value set.

Our future work involves various research directioWe outline the most
important in the following.

A first research direction concerns the combinattdmeurule-based with case-
based reasoning. A number of approaches have lmaxoged that combine rules
and cases. This type of combination provides adwps due to the fact that rule-
based and case-based reasoning have complemedtemytages and disadvantages
as far as knowledge representation and reasoniegcancerned (Prentzas &
Hatzilygeroudis, 2007). As neurules retain the rafess and modularity of symbolic
rules, the combination of neurules and cases pesviadvantages. In (Prentzas,
Hatzilygeroudis, & Michail, 2008) we present an ag@zh combining neurule-based
and case-based reasoning that improves a previgu®ach of ours in terms of
accuracy. We intend to apply this approach to anional domain. Neurules will be
produced from available symbolic rules. A prereg@idor the application of an
approach combining rule-based and case-based regssrthe availability of rules
and cases. This prerequisite is satisfied in varfomancial domains.

A second direction involves testing of differentmdarity measures in the
construction process of neurules from training gxas Neurules, as mentioned, are
based on the adaline unit. In the construction ggscthe inherent difficulty of the
adaline unit to handle inseparable training setdeslt with by splitting inseparable
training sets into subsets, which are trained sdplyr The splitting process creates
subsets of examples which are ‘close’ to each otheraspect of interest is how the
application of different similarity measures affette splitting process in terms of the
number of constructed neurules. In a previous waerg, presented initial results
involving four different similarity measures. We tend to perform further
experiments with other similarity measures for gatecal data such as the ones
brought together from different fields in (dos SEn& Zarate, 2015) and compared
using a common clustering approach. We intend sbdad compare corresponding
similarity measures in the construction processenfrules. As similarity measures are
used in various domains, their comparative testiag yield interesting results for the
research community.

Another research direction in the construction psscof neurules from training
examples concerns the methods used for creatidraiming subsets. The splitting
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process resembles clustering approaches (KaufmBousseeuw, 2005; Aggarwal &
Reddy, 2014) as the goal is to create subsets stongsiof ‘close’ examples.
Clustering approaches for categorical data haveegainterest during the last years.
We intend to test alternative clustering approachdbe creation of training subsets.
An example of a clustering approach that couldfygdied is k-medoids (Park & Jun,
2009).

Yet another direction is the application of neusul® an e-learning system
addressed to early childhood. Early childhood etlocais a field gathering the
interest of educational technology researchers. ritmber of software applications
addressed to early childhood has increased significin the recent years (Morgan
& Siraj-Blatchford, 2013). Few e-learning systemsarporating Al methods and
addressed to early childhood have been developesht@dds, 2013). Hybrid Al
approaches may provide advantages, as they satisfiiknowledge representation
requirements for intelligent tutoring systems (IT$Blatzilygeroudis & Prentzas,
2006). We intend to extend our previous work bydleping ITSs that incorporate
neurules (Prentzas, Hatzilygeroudis, & Koutsojanr2001; Hatzilygeroudis &
Prentzas, 2004Db) related to early childhood.

A final interesting research direction is the comaion of fuzzy logic with
neurules. In (Koutsojannis & Hatzilygeroudis, 20@6)ype of fuzzy neurules based
on fuzzy adaline units is presented. Reasoningexpthnation in such an integrated
representation scheme have not yet been explored.
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