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Abstract 
 

World Wide Web contains 170 Terabytes of 
information [1]  and storage estimates show that the new 
information is growing at a rate of over 30% a year. With 
the quanta of information growing exponentially, it is 
important to understand the information semantically to 
know what concepts are relevant and what are irrelevant 
[2] . The Evolutionary Behavior Of Textual Semantics 
(EBOTS) system being developed at University of 
Arkansas at Little Rock [3]  aims at the quantitative 
reasoning aspect of textual information. In the automatic 
decision-making mode, the EBOTS system can distinguish 
between relevant and irrelevant information, discarding 
irrelevant documents and accepting only relevant 
information to develop expertise in a particular field. This 
paper discusses the usefulness of Information Theory in 
the development of relevance criteria and the results 
obtained in the context of textual information. 
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1. Introduction 
 
Shannon’s Information Theory [4] has made a tremendous 
impact on modern communication methodologies. It is 
human nature to try to measure anything quantitatively, in 
terms of units that the human brain can parse in objective 
numbers. Measuring information not only reveals quantity 
but also makes it possible to compare and draw 
conclusions based on such comparisons. Quantitative 
reasoning is a promising and novel approach that enables 
the EBOTS system not only to gain new knowledge, but 
also to reason about how much textual information has 
been gained over a certain period of time. This also makes 
it possible for the EBOTS system to learn and acquire 
expertise in a particular field or area as needed. Using 
entropy [5] as the measure of information content, the 
relevance of the new information acquired by the EBOTS 
system can be measured. 

EBOTS is a contextually aware system that helps 
form and identify correlations among text data. Text 
documents consist of a number of sentences and each 
sentence in turn, consists of a set of words appearing 

together to convey a particular meaning. The core 
philosophy of the EBOTS system exploits this natural 
hierarchy to yield a context-aware system [6]. The 
methodology behind the EBOTS system is explained in 
detail in the following sections. In section 2, basic 
formalism behind context aware framework of the EBOTS 
system is presented. Section 3 will discuss mathematical 
foundation for the quantitative reasoning. Section 4 
primarily addresses Information Theory aspects that are 
applicable to the EBOTS model, prototype experiments 
and results. Section 5 draws a logical conclusion to this 
discussion and also throws light upon possible and future 
enhancements that can be contributed to this approach. 
 
2. Background 
 
The EBOTS system uses the meanings of different words 
in identified contexts to represent acquired knowledge. 
Once the words are identified in a particular context, the 
system forms the hierarchy of words in a tree-like 
structure. Each tree represents the direct context of a 
single sentence. These trees can form paragraphs and 
documents when extended.  

The EBOTS system employs knowledge 
acquisition techniques that are dynamic compared to those 
deployed by N-gram systems. N-gram systems [7] [8] are 
a commonly used technique in information retrieval [9] 
[10] to find word pattern combinations using co-
occurrence, but are not sufficient to determine context. 
Also, the window for a particular context depends upon 
user selection. Thus a window of 100 words while 
appropriate in one case may not be useful for another 
dataset. The EBOTS system works with sentences and can 
be considered as a natural sentence-gram model. Each 
sentence changes in its number of words and so N-gram 
models proposed variable N-grams. Variable N-gram 
models are not only complex but also less effective in 
retrieving the intuitive meaning of the text. While N-gram 
models serve the basic purpose of context dissemination, 
they are either too divergent or convergent for a system to 
attain human-like intuitive results. 

The theoretical foundation of the EBOTS system 
is composed of domains, reference domains, and 
correlation types (strong, weak and/or no correlation) 



between the reference domains [11]. A brief definition of 
each of these follows. 
 
Domain 
The domain of information represents a concept [12]. A 
concept can be generic and abstract or it can be specific 
when expressed as a context. Domains can consist of more 
sub-domains and are related to other domains. If two 
domains represent two different concepts, then the 
relationship between two domains gives rise to a new 
concept altogether. 
Reference Domain 
A Reference domain represents the context of text data. 
They follow sentence boundaries. The words form the 
elements of the reference domain. A single domain 
consists of at least one reference domain. When two 
reference domains have common element(s), they are 
more likely to share the same context. Hence the 
correlations can be defined among the related reference 
domains. These correlations can be of three different 
types. 
Strong Correlation 
A single document consists of a number of reference 
domains. If an element ‘a’  of one reference domain A is 
common with an element of reference domain B, and if A, 
B belong to the same document, a Strong Correlation is 
said to exist among the two reference domains. This is 
logical because if the two sentences appear in the same 
document, and if both of  the sentences share the common 
(partial) context, then both sentences are likely to share 
same meaning as well. 
Weak Correlation 
Consider the case in which two documents consist of two 
reference domains A and B respectively. If these two 
reference domains share one or more elements, there is a 
Weak Correlation between the two reference domains. 
When two documents share common elements among 
their reference domains, they are likely to have partially 
common context. Sharing of the common context is a 
necessary but not a sufficient condition to determine the 
correlation between the two documents. There is a level of 
fuzziness involved whether having common elements in 
two documents is a sufficient condition for the two 
documents to have same meaning. This fuzziness is well 
represented with a Weak Correlation.  
No Correlation 
If there is no common element between the two reference 
domains, it cannot be predicted whether they share the 
same context or not. Irrespective of whether the two 
reference domains exist in the same or different 
documents, no commitment can be made about their 
correlation and No Correlation is said to exist in this case. 
 
Reference domains consist not only of synonyms [13] but 
they also include contextual information for every word in 

the sentence. This is shown in the reference domain 
structure formed for a simple sentence like “Mary had a 
little lamb” . Only three words, namely Mary, little and 
lamb are considered after filtering common words and 
stop words to find word roots [14]. The resulting structure 
is shown in Figure 1. The EBOTS system uses a Machine 
Readable Dictionary [13] to obtain synonyms and glossary 
meanings of each word. 

 
Figure 1 Detailed Reference Domain structure for a 
simple sentence "Mary had a little lamb" 

 
3. Formal Model of Correlation 
 
Theoretically, correlations are helpful in determining 
direct or indirect association with a particular concept, but 
it is important to measure its quality mathematically. 
Based on the correlation theory, a formal model is 
presented.  

Consider T to be the total number of correlations 
that are referenced to a particular reference domain, A. 
Out of a total T correlations, Tw is the number of weak 
correlations of another reference domains with A while Ts 
is the number of strong correlations that are established by 
other reference domains with A. 
T = Ts + Tw                                  (1) 
 
Correlation Delta 
The correlation delta of any given reference domain, A, is 
a formal representation of its significance to the other 
reference domains in the system as well as its relevance to 
the query context. The correlation delta is computed for 
every reference domain in the EBOTS system with respect 
to the given query context, Q. It is also a useful 
representation to find out how many reference domains 

share a common context. Correlation delta i�
, for a 

reference domain i, is defined as follows: 
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The above equation achieves normalized correlation delta 
values in the range between 0 and 1 (inclusive),  

i.e., 0 � i�
�  1 

 



The formula in equation (2) is significant in determining 
the strength or weakness of the reference domain with 
respect to the query context. The correlation delta value of 
zero refers to an isolated reference domain that does not 
share a concept with any other reference domain of the 
system. A correlation delta value of 1 indicates the 
presence of strong correlations for that particular 
reference domain. The Highest correlation delta value 1 is 
possible only when all correlations with the reference 
domain under consideration are strong. 

As the number of weak correlations increase, the 
strength of its correlation to the query context decreases. 
In this case, the value of the correlation delta lies between 

0 and 1 (excluding 0 and 1) i.e., 0 < i�
< 1. It should also 

be noted that the correlation delta is directly proportional 
to the number of strong correlations and inversely 
proportional to the number of weak correlations. The 
weak correlation delta values allow fuzziness of 
correlation strength among reference domains for a 
particular query context. 
 
4. Information Theory in EBOTS system 
 
According to equation 2, the value of correlation delta 
always ranges between 0 and 1 (inclusive). Correlation 
delta can be considered as the likelihood of a particular 
reference domain being associated to a query Q. Hence 
correlation delta becomes a good representation of the 
statistical probability of the event in which that reference 
domain would be correlated (strongly / weakly) to the 
given query Q. When no query is given, the probability of 
the event of whether the aforementioned reference domain 
is associated or not, is equally likely for any hypothetical 
query. Thus, when knowledge X is initially acquired and 
no query is provided, i.e., in the equilibrium state, one 
cannot determine correlations and hence, the EBOTS 
system assumes equal likelihood of both possibilities.  

If p is the probability of the event that a 
particular reference domain is associated to a given query 
context, then (1-p) is the probability that this reference 
domain is not associated or irrelevant to the query. 
According to information theory, entropy or self-
information is the average uncertainty for a particular 
event. If pi is the probability of a reference domain i and 
the acquired initial knowledgebase consists of D 
documents (D > 0) for a total of N reference domains (N ³  
D), then the entropy, H of the EBOTS system can be 
defined as 
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Figure 2 shows the steps in chronological manner that the 
EBOTS system learns in. This ever-iterative process is 
evolutionary and self-guided, accepting or rejecting new 
knowledge based on certain criteria that are discussed 
briefly in the following part of the document. 
 

 
 
Figure 2 Steps 1 through 15 (marked with circle 
around) in chronological manner  for  the EBOTS 
system    knowledge acquisition and learning process 
 
From Figure 2, when initial knowledge is presented at step 
1 (number 1 marked with circle around it), the knowledge 
parsing and acquisition process takes control and creates 
an equilibrium state as shown in step 3. Entropy H at the 
equilibrium state can also be calculated by taking into 
account the probability of association for each reference 
domain. Each pi in the equilibrium state resembles equal 
likelihood of being associated or not associated to any 
given generic query. Hence using equation (3), the 
probability of each reference domain is 
 
   Pi = 0.5    (4) 
Equal probability of each reference domain to be 
associated or not associated to the generic query is 
justified because in the equilibrium state, the EBOTS 
system does not express bias over reference domains. 
Using equations (3) and (4), in equilibrium state, for the 
initial knowledge X, entropy H0 at step 3, can be 
calculated as   
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When query Q is introduced to the system at step 4, it is 
carefully chosen to determine and orient the expertise in 
that particular field or area. At this stage, the information 
content of the EBOTS system in response to the query Q 
can be measured as the entropy H1 of the represented 
knowledge as associated to query Q. Using correlation 

delta ( iD ) as the probabilistic measure for entropy 
calculation, entropy H1 is calculated for the query state as  
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Where, iD is the correlation delta value of each reference 
domain entailing correlation to the query Q. 
 
Initial knowledge is always assumed to be a good starting 
point and accepted in steps 7 and 8. Chronologically, at 
step 9, new knowledge is to be acquired. The decision has 
to be made about the relevance of this new knowledge 
pertaining to the its relevance with respect to the existing 
or initial knowledge. Suppose the new knowledge X' 
combined with initial knowledge X constitutes 
knowledgebase Y. This allows the EBOTS system to 
determine the entropy H2 in equilibrium state (step 10) as 
well as the query state (step 13) for the same query Q. If 
the knowledgebase Y now consists of D' documents (D' 
>> D) and total N' reference domains (N' >> N), then the 
entropy H2 of the EBOTS system at equilibrium state will 
be 
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Similar to equation (3), the entropy can be calculated 
using pi value to be 0.5 
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Now for the same query Q, at step 13, it needs to be 
determined how the new knowledge fairs in relevance to 
the query. The entropy value H3 can be computed for 

query Q using correlation delta values iD for each 
reference domain i of the system. So the entropy with new 
knowledge in the query state would be  
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With all the four entropy values H0, H1, H2 and H3 thus 
computed, a naïve simplistic graphical representation of 
the knowledgebase can be summarized as shown in Figure 
4. 
 

 
 
Figure 3 Simplistic graphical representation of the 
EBOTS knowledgebase. 
 
Using Figure 3, we can compute the difference between 
the entropies of initial knowledge H(X) and new 
knowledge H(Y) in response to the given query Q. The 
difference between H3 and H1 is indicated as conditional 
entropy H (Y|X) and can be represented as 
 

)X(H)Y(H)X|Y(H -=  

13 HH)X|Y(H -=                  (10) 

Here, H (Y|X) indicates conditional entropy Y given prior 
establishment of X.  
Please note that the difference between H3 and H1 

indicates how relevant the newer knowledge is with 
respect to the initial knowledge. The least value of H(Y|X) 
would be zero, which indicates that nothing relevant can 
be learnt from new knowledge for the given query Q. To 
calculate the absolute relevance or Absolute Information 
Gain (AIG) of the EBOTS system for the new knowledge 
in proportion to acquired knowledge, the ratio of 
conditional entropy H(Y|X) to initial knowledge is 
computed. 
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The AIG values range between 0 to positive infinity 
(inclusive). The AIG value would be 1 if the entropy 
value represented by H3 is zero, i.e., if the new knowledge 
is completely irrelevant to the given query. If the initial 



knowledge entropy H0 is 0 (i.e., the initial knowledge is 
irrelevant to the query Q) and the new knowledge entropy 
is a positive value, then Absolute Information Gain would 
be infinite. In another case, if H3 and H1 represent exactly 
the same entropy values, there would be no gain i.e., 
AIG=0. 
 

 
Figure 4 Screenshot of the EBOTS system running as 
Quantitative Reasoning Module in Protégé Ontology 
environment to automatically accept/reject new 
knowledge for  the query economic decline 
 
The EBOTS system runs through the Protégé ontology 
editor [15] developed by the Stanford University’s SMI 
laboratory. Though ontological framework is not 
necessary for the scope of this paper, the EBOTS system 
also uses qualitative learning techniques through 
ontologies. As shown in the Figure 4, the automatic 
dissemination process decides whether to accept or reject 
new knowledge based whether it is relevant to existing 
knowledge. In order to automatically decide this 
relevance, it is critical to define threshold �  dynamically 
for given Absolute Information Gain, thus making the 
EBOTS system operate closer to intuitive and human-like 
learning. Above the decided threshold value, new 
knowledge will be accepted and below � , it will 
automatically be rejected. Based on the initial knowledge, 
the  �  value can be dynamically calculated as  
 

10 HH -=l                  (13) 

Threshold �  is the quantitative expectation from the new 
knowledge to be relevant to existing knowledge. If the 
system has learnt and acquired knowledge expertise 
pertaining to a certain field, threshold �  automatically 
relaxes the expectation from new knowledge. However, in 
the initial learning cycles, when the EBOTS system is 
establishing its expertise, the threshold expectation from 
new knowledge for relevance is relatively high. Threshold 
�  is also a good measure of how well query Q defines the 

expert context that the EBOTS system is trying to learn. If 
the query Q is regarding music and the initial knowledge 
is completely irrelevant to music, then threshold �  would 
be equal to H0 as entropy H1 value would be zero. 
 

 
Figure 5 Knowledge based quantitative Learning 
Response of the EBOTS learning system in 
quantitative reasoning mode dur ing automatic 
dissemination of 14 documents about query concept 
economic decline 
 
In Figure 5, a typical learning trend of the EBOTS system 
is shown. The X axis indicates time domain and values on 
Y axis represent the AIG (blue), threshold (red) as well as 
entropy (black) of the EBOTS system. The only increase 
in the entropy of the system occurs when new knowledge 
is accepted and added to the existing knowledgebase. At 
this time, the expectation threshold value also drops. Out 
of a total of 14 documents, only 10 relevant documents to 
the concept economic decline were accepted but the 
remaining 4 documents were rejected, due to their being 
irrelevant to the given concept economic decline. 

 In a separate experiment (See Figure 6) we used 
Information Retrieval Classic3 MEDLINE dataset [16]. 

 
Figure 6 Quantitative learning response of the EBOTS 
system using MEDLINE data for  query “ the 
crystalline lens in ver tebrates, including humans”  for  
over  3 hours. 



 Medline dataset has 1024 medical documents and the 
queries and retrieval results provided. We used the query 
“ the crystalline lens in vertebrates, including humans”  and 
determined the relevance of all documents when the 
EBOTS system was given few documents to start with 
(namely document ids 13, 14, 15, 72, 79 and 171). The 
system achieved 63 documents as relevant to the given 
knowledge with respect to given query.  
 
5. Conclusion and Future Work 
 
This paper demonstrates the ability and potential of the 
EBOTS system to reason quantitatively regarding acquired 
knowledge and the system automatically accepting or 
rejecting new knowledge based on a dynamic relevance 
threshold. The computed Absolute Information Gain of 
the system is a good measure of knowledgebase relevance 
to an expert query context. The EBOTS system can 
operate and disseminate information quantitatively in 
automatic as well as manual modes of operation. Manual 
intervention by a domain expert is required to define a 
query concept accurately. 

Future enhancements to the quantitative 
reasoning module include the use of a database-backed 
knowledgebase to automatically disseminate knowledge 
and sense disambiguation [17] to determine the correct 
sense of textual semantics before decision-making. 
Another potential use of the EBOTS system may be to link 
a proposed reasoning engine to web search and web 
crawler programs that will acquire expertise in the 
distributed manner dynamically, given a particular 
concept. Currently, better threshold affecting factors are 
being investigated. We also plan to use TREC Novelty 
track [18] dataset which focuses on similar interests for 
user based feedback profiling. The important contribution 
of this paper is the framework for the quantitative 
modeling of the intuitive information seeking process. 
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