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Abstract We present new metrics and techniques which allow one to configure a metadata 
catalogue and objectively describe knowledge management ontologies. Per C.E. 
Shannon (1948), when describing information based systems, statistical mea
sures are a necessity; yet very few ontology based standards mention quantifiable 
measures such as entropy, data encapsulation, complexity, efficiency, evolution, 
or redundancy. We hope to demonstrate how statistical information measures 
can be implemented for ontology-based knowledge management systems using 
our Lo statistic, entropy, evolution, organization, sensitivity, and an interpreta
tion of complexity. 

1. Introduction 

As demonstrated by Shannon, 1948, when evaluating information based 
systems, statistical measures are a necessity, yet unfortunately most popular 
management * standards' that exist today rely too much on the subjective world 
of 'business processes' and not enough on consistent mathematical foundation 
principles. For examples, refer to Magkanaraki et al., 2000, Li et al., 2003, 
the Process Interchange Format, and Framework (PIF) and Workflow Man
agement Coalition (WfMC) specifications. Thus, current knowledge manage-
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ment standards are inconsistent by definition and doomed to failure in large 
scale heterogeneous interactions. This emphasis on subjective 'business pro
cesses,' and lack of quantitative standards/measures has created a major stum
bling block for the Business Process, Knowledge Management, Data Libraries, 
and Semantic Ontology fields. 

Even though a great deal of effort has been spent on developing standards, 
as demonstrated in Magkanaraki et al., 2000 and the Santa Fe Institute work, 
even when objective measures are utilised, it is common to use 'hard number' 
evaluations when describing probabilistic 'soft number' informatic entities. 

For several reasons, the development of real-world enterprise-wide knowledge 
managements *ontology-based knowledge management systems* is still in the 
early stages. First, despite much research on ontology representations, engineer
ing, and reasoning, features such as scalability, persistancy, reliability, and trans
actions - standardized and widely adopted in classical database-driven informa
tion systems - are typically not available in ontology-based systems. Maedche 
et al., 2003 

The true innovation of this paper lies in the informatic metrics we prescribe for 
describing/comparing complex ontology based systems. We hope to demon
strate how objective statistical information measures can be implemented for 
objective knowledge management - one can now compare ontologies and an
swer the question: 'Is one ontology better than another?' 

1.1 Background 

Remark 1. An ontology is a collection of symbols used to express data. Al
though ontologies possibly cover extremely technical fields or address compli
cated expertise, they are structurally nothing more complex than a finite set of 
symbols with a bijective mapping. 

In knowledge management systems, there are a number of 'big picture' issues 
that need to be explored, elaborated, and corrected since there is a disconnec
tion between the popular 'Management Science' literature surrounding knowl
edge management and the underlying informatic principles. The emphasis on 
building 'Unambiguous Semantics' and 'Light-weight Inferences' such that 
ontologies have meaning to a human reader is a nice by product, but is imma
terial and moot from an informatic perspective; it is the Shannon Information 
(i.e. Entropy H) that is important. For example, whether we call a rose a 'roza,' 
'roos,"fleurr.oii^e/ 'red.flower,' 'Mary's favourite,' 'fi,' or 'H1026' - it is still a 
rose. 

Remark 2. For a practical example of an ontology, refer to the Information 
Ontology Root Li et al, 2003. Motik et al., 2002 presents a starting point for 
the practical questions: 'What is an ontology?' and 'How does one create an 
knowledge model?' 
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There will always be variability and questionable assumptions when mod
eling physical problems, hence we are solely concerned with knowledge en
capsulation to maximize the sufficiency of the metadata. In order to do this, 
not only does one have to capture a given degree of granularity, but one must 
also address how complex/efficient a system is using an respective ontology. 
Hence, entropy related measures provide the foundation for information met
rics. Thus, the crux of any knowledge system is the information content and 
knowledge encapsulation that maximizes the sufficiency of the metadata; not 
in whether an ontology is subjectively 'linguistically correct' or follows 'com
mon sense.' 

First, we realize that imposing a single ontology on the enterprise is difficult if 
not impossible. Maedche et al,, 2003 

Motik et al., 2002 attempts to put this into light with an objective view of on
tology formulations, but once again forces systems to bend to a inconsistent 
world. Their argument on Light-weight Inferences is a representation of re
dundancy that aids a modeler in understanding the system such that she can 
envision how to make a system scalable and tractable. Organizations have not 
been able to break this a priori mindset as demonstrated by the standards that 
have been established; WFMC, PIF, and other ontology standards assume a 
general model that is built on business practices, this is fundamentally flawed. 
We argue that if the paradigm of the a priori data base is truly cast aside, then by 
using a Shannon Information approach, the system will be both scalable and 
tractable as well as efficient. This requires a complete point-of-view change 
from the programmer/developer that seems to be lacking in most ontology 
based designs - we continue to fight disorder and chaos instead of utilize it 
as a informatic tool. 

1.2 Why are objective metrics necessary? 
... the life cycle of ontology design can be summarised as three major stages, i.e. 
building, manipulating and maintaining. ... During developing the proposed sys
tem, establishing definite and consistent ontology is perhaps the toughest task. 
... In this study, one year was spent to establish a common consensus and then 
to define the initial domain ontology in the metal industry. Li et al., 2003 

This is not an uncommon occurrence where an 'inordinate amount of time' is 
spent on a 'repetitive and arduous task,' thus hindering development, manage
ment acceptance, and acceptability of knowledge management. Knowledge 
Engineers must justify this 'waste of time and resources' to management since 
current industrial standard ontologies are often not applicable to organizations 
without major modifications. A break from subjective evaluations to objective 
metrics would alleviate biased opinions and allow one to describe an ontology. 
Using appropriate metrics one can address building stage issues such as: 
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Building Stage: 

• Instead of spending one year of a project developing an ontology, maybe 
only six months was substantially beneficial for effective information 
content. Points of diminishing returns can be identified and resources 
reallocated appropriately. 

• One can finalize an iterative building process once the recommended 
changes add less than 'X' value to the knowledge management. 

Manipulating Stage: 

• The question of 'Is one ontology more effective than another?' can be 
ob jectively evaluated. 

• How does one determine if the 'coverage' of an ontology is sufficient? 

• What is the value added when changing elements in an ontology? 

Maintaining Stage: 

• Questions such as 'Is one ontology easier to maintain than another?' can 
be addressed. 

• What does the addition or elimination of term 'X' do to the system? Will 
there be unintended consequences? 

General: An iteration of domain expert solicitation must occur, but it is diffi
cult to measure progress, hence, organizations must address issues such as: 

• What is the value added with each iteration? 

• When manipulating ontologies, how does one demonstrate positive im
provement? 

• When changing the terminology or structure of an ontology, how does 
one demonstrate the change is either beneficial, detrimental, or an exer
cise in futility? 

• When maintaining an ontology, when does the redundancy and complex
ity become prohibitive? 

1.3 Shannon discrete source model 
Communication is simply a process of exchanging information via a channel 

encompassing { human - human, human - computer, computer - human, com
puter - computer } interactions It is hard to identify any information paradigm 
that does not follow a Shannon model where: 
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Any phenomena which send discretized data via a finite set of packets is 
considered a Shannon discrete source and can be modeled via a Markov 
chain. 

The symbology of an ontology is secondary to the information that it 
encapsulates, thus, we are concerned with a series of symbols being used 
to represent data and the information that is passed via the symbolic 
chain. 

Whether data is transmitted as binary data packets, IP streams, words, 
smoke signals, or sounds, it is difficult to identify an ontology informa
tion paradigm that does not follow a Shannon model 

Information 
Source 

^ 
Message 

Transmitter / 
Encoding System Signal 

' Noise Source 

1 ' 

Received 
Signal 

Destination 

Message 

Receiver / 
Decoding System 

Figure L Shannon Model - Schematic diagram of a general communication system 

2. Data, information, and metrics 
Data is a hard number raw output of a discretized process represented by 

a countable set of symbols. Information is a level of abstraction above data, 
where data is a finite set of symbols such that the order of the symbols may 
contain 'meaning' - i.e. information as a sufficient statistic of a data set relative 
to a query. 

For the purposes of this chapter we use the term 'information' to refer to a spatio-
temporal pattern that can be understood and described independently of its phys
ical realization. Stephanie Forrest, 2000, page 362 

Thus, one searches processed data to derive soft number information, where 
information is only 'meaningful' if it appropriately answers a query using an 
appropriate data set. The concept of data versus information is lost in most 
knowledge system literature; i.e. 'information' should be replaced with 'data.' 

Enterprises don't lack for information: they are drowning in it. So knowledge 
workers need all the help they can get in separating the wheat from the chaff. 
Savage, 2003 
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Second, a large body of information in an enterprise typically already exists 
outside the knowledge manage system - for example, in other applications such 
as groupware, databases, and file systems. Motik et al., 2002 

Definition 1. A hard number is a weighted singularity, such that it is a deter
ministic point estimate with 0 variance. Thus the expected value is 
E ( Hard Number ) — a and the variance is V ( Hard Number ) = 0. 

Definition 2. A soft number is a stochastic point estimate where 
E ( Soft Number ) = a and V ( Soft Number ) / 0 

Data is measured in hard numbers while soft numbers represent 'fuzzy' in
formation values that do not have a tangible representation. For example, when 
looking at a picture, one does not individually observe every pixel (data) on a 
screen in strict numeric order to ascertain what the picture conveys (informa
tion). Thus, soft numbers are a sufficient description involving probability, 
expectations, and variances. Hence, when discussing hard numbers, 1 + 2 = 3 
without question. For soft numbers, 1 + 2 7̂^ 3 is almost surely true, but given 
certain restrictions, E (1) -|- E (2) = E (3) may be true. Although the differ
ence may seem as a 'techy' pet peeve, the implication for designing knowledge 
management systems are quite profound. 

2.1 Complexity is not information 
There a difference between statistical complexity and computational com

plexity and the common use of statistical complexity being referred to as a 
Shannon measurement equivalent to entropy is incorrect. Further, the common 
use of 'statistical complexity' being referred to as a Shannon measurement 
equivalent to entropy is incorrect. The following as an excellent example of 
the disconnection between complexity and entropy. 

It is emphasised that, given an entropy value, there are many possible complexity 
values, and vice versa; that is, the relationship between complexity and entropy 
is not one-to-one, but rather many-to-one or one-to-many. It is also emphasised 
that there are structure in the complexity-versus-entropy plots, and these struc
tures depend on the details of a Markov chain or a regular language grammar. 
Li, 1991, page 381 

2.2 New metrics 
The following metrics were inspired by Hilderbrand, 1968 and further en

hance the concepts presented in Martin Hepp, 2005, Section 2. 
Definition 3. The computational complexity of a system F will be defined in 
terms of a non-standard. /3 ~ O {g (x)), where /3 is 'Big-Oh' with respect to 
g (x), when lim -Py < K almost surely. 



Metrics for Objective Ontology Evaluations 193 

Computational complexity is sometimes referred to as Kolmogorov com
plexity, Gacs, 2001 but we will utilize a non-standard Big-Oh notation where 
the magnitude of K will be of importance. 

Definition 4. The LQ statistical complexity is defined by the inverse of the 
following expectation where card (U) is the cardinality of the domain space: 

-1 

Lo [FN {X)) - E 
^{x) 

card {13) N EF^VSfe 
(1) 

As discussed in Shannon, 1948 a uniform distribution is optimal for informa
tion content, thus our LQ statistic is based on the Discrete Uniform Probability 
Distribution and has a lower bound of 0 with an unlimited upper bound. For 
example, an equiprobably coin has a LQ value of 2 and a 6 sided equiprobably 
die has a LQ value of 6. 

Definition S.The organization or structure of a process will be 

N 

$ {FN {X)) = E ( P {X)) = ^ P ' {xj) (2) 

There is a definite need to distinguish between organization and complexity 
but most authors assume a limited view on how 'correlation typically provides 
a lower bound of a measure of complexity.' Organized structures are inde
pendent of both the entropy and complexity, thus a separate metric $, is a 
necessity. 

Definition 6. The evolution of a process will be £ {F [x)) = ^ {F {x))~ . 
A simple structure indicates that a system is highly organized and the more 
organized a system is, the smaller its evolution. The difference between two 
ontology evolution values represent a measure of informatic distance. To draw 
an analogy: physical mass is measured in grams and distance in meters; in
formation 'mass' is measured in LQ units and the distance is measured using 
evolution. 

Definition 7. The sensitivity is a first order difference (change) in the evolution 
of a system when an element is either eliminated (or added) from the process. 
Such that S {FN {X)) = AS {Fpj {x)) = £ {FN±I {X)) - £ {FN (X)), where 
card {FN) = Â  and card {FN±I) = N±1. 

Sensitivity will be a measure similar to the sensitivity of a numerical approxi
mation, in that it will be a measure of the effect a small change in the structure 
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has on the overall system. For our purposes, sensitivity will be measured as a 
finite difference of the organization metric via the addition/deletion of a term. 

2.3 Standard Metrics 
The following metrics are standard definitions as defined by Shannon, 1948: 

Definition 8. The entropy ?i of a system will be defined as: 

N 

n {FM {X)) = E {-log (P (x))) = -CY^F (xj) log (P {xj)) (3) 
j=i 

per Shannon, 1948, Theorem 2. The choice of C is merely a normalizing cor
rection for the a unit measurement. 

Notation 9. Relative entropy is the percentage of entropy realized with a 
coding system as compared to the Shannon theoretic value for the maximal 
entropy of a system. The relative entropy of a system F will be defined as 
nj f Tp \ '^'practical K^N) 
rtRea^N) - HtheoreticaliFN)' 

Relative entropy is the percentage of entropy realized with a coding system as 
compared to the Shannon theoretic value for the maximal entropy of a system. 

Notation 10. The redundancy of a system F will be defined ^s TZ = 1 — 

2.4 Practical Examples 
The following Table 1 indicates the relative metrics for the examples of this 

section. The sensitivity is calculated by removing the first element. 

Metric 

n 
HRCI 

n 
0 
Lo 
$ 
S 
S 

Theoretical die 
0.778 
1 
0 
6 
6 
0.1667 
6 
-1 

Bayesian die 
0.736 
0.946 
0.0536 
6 
5.592 
0.2 
5 
-0.736 

A priori ontology 
0.7009 
0.9007 
0.0993 
6 
5.334 
0.22 
4.545 
-0.396 

Bayesian ontology 
0.714 
0.9176 
0.0824 
6 
5.442 
0.2099 
4.765 
-0.451 

Table 1. Metric results 
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A six sided die - Theoretical. For a relatively easy example, assume that 
one is trying to describe the physical phenomena of rolling a six sided equiprob-
able die. The die operates in a discrete space where each side of the die has 
a one in six chance of appearing, therefore, the probability density function 
(PDF) f - ZY (^), E (a) - 3^, V (a) = 2^. Notice that this is information, 
how often does one role a six sided die and end up with 3 7 ; i9 

A six sided die - Bayesian. Assuming that the six sided die is 'too complex' 
for one to understand, roll the die N = 10 times and plot the histogram of the 
data. Assuming that a six sided die F is rolled, the realization of a the result 
of the die will consist of an iid random data set is {3,1,6,6,4, 5,2,3,6, 5}. 
Using this information one can estimate that: /2a = 4.1 and a^ — 3.211. 

Theoretical Ontology. A six term ontology is designed by a knowledge 
engineer who estimates a priori probability values for filling data elements per 
values outlined in Table 2. 

Element {x) 
Version 

Summary 

Organization 

Date 

Author 

Title 

f{x) 
1 

20 
1 

20 
•6 
20 
4 

20 
5 

20 
5 

20 

Table 2. A priori ontology 

Practical Ontology. The same ontology is utilized where Bayesian a pos
terior probabilities are derived from 'real instances' stored in the catalogue; 
as shown in Table 3. In this table, five instances of a model are utilized 

I pdf 1 3 
r 2 

1 

histogram 

Figure 2. PDF versus histogram 
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Ml, M2, M3, M4, Mb where an X implies that the data entry is filled for 
that instance. 

Element (x) 
Version 
Summary 
Organization 
Date 
Author 
Title 

Ml 

X 
X 
X 
X 

M2 
X 

X 
X 

X 

M3 

X 
X 
X 

M4 

X 
X 
X 
X 
X 

M5 

X 
X 

F{x) 
1 

18 
1 

1.8 3 
18 
4 

1.8 

18 

Table 3. A posterior ontology 

3. Conclusion 
In this paper we postulate that there is a distinct disconnection between com

plexity, entropy, and the structure/organization of an ontology, where a lack of 
objective metrics is the crux of the knowledge management problem. We hope 
that others will question our 'new' measures and independently vindicate or 
vilify our constructs. We stress that our metrics warrant independent verifica
tion. 

Ontology management is not a trivial matter since knowledge management 
users delete/add terminology, data elements and their inter-dependencies change 

Changing an ontology can induce inconsistencies in other parts of the ontology. 
Semantic inconsistency arises if an ontology entity's meaning changes. (...) An 
ontology update might also corrupt ontologies that depend on the modified on
tology and, consequently, all artefacts based on these ontologies. (...) However, 
apart from syntax inconsistency, semantic inconsistency can also arise when, for 
example, the dependent ontology already contains a concept that is added to the 
original ontology. Maedche et al., 2003 

Hence, there is an justifiable need for objective metrics such that different 
knowledge management ontologies can be compared on equal footing. This is 
still a very subjective field when objectivity should be the goal of the discipline 
in order to remove the subjective nature surrounding knowledge, thus mini
mizing miscommunication. By establishing objective measures implementing 
metadata metrics, solid definitions will improve the overall state of the knowl
edge management field - if you can measure it, you can manage it. 
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