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ABSTRACT

Logic-Based Reasoning Systems generate conclusions from a set of
premises asserted by a user. In today’s world, there is an increasing
trend in adopting such systems to help make decisions. However,
generating explanations for conclusions drawn by Logic-Based
Reasoning Systems remains a challenge. The inability of domain
experts (i.e. users) to efficiently debug incorrect conclusions or
know why a system draws a conclusion indicates a usability issue
in Logic-Based Reasoning Systems.

This paper investigates a theoretical framework used to build
explanation tools. This includes providing background informa-
tion about Logic-Based Reasoning Systems and a brief overview
of Attributive Language with Concept Negation (ALC) Descrip-
tion Logics (D L). Furthermore, this paper shows how to find the
minimal premises (justifications) of a conclusion (entailment) and
how to generate explanations using justifications. After generating
an explanation expressed in ALC D.L, this paper shows how to
convert this explanation into a natural language equivalent, such as
English. The framework presented in this paper allows OWL (Web
Ontology Language) ontology engineers to build explanation tools
from the ground up for existing Logic-Based Reasoning Systems.
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1 INTRODUCTION

The information age has changed the way humans make decisions.
It has introduced the notion of outsourcing repetitive and compu-
tationally intensive activities to computers. This usually involves
capturing the parameters of a real-world problem into a machine-
readable form, writing algorithms to solve the problem, and then
using the solution to augment decisions or inform areas of interest.

In order to capture the parameters of a real-world problem, an
ontology needs to be developed. An ontology is defined as an engi-
neering artefact[11] that documents a representation of “rich and
complex knowledge about things, groups of things, and relations
between things”[9]. The World Wide Web Consortium (W3C) main-
tains the standards of a state of the art ontology language called
the Web Ontology Language (OWL).

There are many Logic-Based Reasoning Systems that have been
successfully built using OWL. For instance, the medical field has
built OWL Reasoning Systems for diagnosing medical conditions
such as the SNOMED system [7] and the NCI Thesaurus expert
system [8]. However good these systems are, domain experts are
reluctant to adopt them because they do not provide users with
enough information as to why a conclusion is made by the system.

Definition 1 (Entailment). An ontology O logically entails a propo-
sition y, denoted O |= y, if and only if whenever O is interpreted
to be true, so is y.

Definition 2 (Justification). A justification J is a minimal set of
premises! that are required to be true (or present in an ontology
O) in order for an entailment 7 to be true. The minimality of J
implies that if any premise a € J is removed from 7, then it is
not possible to prove that O |= 5.

A justification explanation is a type of explanation that provides
the rationale for why an ontology draws an entailment[34]. The
purpose of justification explanations is to aid domain experts with
understanding entailments, debugging and repairing ontologies,
and understanding ontologies in general [11]. This also includes
allowing domain experts to learn what premises led to the inference
of entailments and to discern why an ontology draws an inconsis-
tent entailment.

Definition 3 (Inconsistency). An inconsistent ontology O is an
ontology that contains a premise @« € O, whereby « cannot be
interpreted to be true if O\{«} is interpreted to be true.

The increasing need to use Logic-Based Reasoning Systems to
make decisions has led to an increase in the need to improve the
usability of such systems[26]. This paper aims to provide a theo-
retical framework for generating justification explanations. This
allows domain experts to be able to build explanation facilities from
scratch for an existing Logic-Based Reasoning System built with
OWL and restricted to ALC DL2.

An example implementation of this framework is illustrated in
the supplementary information in section 10 (Figure 12). Moreover,
there is a sister project by Cilliers Pretorius[25] which extends an Ex-
planation Workbench created by Horridge[24] in Protége[12, 13, 19].
Cilliers’s project improves an existing Logic-Based Reasoning Sys-
tem by applying the principles presented in this paper.

Remark 1. A premise is a type of proposition which is used to infer
new propositions.

1A premise is a proposition in which other propositions may be inferred from
2 A decidable subset of First Order Logic (7O £).



In this paper, Logic-Based Reasoning Systems are treated as
black-boxes, which means that an explanation facility built with
this framework is independent of the implementation of the Logic-
Based Reasoning System. The structure of this paper is as follows:
Section 2 outlines the background of Logic-Based Reasoning Sys-
tems. Section 3 establishes the preliminary knowledge required to
understand this paper. Section 4 focuses on the techniques used
to compute justifications. Section 5 focuses on how proof-trees?
are generated and selected. Section 6 focuses on how the selected
proof trees are translated into English and presented to the user as
an explanation for an entailment. Section 7 concludes this paper
and the appendix contains an example of the implementation of
this framework.

2 BACKGROUND AND RELATED WORK

This section is akin to a brief literature review. It outlines what has
been done in the field of generating explanations for ALC DL
and OWL Reasoning Systems and how does the background relate
to this paper.

Early generations of Logic-Based reasoning systems attempted
to generate explanations using unsuitable techniques such as the
canned text approach. This approach requires the ontology engineer
to anticipate all possible entailments and hard-code corresponding
explanations[22]. Needless to say, it fails for ontologies as large
as the SNOMED ontology which contains about 500,000 premises
[31]- making this technique impractical.

Another approach deployed by early-generation systems is the
code translation technique. This technique traces the actions of
the underlying Reasoning System and translates them to English
as an explanation for how a system draws an entailment. How-
ever, systems employing this technique fail to generate justification
explanations. Examples of such systems include CENTAUR [5],
Digitalis Advisor [32] and MYCIN [14] which assist in diagnosing
medical conditions.

Swartout and Moore [21] have summarised the issues experi-
enced with early-generation systems:

o Narrow: First-generation systems allowed a limited variety
of queries.

o Inflexible: They only present explanations in textual form,
they do not offer alternative forms of presentation such as
graphs.

o Insensitive: They cannot take into account the user’s back-
ground knowledge

e Unresponsive: They do not allow users to ask follow-up
questions.

o Inextensible: Users cannot extend first-generation systems’
explanation facilities to tailor them according to their needs.

In an attempt to solve the issues experienced by first-generation
reasoning systems, a wave of second-generation systems emerged.
These systems include NEOMYCIN [29], XPLAIN [33], PROSE

3 A tree structure that has the entailment as the root, and the premises of the justification
as the leaf nodes and the inferred propositions as the intermediate nodes

[6], and REX [38]. In addition to solving first-generation issues,
Swartout and Moore [34] have identified the following characteris-
tics as desirable in second-generation systems:

o Fidelity: The explanations generated accurately should re-
flect the actions of the system.

e Understandability: The explanations should be naturally
understood by domain experts.

e Low Construction Overhead: The amount of effort put
into developing explanation tools should be less than the
amount of effort put into developing the corresponding rea-
soning system.

¢ Efficiency: The runtime efficiency of the reasoning system
should not be degraded by the attached explanation tool.

In addition to the aforementioned characteristics, Tintarev and
Masthoff [36] have identified the following explanation objectives
that are desirable in Recommender Systems?:

e Transparency: Reasoning System should provide explana-
tions of how conclusions were reached (i.e. how the system
operates).

o Scrutability: Users must be able to inform the system that
a particular explanation is incorrect.

o Trustworthiness: Users should be able to trust the system
to make decisions on their behalf.

o Effectiveness: The decisions recommended by the systems
should help users make better/optimal decisions.

o Efficiency: The time taken to make a decision should be
minimised.

o Satisfaction: Users must be left satisfied with the decision
recommended by the system.

e Persuasiveness: The system should persuade the user to
accept the decision made by the system.

Another important contribution in this field was made by Nguyen
et al. [37] on measuring the understandability of OWL inferences.
They propose an algorithm to predict the understandability of OWL
inferences. Furthermore, Nguyen’s thesis [23] implements an ex-
planation generation tool for SROZ Q D L (another decidable sub-
set of ¥ O L, but more expressive than ALC D L). His approach
involves curating a set of common deductive rules and creating
proof-trees from them in order to generate explanations in a natural
language (English).

Other notable literature include Schlobach and Cornet’s [28]
work which introduced methods used to debug incorrect entail-
ments. Tied-up with the work by Baader and Hollunder [2] and a
toolkit for justification entailments in OWL developed by Parsia
and Ulrike Sattler [24], this gave rise to another technique: “Minimal
Unsatisfiable Preserving Sub-TBoxes (MUPS)” [39]. This technique
can prove that an entailment is false by finding the minimal subsets
of an ontology that are justifications for unsatisfiable classes.

Kalyanpur et al. [16] were the earliest advocates for using jus-
tification explanations as a tool for debugging entailments. They

4 A type of reasoning system which makes recommendations for online e-commerce
products based on customers’ history and activities



Table 1: A table illustrating notation used for ALC DL

Symbol Description Example Symbol Description Example
T T is a class containing all instances T 1 1 is an empty class 1
n conjunction of classes CcnbD U disjunction of classes CcubD
- complement of a class -C v universal restriction VR.C
3 existential restriction 3R.C C subclass CCD
= Class equivalence C = Class definition C=D
Class assertion a: Relation assertion (a,b): R

introduced this in the reasoning system Swoop [16, 18]. Further-
more, Kalyanpur’s thesis [15] demonstrates the value of using jus-
tifications for repairing and debugging OWL ontologies.

Today, justification explanations are used as the primary source
of debugging and repairing OWL ontologies. This has inspired the
research community to develop new algorithms [3, 4, 30, 31, 35]
with justification explanations as the foundation of explanations in
Logic-Based Reasoning Systems.

After conducting a literature review of related work, we assert
that although current Logic-Based Reasoning Systems allow on-

Table 1 illustrates the notation used throughout this paper. Let
C and D be classes, a and b be instances and R be a relation. Let No
be a set of class names, N be a set of relation names, and Np be a
set of instance names.

Definition 4 (Class). A class is defined as:

e T, A set of all instances.
e 1, An empty set.

e A e N¢isaclass.

e CM D, the conjunction of C and D is a class.
e C U D, the disjunction of C and D is a class.
e —(C, the complement of C is a class.

tology engineers and domain experts to generate explanations, Let R € Ng.
they are still riddled with the same issues that were identified by e VR.C, the universal restriction of a class by a relation is a
Swartout et al. [34] in 1993. This indicates that progress in this area class.
is stagnant or optimising explanations in Logic-Based Reasoning e JR.AC, the existential restriction of a class by a relation is a
Systems is difficult. class.

3 PRELIMINARIES

This section introduces the main ideas of ALC DL and prelimi-
nary knowledge required throughout this paper.

3.1 Description Logics

DL is a decidable® subset of FO.L. There are many flavours of
this logic with varying degrees of expressiveness. The ALC DL
is formally called the Attributive Language (A L) with Class Com-
plements Description Logics. Recall that in section 1, we defined
an ontology as a representation of: “things”, “groups of things” and
“relations between things”. In ALC DL, groups of things are re-
ferred to as classes, things are referred to as instances (of classes)

and relations between things are referred to as relations.

Furthermore, ontologies built with ALC DL are subdivided
into the following categories: a terminological component (TBox)
and an assertion component (ABox). The TBox contains proposi-
tions which define the domain of the ontology, this is usually seen
as a set of class instances described in terms of their relations (i.e.
properties). For example, All Cats are Animals. Counter to TBox
propositions, the propositions of an ABox are typically of the form:
A is an instance of B, for example, Fluffy is a Cat.

SDecidability in this context refers to the existence of effective methods to solve a
problem. This means that inferences made using this logic will return a solution within
a reasonable amount of time

Definition 5 (Knowledge Base). A knowledge base K8 = (T, A)
is an ordered pair containing a Tbox (T) and an Abox (A).

To give meaning to our KB, we define the semantics of ALC
D L, which map the interpretation of the symbols in the KB to a
possible world. In predicate logic, the interpretation function maps
the symbols to binary values. However, ALC D L maps the sym-
bols to a domain of classes and instances of classes.

In the context of Logic, an interpretation is the assignment of
meaning to the symbols in the K'B.

Definition 6 (Interpretation). We formally define an interpretation
tobe apair I = (AL, Iyovera tuple (N¢, Nr, No) which consists
of:
e Adomain AT #0
e An interpretation function -/ which maps an instance a, class
C and relation R as follows:
1) Liaral en!
@ L:c-al
3) 1 : R Q, where 0 c AT x AT
such that:
o TL =pL
o1l =0
o (cupyf =ctupt
o cnD)! =cf np!
o (-O)F = AT\t
e (VRO = {x € A| for every y,(x,y) € R implies y €
cly



e (AR.C)Y = {x € AZ| there exists y,(x,y) € RY and y €
chi]

Definition 7 (Entailment with respect to an interpretation). We
define logical consequence as follows: Suppose we have two inter-
pretations Mod(a) and Mod(f) for a and f, respectively. Then «
entails f (written « |= f) if and only if Mod(a) € Mod(p).

Definition 8 (Terminological Box). A TBox 7 is now formally
defined with the following two conditions:

e I |=cCcDiffct c D!

o [ ET iff I |=®forevery® € 7 [1]

Definition 9 (Assertion Box). An ABox A is now defined with the
following three conditions:

e I =a:Cifandonlyifa? et

o 7 |=(a,b): Rifandonlyif(aj,bj eRrRY)

o J |=Aifandonlyif I |= ¢ for every ¢ € A [1]

We conclude the overview of description logics by refining our
definition of K8 constructed with ALC D L.
KB = (T, A) if the following condition holds:
T =EKBiff I ET and I | A.

Recall that a justification for an entailment is a minimal set of
premises that are required to be true in order for an entailment to
hold [20]. From the description ALC DL, we know that premises
are instances of classes asserted by an ontology engineer.

We now update this definition with a more precise definition:

Definition 10 (Justification). Suppose an ontology O and an en-
tailment ‘W such that O |= “W. Then J is the justification for the
entailment ‘W if:

e JCOand

e VZ C T, ZeWII]

Definition 11 (Satisfiability). We say that a class C is unsatisfiable
with respect to an ontology O, if C? = 0 for every interpretation
I of the ontology O. This implies that a class C is satisfiable in the
ontology O if there is an interpretation 7 such that ct #o0.

Definition 12 (Consistency and Inconsistency). A more precise
definition of consistency is that an ontology O is consistent if there
exists an interpretation 7 in O. However, an ontology O is inconsis-
tent if there is no interpretation 7 in O that satisfies every premise
in O. This is described as O |= T C 1, meaning the ontology O
entails everything.

3.2 Services in Logic-Based Reasoning Systems

This subsection briefly outlines what it means for a logic-based
system to reason.

Reasoning in Logic-Based Systems occurs when the system dis-
cerns if an entailment follows from its ontology. Since this paper
treats reasoning systems as a black-boxes, the details of the im-
plementation of a reasoner will not be discussed. However, a brief
overview of the types of standard reasoning tasks is given in the
following list:

e Consistency Checking: In this case, the system determines
if there is at least a single interpretation 7 of the ontology
0.

o Satisfiability Checking: In this case, the system determines
ifc! #0.

e Subsumption Testing: In this case, the system determines
if given two classes C and D, is O |= C T D true? Which
essentially asks the question, is CZ € D7 for every interpre-
tation 7 of the ontology O?

¢ Instance Checking: In this case, the systems checks if the
instance a belongs to a class C. This means that the system
tries to find an interpretation 7 such that af € ¢

4 JUSTIFICATION GENERATION

Recall that we defined a justification J as any minimal subset (a set
of premises) of the ontology O from which an entailment ¢ can be
drawn [15]. The condition of minimality implies that if a premise
a € g is removed from O, then it would be impossible to infer ¢
from the ontology O.

We present two algorithms developed by Horridge[11] for com-
puting justifications for black-box Logic-Based Reasoning Systems.
The first algorithm computes a single justification J for an entail-
ment 7 and the second algorithm computes all possible justifications
{F1, F2, F5..., I} for n. Horridge[11] claims that it is a useful prac-
tise to distinguish between the two because the algorithm used
for computing a single justification may have subroutines that
can be used by the algorithm used for computing all justifications.
Another reason for distinguishing between the two algorithms is
that at times domain experts may need a single justification to
debug an ontology- making it unnecessary to compute all possible
justifications.

4.1 Generating A Single Justification

Algorithms used to compute justifications are generally called
premise pinpointing algorithms. Algorithm 1 is adopted from Hor-
ridge’s [11] algorithms for computing a single justification 7.

Algorithm 1 is a brute-force algorithm. It constructs 7, given
O for an entailment 7. It has two phases, the expansion phase (il-
lustrated in algorithm 2) and the contraction phase (illustrated in
algorithm 3).

The first step is to determine if O is empty. If so, then 7 is 0.
We assume that 1 # ) because the justification for an empty set is
0. The next step is to continually add premises a to S until S |= #.
This is called the expansion phase and is illustrated by algorithm 2
in line 5 to 8. When S |= 5, then it is guaranteed that S contains a
justification .



Algorithm 1: Computing Single Justification

Data: Ontology O, Entailment 7
Result: Justification J
1S«0
if O = 0 then
‘ return

N}

[}

else

S « Expand(S, O, n)
6 J « Contract(S, n)
7 end

a e

®

return J

Algorithm 2: Expand

Data: Ontology O, Entailment 7, Set S
Result: Set S
1 if O ¥ n then

2 ‘ return ()

3 else

4 P—0

5 while S ¢ n do

6 P — P\{a}
7 S« Sn{a}
8 end

9 end

10 return S

Algorithm 3: Contract
Data: Entailment 5, Set S
Result: Set S

1P «—0

2 fori « 0to|S|do

3 if S\ (a;;n, € S) |= n then

4 P —Pn{ajn}
5 S — S\{ajsn}
6 end

7 end

s return S\P

After the expansion phase, we know that J € S. The contrac-
tion phase prunes the set S by removing all premises a which when
removed, leaves S |= 5 still true. This is shown in algorithm 3 in
line 2 to 5, in which premises that do not form J are inserted into
set # and then the algorithm 3 returns S with £ removed.

Although algorithm 1 does in fact return a correct justification,
we notice that the runtime complexity of this algorithm, for the
worst and average cases, is O(n), where n = |O|. This is obviously
inefficient for large ontologies. In the best case scenario, | J| = 1
and the runtime complexity is O(1) for algorithm 2 and 3. We note
that the total number of unnecessary tests required, in the worst
case scenario, is 2 X(|O| — |J|). We also observe that the space
complexity in the worst and average cases is O(n). In the best case

Figure 1: A diagram illustrating the application of algorithm
1, 2 and 3 pinpointing T

scenario, | 7| = 1 and thus the space complexity is O(1), in the best
case scenario.

Figure 1 illustrates the basic idea of algorithm 1. The first set of
premises represent O with purple circles representing the premises
{a1, a2, a3, ...,an} = J. The second set of premises represent the
resulting set S (represented by red circles) after applying algorithm
2. Finally, the last set of premises represent S = J after applying
algorithm 3.

To improve algorithm 1, we need to employ strategies which
minimise the number of tests required by the contraction (algorithm
3) and expansion(algorithm 2) phase. Horridge [11] proposed multi-
ple techniques to optimise the expansion phase and the contraction
phase.

4.1.1 Expansion Optimisation: Expansion by Selection Function.

The main idea is to use a function og ; : £(0) — P(O) where
P(0) denotes the powerset of the ontology O. The function o gen-
erates all possible subsets of O.
This reduces the amount of tests required in the expansion phase.
Based on the work done by Huang and Harmelen [10], it is evident
that this method is empirically superior than Algorithm 2. The
chances of selecting S whereby J C § increases with an increas-
ing size of 7. In the best case scenario, only a single test (i.e. does
S |= n?) has to be done. Horridge[11] summarises the benefits of
this method by claiming that it performs faster for smaller sets of
premises and it results in fewer tests during the contraction phase.
The best case runtime complexity of this strategy is O(1), however,
the space complexity for all cases of this strategy is O(2").

4.1.2  Expansion Optimisation: Expansion by Modularisation. A
module M of an ontology O is a set M such that M c O. This
strategy requires the ontology engineer to dissolve O into sepa-
rate and independent fragments { My, Mz, Ms, ..., M, } based on
the similarity of the premises a € O. The process of fragmenting
O (i.e. modularising O) is beyond the scope of this paper. How-
ever, Horridge [11] claims that the benefits of this approach are
similar to those of expansion by a selection function. Moreover,
computing modules does not affect the time taken to compute sin-
gle justifications. The best case runtime complexity of this strategy
is O(1), however, the space complexity of this strategy is O(n) if

n
M; =0.
=1

1



4.1.3 Contraction Optimisation: Sliding Window. The Sliding
Window strategy is similar to algorithm 3, however, instead of
selecting a single premise « to remove during each step, a set of
premises S”” C S is removed. The size of the window dictates the
number of premises removed in each step. The advantage of this
strategy is that more than one premise is removed from the set at
each step. Kalyanpur et al. [17] have shown that for their ontology,
a window of size 10 (i.e. removing 10 premises per step) provides
the best performance. However, it is never made clear whether this
performance depends on the type of ontology tested or if these
results hold without any loss of generality [11].The space complex-
ity for all cases is O(n), where n = |O|. The runtime complexity is
O(ﬁ), however for the best case scenario, the runtime is O(1).

4.1.4  Contraction Optimisation: Divide and Conquer. The divide
and conquer strategy improves on the previous strategy by splitting
the ontology O into multiple parts O;, where |O;| = 1. Then YO, ¥
1,0; and O; 1 are merged to form a larger set and test if O;NO0j+1 =
1. This process is repeated by halving and merging subsets O; until
J is found. The main advantage of this strategy is that the runtime
complexity of this strategy is O(log n) better than algorithm 3
which has a runtime complexity O(n).

4.2 Generating All Justifications

The necessity of multiple justifications for an entailment 7 stems
from the need to aid the understanding of domain experts when
they debug an ontology. This may be induced by the need for
an alternative justification for an entailment, which ultimately
produces a different explanation for the same entailment 7.

Algorithm 4: Computing All Justifications (brute-force)

Data: Ontology O, Entailment 7
Result: Set of Justifications { 91,52, 73, .. »Jn}
1 J 0
2 K0
3 S« P(O)
4 for f € S do
5 if § |= n then
6 ‘ g’ — J’ n{ ComputeSingleJustification(f)}
7 end
s end
9 ford € J' do
10 if 6 ¢ K then

11 | K —%Kn{s5}
12 end
13 end

14 return K

Algorithm 4 is a brute-force strategy. We start by computing
the power set of the ontology O and set it to S. We then test each
element : € S for justifications of 5. Then we create a new set J” =
{tI[Vi € 8,1 |= n}.Inline 9 - 13 we remove all duplicate justifications

in J’.

This strategy works fine for small ontologies, however, for very
large ontologies it is impractical since ComputeSingleJustification
has to be called 2!0! times. Thus the runtime and space complexity
of this strategy is exponential in nature (i.e. O(2")).

To improve algorithm 4, we turn to “Reiter’s Hitting Set Tree”
Algorithm [27]. We modify Horridge’s [11] algorithm that creates
a tree that is finite is size and has justifications as the nodes of the
tree and premises as the edges of the tree to produce algorithm 5.

Algorithm 5: Computing All Justifications

Data: Ontology O, Entailment 5

Result: Set of Justifications {71, %2, 3> ---» Tn}
1 Uroor < ComputeSingleJustification(r)
if Uroor = 0 then

‘ return ()

)

(™)

4 end

5 K < vroot

6 Sstack-Push(vroor)
while S;; 401 # 0 do

8 Vhead < Sstack-Pop()

N

9 P—0

10 for each child 1 of vpeqq do
1 ‘ P — Pn{edge(Vpeqq; v}
12 end

13 a— 8 €vpppgla ¢ P
14 S « PremisesTracedFromRootTo(vpeqq) U {a}
15 O« 0\S

16 T <0

17 if O’ |= ny then

18 ‘ J « ComputeSingleJustification(O”)
19 end

20 Unew < CreateNewNode(J)
21 SetChildNodeFor(vyeqd, Unew)
22 SetEdge((Vneqds Unew), @)

23 K — KN vpew

24 Sstack-push(vnew)
25 end

26 return K

We denote intermediate nodes with v and successor nodes v,
which are connected to v by an edge with a premise a such that
«a is in the justification contained in v but not in the justification
contained in v’. When v’ = 0, then it is a leaf node. Furthermore,
for any node v”’, the set of premises that are in the path from the
root to the node v’ do not intersect with the justification in v”’.

The following enumeration is a high level description of algo-
rithm 5 (line 1 - 26) which generates a new justification for a new
node v’ from a justification in v.

e We begin by choosing a premise « € v which is not in the
edges of the children of node v.

e We then let S be the disjunction of the chosen premises {a}
and the set of premises found in the path traced from v to
the root node of the tree. Then we set O’ «— O\S.
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Figure 2: An example of a hitting set tree [11]

e We test if the new ontology O’ entails 7 . If that is the case,
we compute a justification J for n using the new ontology
O’. Whereas if the new ontologyQ’ does not entail 1, we set
the justification J = 0

e We then make a new node v’ and set its justification to be
J

e We add an edge e between v and v’, and we label e with the
premise o

o We reinsert all the premises in S back into O

The enumerated procedure is repeated until no new successor
nodes can be generated. Upon termination, all the intermediate
nodes form a new set of all the justifications for the entailment 7.

The example tree in Figure 2 is generated from an ontology
containing the premises AC B,BC D, AC 3R.C,and 3R.T E D
for an entailment A C D [11]. It results in three justifications A
and B = C.

Although computing the hitting trees is practical for small on-
tologies. In the worst case scenario, its space complexity is of the
order 2"*1 — 1. This means that if an entailment is incorrect, then
2"*1 _ 1 justifications have to be debugged. The number of jus-
tifications for an entailment, say A;—1 E Ay is exponential (i.e.

|1 =2").

Nguyen [23] has conducted a study which shows that the typical
size of justifications is 1 < | J| < 192 premises, with about 69% of
the justifications containing ten or fewer premises.

Horridge [11] suggests two techniques to improve the algorithm
for computing all justifications.

4.2.1 Optimisation: Early Termination. He suggests that there
should be some mechanism that allows the termination of search
for new justifications. He introduces the idea of open nodes and
closed nodes in which the closed nodes are all nodes that cannot
be extended to create new justifications and the open nodes are
those that can be extended to create new justifications. This strategy
increases the performance of the algorithm by avoiding unnecessary
searches, for instance if two different paths could lead to different
nodes containing the same justification (as shown in Figure 2),
then only one of the paths is explored.

4.2.2 Optimisation: Justification Reuse . Another technique he
suggested is that of reusing justifications when extending the tree.

This saves a lot of redundant calls to the reasoning system. For
instance, the justification in v is generated by computing the entail-
ment n with respect to O\S where S is the set of premises found
from tracing a path from v to the root. Then if there is a node v’
containing a justification J and J does not intersect with S, then
g can be inserted to the node v.

5 GENERATING EXPLANATIONS

So far, we have been able to determine which premises & from an
ontology O are contained in a justification J for an entailment 7.
In this section, we illustrate how to generate explanations for an
entailment 7, given a justification 7.

A justification is analogous to a set of axioms for a theorem. This
means that an explanation for the pertinent conclusion needs to
be computed by forming new propositions that are entailed within
the justification. More importantly, these propositions should form
a logical sequence such that that these propositions form a logical
chain that leads to the conclusion. We call these new propositions
intermediate entailments.

Definition 13 (Explanation). We define an explanation X(n) of an
entailment n to be a pair (7, {€1, €2, €3, ..., €n }), where 7 is a justifi-
cation for an entailment n and {e1, €2, €3, ..., €, } is a minimal set of
intermediate entailments that link the justification J to the entail-
ment 5. The minimality of {€1, €3, €3, ..., €, } implies that if an en-
tailment f§ € {e1, €2, €3, ..., €p } is removed then {e1, €2, €3, ..., en }\f
cannot logically link  with 7.

Figure 4 illustrates what a construction of an explanation for an
entailment E looks like. In this case, n = E, J = {ax1, ax2, ax3, ax4,
ax5}, and {e1, €2, €3, ..., €5} = {lel, le2}. To illustrate what we mean
by linking J to n, we observe that {ax1, ax2} |= lel, {ax3, ax4, ax5}
|=le2, and {le1, le2} |= E. Hence without le1 and/or le2, it cannot be
proven that E |= E.

Horridge [11] calls these intermediate nodes lemmas. The main
purpose of a lemma is to make apparent the intermediate steps
taken by a logic-based reasoning system to reach a conclusion that
O |= 1. The tree presented in Figure 4 is called a proof-tree. In this
section, we show an algorithm for constructing such trees.

This algorithm is based on two strategies: (1) The first strategy
relies on the notion of lemmatisation (illustrated in algorithm 6), in



which a subset S of a justification is replaced by a simple premise
that summarises the subset S (i.e. lemma). For example, {ax1, ax2}
are replaced by lel. (2) The second strategy relies on ordering a
series of justifications that have been lemmatised to construct a
proof tree (illustrated in algorithm 7).

5.1 Lemmatisation

Suppose we have an ontology O from which we derive a justi-
fication J for an entailment n whereby O = n. The goal is to
lemmatise J into J” such thatJ "’ is “less complex” than 7. Algo-
rithm 6, adopted from Horridge [11], describes how to lemmatise
a justification 7.

Algorithm 6: Lemmatising a Justification

Data: Justification 7, Entailment n
Result: Set Jye5u1r
if J = {5} then

‘ return {n}

[CIY

3 end

'S

Stidy < ComputeDeductiveClosure(J, n)\{n}
5 V « ComputeAllJustifications(S; 4y 1)
6 a «— ComputeComplexity(J, )
Tresuir — T
for f € V do
if ComputeComplexity(f,n) < a then
10 a «— ComputeComplexity(f, n)

11 Tresult < B

12 end

=

© ®

13 end

14 return J,oqy7¢

The input to algorithm 6 is J and 7 and it outputs J o5,z If
there is no way to simplify the premises in 7, then the algorithm
returns 7.

Definition 14 (Tidy Set). We define a tidy set of premises as a set
of premises S in whichS ¢ TE L, SEFAC L,andS e TC A
This means that a tidy set of premises is a set S that does not
contain classes that are equivalent to L if S |F AC L and it does
not contain classes that are equivalent to Tif S |= T C A [11].

Definition 15 (Deductive Closure). A deductive closure of J is a
set of all propositions that can be entailed from 7.

Horridge has shown that |ComputeDeductiveClosure(x,y)| = oo
[11]. The implementation details of ComputeDeductiveClosure are
beyond the scope of this paper, but for practical purposes we as-
sume that the deductive closure of 7 is finite.

Given that the calculation of the complexity of a premise is
complex in itself, we do not illustrate how to compute it. However,
the essence of the function ComputeComplexity is to assign scores
to premises in a justification that reflects their complexity. These
scores are then used in algorithm 6 to determine which set of
premises should be replaced with a less complex set of premises.
The runtime complexity of algorithm 6 is O(n).

5.2 Generation of Proof Tree

In this subsection, we show an algorithm 7 which uses algorithm
6 as a subroutine to compute a proof-tree by lemmatisation.

Algorithm 7: Proof Tree Generation

Data: Justification 7, Entailment 7
Result: Proof-Tree X
Root(2) « 7
2 { « Lemmatise( 7, n)
3 for 0 € { do
‘ InsertChildNode(getRoot(Z), 6)
5 end
if {AllLeafNodes(2)} = J then
‘ return ¥

[

'S

ESTNCN

8 end
while ContainsLemmatisablepremise({AllLeafNodes(Z)}) do

©

10 a « getLemmatisableNode({AllLeafNodes(2)})
1 B « ComputeSingleJustification( 7, a)
12 Y < Lemmatise(f, o)

13 for § € {AllLeafNodes(Z)} do

14 if § = o then

15 fork € y do

16 ‘ InsertChildNode(d, x)

17 end

18 end

19 end

20 end

21 return X

Suppose we are given a justification J and an entailment 7, as
shown in Figure 5, we show the mechanics of an algorithm for
generating a proof tree.

(1) The first step is to lemmatise J using the algorithm 6 to
give a new lemmatised justification ¢, shown in Figure 6.

(2) We then create an initial proof tree ¥ using {, shown in
Figure 7.

(3) We check if { contains leaf nodes with premises that can be
lemmatised.
If so:

(a) We choose a lemma « in our proof tree ¥ that can be
lemmatised. We compute a justification f for & using 7,
shown 8.

(b) We then lemmatise f in order to generate a new justifica-
tion y, shown in Figure 9.

(c) We insert y to the proof tree X, shown in Figure 10.
After this, we return to step 3.

Else, continue to step 4.
(4) At this point, the construction of the proof tree is now com-
pleted, as shown in Figure 11.

The analysis of the efficiency of this algorithm requires an em-
pirical study (which is outside the purview of this paper). However,
we assert that this algorithm is acceptable because it is general
and does not require us to know the implementation details of the
underlying logic-based reasoner. Another aspect that we observe



Table 2: A table illustrating a comprehensive list of OWL atomic premises, translated into a natural language

ID | OWL premise Natural Language ID | OWL premise Natural Language
1 ACB “Every Ais a B” 15 Irr(Ry) “Nothing R, itself”
2 A=B “An A is equivalent to B” 16 Sym(R,) “X R, Y means the same as Y R, X”
3 Dis(A, B) “No thingNi(s) llioﬁlaai AO Zm daB’ 17 Asym(R,) “The property R, is asymmetric”
4 Dom(R,, A) “Anything that R, something is an A” 18 Tra(Ro) ‘fXR, Yand YR, Z then X R, Z”
5 Rng(Ro, A) “Anything that something R, is an A” 19 R4 E Sq4 “If X Ry a value then X S; that value”
6 Dom(Ry, A) “Anything that R; some value is an A” 20 Ry =Sy “The properties Ry and Sy are equivalent”
7 Rng(Ry,Dy) “Any value that something R; isa D,” 21 Dis(Ry,Sg) “The properties Ry and S, are disjoint”
8 Ro C Sy “IfXR, YthenX S, Y’ 22 Fun(Ry) “Everything R; at most one value”
9 Ro =S, “The properties R, and S, are equivalent” 23 acA “aisan A”
10 Dis(Ro, So) “The properties R, and S, are disjoint” 24 Ro(a,b) “aRo b”
11 Inus(Ro, So) “X Ro Y means the same as Y R, X” 25 Sam(a, b) “a and b are the same instances”
12 Fun(R,) “Everything R, at least one thing” 26 Dif(a,b) “a and b are different instances”
13 InvFun(R,) “If there is something X then at most one thing R, X” 27 3R,.A “R, at least one A”
14 Ref(Ro) “Everything R, itself”. 28 VR,.A “Ro only A”

is that this method of computing proof trees does not have any
mechanism that prevents it from producing explanations that are
too fine-grained. It is also possible that this method may produce
explanations that are needlessly longer than the explanations pro-
duced by glass-box systems. The runtime complexity of algorithm
7 is O(n?).

6 TRANSLATION TO ENGLISH AND
PRESENTATION

Given that we now have an explanation expressed in ALC DL,
in this section we show how to best present this explanation in a
natural language (e.g. English)

6.1 OWL Atomic premises

In this subsection we give a list of common patterns for OWL atomic
premises and we illustrate how they are translated into a natural
language. We let A and B be class names, R, and S, be property
names, R; and S; be data property names, a and b be instances of
classes, and D, a data range and D; be a data type. Table 2 shows
a comprehensive list of OWL atomic premises illustrating how to
translate them into a natural language.

Definition 16 (atomic premise). An atomic premise is a premise
containing a single OWL constructor.

6.2 Compound premises

In order to convert an explanation for an entailment n w.r.t an
ontology O expressed in ALC DL, we need to capture all lexemes
of the ontology.

Definition 17 (lexeme). A lexeme is a minimal unit of a symbol
or group of symbols in a lexicon with meaning. More succinctly, it
is a minimal semantic unit of a language.

Definition 18 (Compound Premise). A compound premise, in the
context of this paper, is any premise that contains two or more
constructors. For example, A 1M B is an atomic premise whereas

AN BMNC is a compound premise. More succinctly, a compound
premise is a non-atomic premise.

In OWL, there are five distinct lexemes:

e Classes. Examples of classes include student and town. In
English classes fall under the category of common nouns.

e Instance of classes. Examples of instances of classes in-
clude Cape Town, which is an instance of a class City. In
English instances of classes fall under the category of proper
nouns.

e Relations. Examples of relations include ‘buy’ and ‘owns’.
In English these fall under verbs.

e Data Types. Data types describe the data used in an ontol-
ogy O, for example string and integer. In English, data types
fall under nouns.

e Literals. Examples of literals include: false and “2 metres”.
In English, these are proper nouns.

Given that we are now able to translate atomic premises assem-
bled with OWL constructors using the patterns in Table 2, we
employ a parser that takes a statement (proposition) and converts
it into an English sentence.

The following enumeration is a high-level description of algo-
rithm 8 used to convert OWL propositions into natural language
statements:

(1) Given a proposition (a compound premise or a lemma), we
generate a parse tree of the proposition. We assume that the
proposition is expressed in a manner that does not introduce
the issue of precedence. This is done by using brackets to de-
note precedence. For example, a proposition AZ BE CM D
is asserted as follows: A C (B C (C 1 D)). This means that
we assume a left-to-right association. Figure 3 illustrates
an example of a parse tree whereby the nodes are the OWL
atomic entities and the edges are labelled with OWL con-
structors.




(2) The parse tree is then modified to remove all nodes that are
labelled with an atomic entity containing T. Hewlett et al.
[27] suggests that this should be done by either “merging the
node containing T with a sister node containing a named
class, or by promoting a class that the T node is related to
by an L relation”.

(3) We then modify the depth first search algorithm such that
whenever a constructor is encountered, it is replaced with
the appropriate English text found in Table 2. The resulting
output of this is shown in Figure 3. Since the generation of
a parse tree by a divide and conquer algorithm is O(log n),
then the runtime complexity of algorithm 8 is O(nlog n).

Algorithm 8: Translating OWL statements into a Natural Lan-
guage
Data: Proof-Tree X
Result: Proof-Tree 3
1 for node r € 3 do
2 a <« GenerateParseTree(r)
3 B « ConvertToEnglish(x)
4 Replace(r, §, %)
5 end

6 return X

6.3 Presentation of an explanation

In this section, we show how algorithm 9 is used to present an
explanation. It takes a natural language proof-tree generated by
algorithm 8 and converts it into a step-by-step explanation for an
entailment. An example of the presentation we refer to is shown in
the output of Figure 12.

Algorithm 9: Generate a complete explanation
Data: English Proof-Tree X
Result: Sequence of statements 7

17«0

2 | « getRoot(Z)

3 while ¢ # 0 do

4 w — .get(0);

s | Y Y\y.get(0);

6 7 < 7N “The statement w is implied because:\ n”
7 for childNode p € v do

8 if LastElement(p, ») then
9 ‘ Te—N""o0.\n’

10 else

11 ‘ T N """ wand \n’
12 end

13 Ye—y¢ynp

14 end

15 end

16 returnr

The explanations generated by our framework are top-down
explanations. In summary, algorithm 9 traverses the proof tree

generated by algorithm 8 in a pre-order fashion. Whenever the
algorithm visits a node, it prints the contents of the node as a
statement and we indicate that this statement is implied because of
the children of the pertinent node. We repeat this until we no longer
have intermediate nodes. The runtime complexity of algorithm 9
is O(n).

7 CONCLUSIONS

This paper has successfully provided a framework for generating
explanations for entailments in ALC DL ontology. Given the
limited nature of the scope of this project, we restricted this frame-
work to ALC D.L. However, this framework can be extended to
accommodate OWL ontologies.

There are multiple limitations of this framework. This includes
the lack of optimisation of the algorithms presented in this paper.
Another limitation is that of converting an explanation in ALC
Description Logics to English.

English is itself a complex language that is sometimes ambiguous,
and when expressing complex propositions we cannot guarantee
that these will be unambiguous which may lead to incorrect inter-
pretation of explanations. Although this framework allows one to
generate explanations, it does not assess whether these explana-
tions are understood by users. We also observe that the prominent
runtime and space complexity bottleneck of this framework is in
generating justifications as illustrated in algorithm 1 and 5.

The main contribution of this paper is to curate existing state
of the art explanation generation frameworks and present it in a
summarised form. This allows novice domain experts and ontology
engineers to build explanation generation tools from the ground
up for black-box logic-based reasoning systems.

8 FUTURE WORK

The sister project [25] of this paper focused on improving annota-
tions in OWL. In the future, we will investigate how to improve
this framework by allowing the use of annotations.

Another investigation which we would like to conduct is the
comparison of a black-box explanation generation facility versus
a glass-box explanation generation facility. We would also inves-
tigate if the two could be integrated to form a hybrid explanation
generation facility that perform better than glass-box and black-box
explanation generation tools. Lastly, we would like to conduct an
empirical evaluation of this framework when applied to an existing
ontology.
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“Male StudentWith3Daughters "™

Class (MaleStudentWith3Daughters complete
intersectionofi
Student
restriction(hasGender value {male))
restriction(hasChildren allvValuesFrom(Female)
restriction(hasChildren cardinality(3))

(with exactly”,
“hasChildren”)

Figure 3: An example Parse Tree for OWL Class MaleStuden-
tWith3Daughters
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Figure 4: Structure of an explanation
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For the purposes of this paper, Axiom is synonymous with premise/proposition

axiom
axiom | Entailment
axiom | | axiom

Figure 5: An input of premises and an entailment

axiom | Entailment

lemma lemma

Figure 6: An input of premises and an entailment

lemma

lemma ——® Entailment

axiom

Figure 7: Initial proof tree

lemma '
. axiom
(entailment)

axiom 1l axiom

Figure 8: Justification

lemma
(entailment)

lemma

axiom
Figure 9: Justification y

lemma T lemma

(entailment)
axiom /

lemma ——» Entailment

axiom

Figure 10: A proof tree X after inserting y

adom  —>  lemma  —~_

lemma \
axiom /

\ lemma ——» Entailment
o / b /

Figure 11: Final Proof Tree




Input

Entailment: Person C Movie (Every person is a movie)
Justification:

1. GoodM ovie = YhasRating.Four Star Rating

(A good movie is anything that has only four stars as ratings)
2. Domain(hasRating, Movie)

(Anything that has a rating is a movie)

3. GoodM ovie C Star RatedM ovie

(Every good movie is a star-rated movie)

4. Star RatedMovie C Movie

(Every star-rated movie is a movie)

Output

Explanation:
The statement “Every person is a movie” follows because the ontology implies that
“Everything is a movie” (a).
Statement (a) follows because:
- anything that has as rating something is a movie (from axiom 2), and
- everything that has no rating at all is a movie (b).
Statement (b) follows because:
- everything that has no rating at all is a good movie (c¢), and
- every good movie is a movie (d).

Statement (c) follows because axiom 1 in the justification actually means that “a good

movie is anything that has no rating at all, or has only four stars as ratings”.
Statement (d) follows because:

- every good movie is a star rated movie (from axiom 3), and

- every star rated movie is a movie (from axiom 4).

Figure 12: Example results obtained when applying the framework.
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