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ABSTRACT

Knowledge Acquisition is a well-known and upcoming field of Computer Science. The similar concept of
Information Retrieval is mature and has many concepts which help in the Knowledge Acquisition procedure.
Information Retrieval is responsible for simply extraction of raw data in an organized manner (tabular form)
which we call Information. Information alone is not good enough when Humans want to interact with Machines
and hence the need is to translate this retrieved information into a human understandable, readable and
grammatically correct Natural Language, e.g. English. Knowledge Acquisition in itself has potential to enhance
the Natural Language Processing, to a more mature and concrete level.
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Natural Language Representation.

I. INTRODUCTION

Knowledge Acquisition alone is not as good
as when we combine it with Machine Learning,
especially the Tree Based Machine Learning [17].
The idea to use Tree Based Machine Learning is
derived from the Decision Trees [23], [26] and
Connectionist Approach. The Tree structure is
excellent to segregate, classify and do hierarchical
extraction of information and hence knowledge.
When the system has to analyze multiple text
documents, the Tree structure will help us to classify
these documents on the basis of relevance of
information these documents carry. As we extract
this information and form higher levels of tree nodes
we get more concentrated information, which is void
of redundancies and is more specific than level
below, so on till the root, which will have supposedly
the most precise knowledge extracted from available
input of documents. The Machine Learning in Trees
will help the system classify better with every
iteration. Slowly the system will learn at each tree
level and increase its precision and recall of the
information and hence the knowledge. The learning
procedure here is of dynamic nature and somewhat
real time because the system is improving at each
level of tree. This approach is rather different from
the contemporary tree based learning but uses trees
and hence the name. Adding these above concepts

together will make the system precision higher than
its subsystems individually can achieve. The
paradigms of Tree Structures, Information Retrieval
[1], 12], [3], Knowledge Acquisition [14], [15] and
Natural Language Processing together are powerful
enough to give very natural and precise results.

Il. LITERATURE REVIEW
1. Knowledge Acquisition

Knowledge acquisition [19] is a method of
learning, first proposed by Aristotle in his seminal
work "Organon”. Aristotle proposed that the mind at
birth is a blank slate, or tabula rasa. As a blank slate
it contains no knowledge of the objective, empirical
universe, nor of itself. As a method, it is opposed to
the concept of "a priori" knowledge, and to
"intuition” when conceived as religious revelation.

Knowledge acquisition is the process of extracting,
structuring and organizing knowledge from one
source, usually human experts, so it can be used in
software such as an ES. This is often the major
obstacle in building an ES.

There are three main topic areas central to
knowledge acquisition that requires consideration in
all ES projects. First, the domain must be evaluated
to determine if the type of knowledge in the domain
is suitable for an ES. Second, the source of expertise
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must be identified and evaluated to ensure that the
specific level of knowledge required by the project is
provided. Third, if the major source of expertise is a
person, the specific knowledge acquisition techniques
and participants need to be identified.

Knowledge Acquisition Technique
At the heart of the process is the interview. The

heuristic model of the domain is usually extracted

through a series of intense, systematic interviews,

usually extending over a period of many months [27].

Note that this assumes the expert and the knowledge

engineer are not the same person. It is generally best

that the expert and the knowledge engineer not be the
same person since the deeper the experts' knowledge,
the less able they are in describing their logic.

Furthermore, in their efforts to describe their

procedures, experts tend to rationalize their

knowledge and this can be misleading.

General suggestions about the knowledge acquisition

process are summarized in rough chronological order

below:

e Observe the person solving real problems.

e Through discussions, identify the kinds of data,
knowledge and procedures required to solve
different types of problems.

Build scenarios with the expert that can be
associated with different problem types.

Have the expert solve a series of problems verbally
and ask the rationale behind each step.

Develop rules based on the interviews and solve
the problems with them.

Have the expert review the rules and the general
problem solving procedure.

e Compare the responses of outside experts to a set
of scenarios obtained from the project's expert
and the ES.

Note that most of these procedures require a close

working relationship  between the knowledge

engineer and the expert.

Practical Considerations

The preceding section provided an idealized
version of how ES projects might be conducted. In
most instances, the above suggestions are considered
and modified to suit the particular project. The
remainder of this section will describe a range of
knowledge acquisition techniques that have been
successfully used in the development of ES.

Operational Goals

After an evaluation of the problem domain shows
that an ES solution is appropriate and feasible, then
realistic goals for the project can be formulated. An
ES's operational goals should define exactly what
level of expertise its final product should be able to
deliver, who the expected user is and how the product

is to be delivered. If participants do not have a shared
concept of the project's operational goals, knowledge
acquisition is hampered.

Pre-training

Pre-training the knowledge engineer about the
domain can be important. In the past, knowledge
engineers have often been unfamiliar with the
domain. As a result, the development process was
greatly hindered. If a knowledge engineer has limited
knowledge of the problem domain, then pre-training
in the domain is very important and can significantly
boost the early development of the ES.

Knowledge Document

Once development begins on the knowledge base,
the process should be well documented. In addition to
tutorial a document, a knowledge document [48] that
succinctly states the project's current knowledge base
should be kept. Conventions should be established
for the document such as keeping the rules in quasi-
English format, using standard domain jargon, giving
descriptive names to the rules and including
supplementary, explanatory clauses with each rule.
The rules should be grouped into natural subdivisions
and the entire document should be kept current.

Questionnaires

When specific information is needed, a
questionnaire can sometimes be used effectively.
Questionnaires are generally used in combination
with other techniques such as interviews.

2. Decision Trees

Decision trees [17], [26] are widely recognized to
be useful tools for the knowledge engineer in
prototyping knowledge representations. In addition,
they can be useful in knowledge acquisition on
several different levels. Some knowledge engineers
have found that experts can more readily relate to
decision trees than rules.

Rule Development

Although complex representation techniques might
eventually be used, rules are generally easier to use
for characterizing knowledge during knowledge
acquisition. Prototypic rules should be developed as
soon as possible to serve as a focal point for directing
the course of the knowledge acquisition process. The
initial knowledge base can be developed from written
materials or from example cases described by the
expert during early unstructured interviews. Initial
rules should be treated as approximations and their
wording should be general to avoid pressuring the
expert. As additional cases are described during
interviews, the rule base can be expanded. Once a
stable rule base begins to develop, it can provide
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feedback for structuring interviews. Initially the rules
and procedures can be traced through by hand with
the expert considering each step. The same pattern of
tracing through rules should continue once a version
of the knowledge base is developed on a computer
and it frequent use should become part of the process.
Recognition of the central role of knowledge
acquisition in the development of ES is an
unavoidable prerequisite for any knowledge
engineering project. If domains are defined and
experts chosen with this in mind, a project's chances
for success will be greatly increased. Once an
appropriate domain is identified and a cooperative,
available expert with the necessary stamina is found,
then the practical approaches to knowledge
acquisition outlined should be of help.

There are several points that deserve

emphasized:

e Projects need to be well planned. The knowledge
engineer has the responsibility initially to define
explicit operational goals that are consistent with
the resources available to a project. Early in the
interview process, the purpose of the project and
the roles of the participants should be carefully
discussed. The discussion should lead to a
consensus opinion on what is expected in a final
product, who its users should be and how it
should be delivered. As the project develops, the
operational goals should be consciously
reconsidered on a regular basis.

e The knowledge acquisition process should be
carefully planned to match the requirements of
the project's domain expert. For example, time
lines that allow for the necessary pre-training,
unstructured interviewing and the structured
interview  phases  can be developed.
Documentation procedures to be used during the
project should be defined.

e Specific interviews or knowledge gathering
events should be planned to accomplish specific
goals. In pre-training, the goal might be to
identify several realistic scenarios and during the
first unstructured interviews one goal might be to
develop a glossary of the expert's terminology.
Later, the goals might be to obtain specific bits of
information to explain apparent discrepancies. In
planning individual interviews, the knowledge
engineer should try to get explicit feedback.

to be

Regardless of its size or the intended application,
the knowledge acquisition process cannot be avoided.
Recognition of this is the first step toward the
successful development of a functional ES.

3. Information Retrieval

Information retrieval is the activity of obtaining
information resources relevant to an information need
from a collection of information resources. Searches

can be based on metadata or on full-text (or other
content-based) indexing.

Efficiency in dealing with information retrieval
(IR) [5], [6], [9] tools is related to the consideration
of relevant semantic data describing terms and
concepts in the specific do-main considered. This
kind of resources are often taken from an external
and generic module  (Aussenac-Gilles and
Mothe,2004),which implies that we probably lose a
number of interesting properties we would be able to
recover if semantic processing was directly
performed on the text collection we are dealing with.

In a full-text search, a search engine [10] examines
all of the words in every stored document as it tries to
match search criteria

Improved querying tools

. Keywords: Document creators (or trained
indexers) are asked to supply a list of words that
describe the subject of the text, including
synonyms of words that describe this subject.
Keywords improve recall, particularly if the
keyword list includes a search word that is not in
the document text.

. Field-restricted search: Some search engines
enable users to limit free text searches to a
particular field within a stored data record, such
as "Title" or "Author."

. Boolean queries: Searches that
use Boolean operators (for example,
"encyclopedia” AND "online" NOT "Encarta")
can dramatically increase the precision of a free
text search. The AND operator says, in effect,
"Do not retrieve any document unless it contains
both of these terms." The NOT operator says, in
effect, "Do not retrieve any document that
contains this word." If the retrieval list retrieves
too few documents, the OR operator can be used
to increase recall; consider, for example,
"encyclopedia” AND "online" OR "Internet"
NOT "Encarta". This search will retrieve
documents about online encyclopedias that use
the term "Internet" instead of "online." This
increase in precision is very commonly counter-
productive since it usually comes with a
dramatic loss of recall.

. Phrase search: A phrase search matches only
those documents that contain a specified phrase,
such as "Wikipedia, the free encyclopedia."

. Concept search: A search that is based on
multi-word concepts, for example Compound
term processing. This type of search is becoming
popular in many e-Discovery solutions.

. Concordance search: A concordance search
produces an alphabetical list of all principal
words that occur in a text with their immediate
context.
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. Proximity search: A phrase search matches
only those documents that contain two or more
words that are separated by a specified number
of words; a search for "Wikipedia" WITHIN2
"free" would retrieve only those documents in
which the words "Wikipedia" and "free" occur
within two words of each other.

o Regular expression: A regular expression
employs a complex but powerful
querying syntax that can be used to specify
retrieval conditions with precision.

. Fuzzy search will search for document that
match the given terms and some variation
around them (using for instance edit distance to
threshold the multiple variation)

. Wildcard search: A search that substitutes one
or more characters in a search query for a
wildcard character such as an asterisk. For
example using the asterisk in a search query
"s*n" will find "sin", "son", "sun", etc. in a text.

4. Natural Language Representation

The process to generate text can be as simple as

keeping a list of canned text that is copied and pasted,
possibly linked with some glue text. The results may
be satisfactory in simple domains such as horoscope
machines or generators of personalized business
letters. However, a sophisticated NLG [21], [22]
system needs to include stages of planning and
merging of information to enable the generation of
text that looks natural and does not become
repetitive. The typical stages of natural language
generation, as proposed by Dale and Reiter, are:

Content determination: Deciding what information to

mention in the text. For instance, in the pollen

example above, deciding whether to explicitly
mention that pollen level is 7 in the south east.

Document structuring: It is overall organization of

the information to convey. For example, deciding to

describe the areas with high pollen levels first,
instead of the areas with low pollen levels.

Aggregation: Merging of similar sentences to

improve readability and naturalness. For instance,

merging the two sentences Grass pollen levels for

Friday have increased from the moderate to high

levels of yesterday and Grass pollen levels will be
around 6 to 7 across most parts of the country into

the single sentence Grass pollen levels for Friday
have increased from the moderate to high levels of
yesterday with values of around 6 to 7 across most
parts of the country.

Lexical choice: Putting words to the concepts. For
example, deciding
whether medium or moderate should be used when
describing a pollen level of 4.

Referring expression generation: Creating referring
expressions that identify objects and regions. For
example, deciding to use in the Northern Isles and far
northeast of mainland Scotland to refer to a certain
region in Scotland. This task also includes making
decisions about pronouns and  other  types
of anaphora.

Realization: The actual text, which should be correct
according to the rules of syntax, morphology,
and orthography. For example, using will be for the
future tense of to be.

5. Tree Based Machine Learning

A decision tree is a simple representation for
classifying examples. Decision tree learning is one of
the most successful techniques for supervised
classification learning. For this section, assume that
all of the features have finite discrete domains, and
there is a single target feature called the
classification. Each element of the domain of the
classification is called a class. A decision tree or a
classification tree is a tree in which each internal
(non-leaf) node is labeled with an input feature. The
arcs coming from a node labeled with a feature are
labeled with each of the possible values of the
feature. Each leaf of the tree is labeled with a class or
a probability distribution over the classes.

A tree can be "learned" by splitting the
source set into subsets based on an attribute value
test. This process is repeated on each derived subset
in a recursive manner called recursive partitioning.
The recursion is completed when the subset at a hode
has all the same value of the target variable, or when
splitting no longer adds value to the predictions. This
process of top-down induction of decision
trees (TDIDT) is an example of a greedy algorithm,
and it is by far the most common strategy for learning
decision trees from data.

Decision tree advantages
Amongst other data mining methods, decision
trees have various advantages:

. Simple to understand and interpret. People
are able to understand decision tree models
after a brief explanation.

. Requires little data  preparation. Other
techniques often require data
normalisation, dummy variables need to be
created and blank values to be removed.

. Able to handle both numerical
and categorical data. Other  techniques are
usually specialised in analysing datasets that
have only one type of variable. (For example,
relation rules can be used only with nominal
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variables while neural networks can be used
only with numerical variables.)

. Uses a white box model. If a given situation is
observable in a model the explanation for the
condition is easily explained by boolean logic.
(An example of a black box model is an artificial
neural network since the explanation for the
results is difficult to understand.)

. Possible to validate a model using statistical
tests. That makes it possible to account for the
reliability of the model.

. Robust. Performs well even if its assumptions
are somewhat violated by the true model from
which the data were generated.

. Performs well with large datasets. Large
amounts of data can be analysed using standard
computing resources in reasonable time.

6. Concept Mining

Concept mining [7], [8] is an activity that results in
the extraction of concepts from artifacts. Solutions to
the task typically involve aspects of artificial
intelligence and statistics, such as data
mining and text mining. Because artifacts are
typically a loosely structured sequence of words and
other symbols (rather than concepts), the problem
is nontrivial, but it can provide powerful insights into
the meaning, provenance and similarity of
documents. Traditionally, the conversion of words to
concepts has been performed using a thesaurus, and
for computational techniques the tendency is to do
the same. The thesauri used are either specially
created for the task, or a pre-existing language model,
usually related to Princeton's WordNet. The
mappings of words to concepts are often ambiguous.
Typically each word in a given language will relate to
several possible concepts. Humans use context to
disambiguate the various meanings of a given piece
of text, where available machine translation systems
cannot easily infer context. For the purposes of
concept mining however, these ambiguities tend to be
less important than they are with machine translation,
for in large documents the ambiguities tend to even
out, much as is the case with text mining. There are
many techniques for disambiguation that may be
used. Examples are linguistic analysis of the text and
the use of word and concept association frequency
information that may be inferred from large text
corpora. Recently, techniques that base on semantic
similarity between the possible concepts and the
context have appeared and gained interest in the
scientific community.

7. Association Rule Learning
Association Rule Learning [43], [44], [52] is a
popular and well researched method for discovering

interesting relations between variables in large
databases. It is intended to identify strong rules
discovered in databases using different measures of
interestingness. Based on the concept of strong rules,
Rakesh Agrawal et al [51], introduced association
rules for discovering regularities between products in
large-scale transaction data recorded by point-of-
sale (POS) systems in supermarkets. For example, the

wle 1onions, potatoes} = {burger}

found in the sales data of a supermarket would
indicate that if a customer buys onions and potatoes
together, he or she is likely to also buy hamburger
meat. Such information can be used as the basis for
decisions about marketing activities such as, e.g.,
promotional pricing or product placements. In
addition to the above example from market basket
analysis association rules are employed today in
many application areas including Web usage
mining, intrusion detection, Continuous production,
and bioinformatics. As opposed to sequence mining,
association rule learning typically does not consider
the order of items either within a transaction or across
transactions.

Following the original definition by Agrawal et al.
the problem of association rule mining is defined as:

et { = {31!32!"'!3’-‘1 be a set of 72 binary

attributes called items.

LetJD - {tl.'f'?! .- '!tm}be a set of
transactions called the database. Each transaction
in D has a unique transaction ID and contains a
subset of the items in {. Aruleis defined as an
implication of the

form X = YwhereX: Y C Iand

XﬂY:ﬂ. The sets of items (for

short itemsets) X and Y are called antecedent (left-
hand-side or LHS) and consequent(right-hand-side or
RHS) of the rule respectively.

To illustrate the concepts, we use a small example
from the supermarket domain. The set of items

. I = {milk, bread, butter, beer}

d a small database containing the items (1 codes
presence and 0 absence of an item in a transaction) is
shown in the table to the right. An example rule for
the supermarket could

ve tbutter,bread} = {milk } i

that if butter and bread are bought, customers also
buy milk.

Note: this example is extremely small. In practical
applications, a rule needs a support of several
hundred transactions before it can be considered
statistically significant, and datasets often contain

thousands or millions of transactions.
TABLE |
Example of Association Rule Learning.
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'IFI;ansaction Milk Bread |Butter |Beer
1 1 1 0 0
2 0 0 1 0
3 0 0 2 1
4 1 1 1 0
5 0 1 Y 0

8. Apriori Algorithm

Apriori [30], [31], [32] is a classic algorithm
for frequent item set mining and association rule
learning over transactional databases. It proceeds by
identifying the frequent individual items in the
database and extending them to larger and larger item
sets as long as those item sets appear sufficiently
often in the database. The frequent item sets
determined by Apriori can be used to
determine association rules which highlight general
trends in the database: this has applications in
domains such as market basket analysis.

Apriori is designed to operate
on databases containing transactions (for example,
collections of items bought by customers, or details
of a website frequentation). Other algorithms are
designed for finding association rules in data having
no transactions (Winepi and Minepi), or having no
timestamps (DNA sequencing). Each transaction is
seen as a set of items (anitemset). Given a
threshold C the Apriori algorithm identifies the item
sets which are subsets of at least (' transactions in
the database.

Apriori uses a "bottom up" approach, where
frequent subsets are extended one item at a time (a
step known as candidate generation), and groups of
candidates are tested against the data. The algorithm
terminates when no further successful extensions are
found.

Apriori  uses breadth-first searchand a Hash
tree structure to count candidate item sets efficiently.
It generates candidate item sets of length kfrom item
sets of length ke — 1. Then it prunes the candidates
which have an infrequent sub pattern. According to
the downward closure lemma, the candidate set
contains all frequent fC—Iength item sets. After that, it
scans the transaction database to determine frequent
item sets among the candidates.

The pseudo code for the algorithm is given below
for a transaction database T, and a support threshold
of £. Usual set theoretic notation is employed, though

note that 1 is a multiset. Gk is the candidate set for
level k. Generate() algorithm is assumed to generate
the candidate sets from the large item sets of the
preceding level, heeding the downward closure

lemma. Cgu”t[c] accesses a field of the data
structure that represents candidate set , which is
initially assumed to be zero. Many details are omitted
below, usually the most important part of the
implementation is the data structure used for storing
the candidate sets, and counting their frequencies.

Aprioni(T, )
L; + {large 1 — itemsets}
k2
while L,_y # emptyset
Cp —{au{d} [ae Lynbe| JLiiAbga)
for transactionst € T
Ci{cleeCihcCl}
for candidates c € C}
count|c] + countd + 1
Ly+{c|ce Cp A countld > €}
kek+1
return ULFC

&
I11.  Pitfall of Existing approaches/
techniques/ methods

The most widely used technique in
Association Mining is Apriori Algorithm which
retrieves the similar information based on
association. This information is mostly raw and
unorganized and hence the proposed system plans to
retrieve the information but in more generalized and
human readable form. The proposed system should
extract the common information which is of
importance to general populace and not to experts.

Limitations of Apriori Algorithm

Apriori, while historically significant, suffers from
a number of inefficiencies or trade-offs, which have
spawned other algorithms. Candidate generation
generates large numbers of subsets (the algorithm
attempts to load up the candidate set with as many as
possible before each scan). Bottom-up subset
exploration (essentially a breadth-first traversal of the
subset lattice) finds any maximal subset S only after

5
all 2' - 1of its proper subsets.
Later algorithms such as Max-Miner try to identify
the maximal frequent item sets without enumerating
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their subsets, and perform "jumps" in the search
space rather than a purely bottom-up approach.

There is no existing system which uses
Information Retrieval and Data Mining concepts such
as Apriori Algorithm for the purpose of Knowledge
Acquisition. These techniques are popular in simple
Data Mining but are not used in conjunction with
Natural Language Representation for the use of
layman. The Apriori Algorithm is a tree based
algorithm which is fundamentally a type of Decision
Tree. Using Apriori for Information Retrieval is a
difficult task and is yet to be used together on Natural
Language such as English.

IV. Conclusion

The above mentioned concepts can be
collaboratively used to get the desired system
functioning. The concepts should not be used as they
are and only the core fundamentals are to be
implemented in some cases. The concept of
Knowledge Acquisition is relatively broad and is
mixed implementation of other concepts from
Information Retrieval using Natural Language
Processing paradigms, also the Tree Based Machine
Learning fundamentals are used for Classification
purposes and segregation of document on the
Information criteria. Concept Mining is an advanced
implementation of Information Retrieval and the
tasks of Concept Mining are also applied to extract
the information from documents.

Apriori  Algorithm makes a very good base
algorithm for the task of Information Retrieval and
thus Knowledge Acquisition. An effort is being made
on the same lines to come up with a suitable
modification to Apriori Algorithm to be implemented
for Knowledge Acquisition purposes.
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