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Abstract:

HIV/AIDS has no cure to this date and it has been noted that the most effective means of mitigating
the disease infectious rate is information sharing. HIV/AIDS Frequently Asked Questions
(HIV/AIDS FAQ) is another approach for sharing information. The research proposes an automated
FAQ information retrieval system for sharing HIV/AIDS FAQs. One of the challenges in FAQ
retrieval is mapping of a user query in an FAQ retrieval system to appropriate FAQ question in the
FAQ retrieval system repository. To address this challenge a number of approaches have been
proposed, most of which are based on traditional information retrieval techniques.

The goal of this research is to design and implement an artificial neural network retrieval system to
experiment mapping of arbitrary HIV/AIDS FAQ user question to similar in meaning or equivalent
HIV/AIDS FAQ question stored in the FAQ retrieval system repository. Question to question
similarity matching technique shall be used. System performance is benchmarked with traditional
information retrieval (key word based) HIV/AIDS FAQ retrieval system. Golden standard approach

is used to udge system efficiency using re ection rate and recall rate metrics.

The study compiled an HIV/AIDS FAQ corpus. The Intelligent HIV/AIDS FAQ retrieval system
(IHAFR) operational parameters were designed based on heuristics rules and experimental
determinants. A portion of the HIV/AIDS FAQ corpus was used to train the IHAFR using MATLAB.
Unknown HIV/AIDS FAQ questions were posed to the systems and performance benchmarked with
traditional keyword based HIV/AIDS FAQ system. HIV/AIDS counselors, students participating in
HIV/AIDS organized activities evaluated the performance of these systems.

The analysis results revealed that IHAFR had recall rate 79.17 % and traditional keyword based FAQ
system 55.83 % for equivalent or similar HIV/AIDS FAQs. Traditional keyword based FAQ retrieval
system attained a re ection rate of 82.50%, compared to 61.67 % for neural network system. Based
on these general results, the research concludes that neural network systems have a better ability to
provide altemative FAQ questions which are semantically similar because of the neural network
generalization trait. In contrast, key word based retrieval systems recall rate are poor because they do
syntactical similarity matching, however this same trait gives them a better re ection rate. Due to the
generalization ability of the neural network approach, it could be an ideal technique for implementing
HIV/AIDS FAQ retrieval as it semantically provides related FAQ question and therefore an answer.
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CHAPTER 1

1.1. Introduction

AIDS persist as a challenging disease to control its infection rate worldwide and more so in African
countries including Botswana and this is mainly due to incidence risk taking behavior of the general
populace. In most African countries educational campaigns and medical therapies are strategies used

to manage and control the prevalence of HIV/AIDS because there is no cure.

HIV/AIDS Frequently Asked Questions (HIV/AIDS FAQ) constitute as one of the strategies for
information sharing. Therefore, the research proposes an Intelligent HIV/AIDS FAQ Retrieval
System (IHAFR) using Artificial Neural Network as a technique to implement sharing information
about HIV/AIDS FAQs answers thorough posed arbitrary HIV/AIDS user queries. Question to
question similarity matching using Artificial Neural Network (ANN) technique is proposed for
selecting a similar or equivalent HIV/AIDS FAQ existing in the IHAFR repository[1].

HIV/AIDS FAQ questions from MASA, IPOLETSE booklets compiled by the Ministry of Health in
govemment of Botswana and also other reliable and authentic HIV/AIDS FAQs were compiled to
constitute a corpus. The HIV/AIDS FAQ corpus was pre-processed and sub ected to feature selection.
Feature selection entails annotating text into numerical values using text properties like term
frequency (TF) and inverse document frequency (/DF) to derive a numerical term FAQ question
matrix. This matrix defines an HIV/AIDS FAQ vector for each FAQ in the repository. Document
reduction technique was used to filter out terms that do not significantly contribute to question
identification and the final product deduced was a term - FAQ question matrix used to train the
Neural Network system thus creating an inbuilt HIV/AIDS FAQ Knowledge Base (HIV/AIDS FAQ
KB) within the IHAFR.

HIV/AIDS user query when submitted to the system shall be sub ected to the same process of prep-
processing. The HIV/AIDS user query processed shall be matched with existing HIV/AIDS FAQs in
the ITHAFR FAQ repository. Relevant HIV/AIDS FAQs are extracted and ranked in order of
relevancy to the submitted query. A traditional information FAQ retrieval using Vector Space Model
technique was used as a baseline system to facilitate comparative analysis and evaluation of the

IHAFR so that its response and accuracy could be determined.
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1.2. Background of the Study

National AIDS Coordinating Agency (NACA) a Botswana govemment organization in its
publication of uly 2008 reported that adult HIV prevalence grew rapidly during the eadly 1990s,
reached its peak of around 26 % in 2000 before declining to 24 % by the time of the Botswana AIDS
Impact Survey in 2004 and to about 21 % in 2007[2]. oint United Nations Programme on HIV/AIDS
[3] issued a survey report (HIV/AIDS ESTIMATES (2009) )and estimated adults aged 15 to 49 years
had a prevalence rate of 24.8 %.”

USAID a popular nongovemmental organization operating in a number of Southem African
countries, inclusive Botswana published a report (September 2010) on the country’s HIV prevalence
rate revealing that 23.9 % of adults aged 15 to 49 years are HIV positive and the pace of new
infections could be slowing[4].

NACA in its publication of March 2014 reported that adult HIV prevalence is declining and currently
stands at 18.5% which shows the positive impact of educational campaigns and medical therapies
despite the absence of a complete cure to the deadly disease [5]. Based on these observations this
research is proposing to improve HIV/AIDS educational campaigns and awareness campaign tools by
experimenting the feasibility of implementing an automated Intelligent HIV/AIDS FAQ retrieval
system[1] using question to question mapping technique when searching for a relevant HIV/AIDS
FAQ.

The govemment of Botswana in collaboration with other key stakeholders took a bold and stem
measure to mitigate the ravaging and devastating disease. Key to these measures are information
sharing programs, AIDS awareness campaign, education about the disease and other methods used to
alert people about the illness. AVERT an intemational HIV/AIDS charity, working to avert
HIV/AIDS wordwide, through education, treatment and care, commented that ‘“Botswana s long-term
vision is to have no new HIV infections by 2016, when the nation will celebrate 50 years of
independence. This will never be achieved without a massive and sustained HIV prevention

campaign’[6].
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Currently different HIV/AIDS campaigns include information dissemination strategies like public
awareness and education comprising bill boards, banners and fliers, TPOLETSE a telephone call
centre which provides answers to Frequently Asked Questions (FAQs) on HIV and AIDS, a website
hosting and publications [7], Knowledge, Innovation & Training Shall Overcome AIDS (KITSO) a
university of Harvard Research and Training program on HIV/AIDS [8] , Makgabanenga radio serial
drama behavioral modeling people on afflicting HIV/AIDS issues[9].

Shortcomings noted from these adopted approaches are advertising on radio is considered as an
inhibiting factor because of limited society who can access radio[10] and radio programme awareness
campaigns must be initiated to let people know when health programmes will be on air [4].Botswana
has safe-sex billboards and posters everywhere, but it is unclear whether anyone pays attention [4].
Call centers use fixed landlines whilst the general populace has more access to mobile phones
according to a Botswana Telecommunications Authority (BTA)[11] 2010 survey which revealed that
there are 136 593 fixed telephone subscribers compared to 2 339 029 mobile users from a population
of 1, 776,494. Call centers using fixed lines which do not support services like Short Message
Services (SMS). Publications in general induce a sense of information load as people normally would
want to get an answer for a specific question than trying to read the whole pamphlet or book in search

of a simple answer.

Currently there are no appropriate, conducive and contemporary Information Communication
Technology (ICT) techniques for accessing information resources on HIV/AIDS in Botswana as
noted by Masizana-Katongo et al [1, 12]. Researches in Information Retrieval (IR) and Natural
Language Processing (NLP) have lead to a Question Answering (QA) System, a service which is also
capable of being interrogated, answering and disseminating information effectively and conveniently
through use of ICT and Natural language (NL).

Automated Question Answering using Frequently Asked Questions (FAQ) is another category of QA
systems. People sharing a common interest are able to get answers to recurring questions from this
knowledge domain, using a FAQ information retrieval system. At the moment manual publications
like IPOLETSE, MASA and reliable and authenticated HIV/AIDS sites have many HIV/AIDS FAQ
question answer pair. These HIV/AIDS FAQs question answer pair could be converted to an
electronic knowledge base embedded in an FAQ retrieval system hence provide easy access to
answers on frequently asked questions on HIV and AIDS.
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The problem that is common with using Natural language (NL) is the possibility of posing questions
in diverse ways but meaning a similar thing is common. User questions are inherent of arbitrary
words, word sense disambiguity and lexico grammatical content. For example what are symptoms of
AIDS? How do you know signs of AIDS? What symptm of aids? Hw d u know sgns of aids? These
are typical HIV/AIDS FAQ user questions that can be posed to an FAQ information retrieval system

by users but portraying the same meaning, with different grammatical content and word sense.

Attificial Neural Networks (ANN) a branch of artificial intelligence has been proved to resolve this
problem more efficiently than any conventional information retrieval method. ANN approach mimics
the human brain ability to abstractly resolve incomplete data using acquired knowledge from
examples and leaming done. An intelligent and automated FAQ retrieval system implies that the
system is sub ected to a knowledge discovery process through a leaming process where some
HIV/AIDS FAQ questions are presented to the system. The system in tum shall leam the pattems and
trends confined within the HIV/AIDS FAQ questions in a way of relating certain terms in users
queries to questions stored in the system knowledge base [13]. The research proposes that an
Intelligent HIV/AIDS FAQ Retrieval ANN could be an ideal solution to resolve arbitrary HIV/AIDS
FAQ question and provide similar or equivalent in meaning HIV/AIDS FAQ question which bears

answers to the questions posed.
1.3. Question Answering System Types

Question Answering is a technology that has emanated from information retrieval concepts and it has
improved the retrieval of information to a specific answer than providing a multitude of answers as
characterized by Yahoo, Google search engines, etc [14]. USENET is a popular QA system that
provides answers to frequently asked questions from a pool of a wide-ranging library of previously-
answered questions[15]. Agrawal [16] defines Question Answering as the task whereby an
automated machine answers, arbitrary questions formulated in natural language. Khiyal et at al[17]
further elaborates question answering as a technology that provides spontaneous methods of
information access compared to existing and famous information retrieval systems like Yahoo,

Google, etc. Question Answering systems are largely classified as closed or open domain systems.
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1.3.1. Open Domain Question Answering System Types

Mohammed et all [18] defines an open domain question answering system as a system that deals with
open ended questions and relies on general word knowledge found on world wide web (WWW), text

corpus, etc
1.3.2. Closed Domain Question Answering System Types

Closed-domain question answering relate to questions under a specific sub ect, supported with
sub ect-specific knowledge formalized in a knowledge repository. FAQ information retrieval system
is a category of closed domain QA systems. The FAQ information retrieval system retrieve existing
FAQ questions that are already predefined and organized as question answers (QA pairs ) stored in an
FAQ knowledge base.[19]. Database and Ontology QA systems are yet another class of closed
domain QA systems. They process user queries and retrieve predefined answers based on the user

question which is transformed into a database query or template i.e. SQL or SPARQL etc.

The research adopts a question answering system belonging to the closed domain category in
particular the FAQ information retrieval system. This model suite well with an information retrieval
system the research intends to design and build for HIV/AIDS FAQ information retrieval system.
This HIV/AIDS FAQ information retrieval model should handle domain information (HIV/AIDS)
which has can be implemented as an HIV/AIDS FAQ question both from the processing and mapping

context.

1.4. Concept of Frequently Asked Question (FAQ)

Isiaka and Salim [20] state that FAQ stands for ‘frequently asked questions’’ and further implies that
there should be an access mechanism that provides access to the FAQ question, which is frequently
asked by users, usually about different issues of concem or those about common interest and the
answers are typically shown with the questions. The key concept of a collection of FAQs file is to
keep a testimony pertaining to common perceptions in a given community about a particular sub ect
and the questions being asked, then answers are made available, particulady to newcomers of the
group who may otherwise ask the same questions again and again[21]. The same sentiments and
reflections on the need and importance of constantly asked questions (FAQ), their availability is
echoed by [22]
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“,..Jf many users asked the same questions (FAQ) in a certain period of time (a hot topic), then the
answers to these questions will be checked manually and directly linked to the questions....this

aspect is also found in many new generation search engines, such as Ask eeves...”

In summary the FAQs are created out of clear interest by people and their intention is to seek
knowledge and have a common consensus about a problematic issue prevalent in a community. The
FAQ’s answers are authored by domain experts since the general populace raises constant concems
over the same issue. In the research study context, HIV/AIDS is a pandemic disease which has caused
untold suffering world over. Many repeated questions have been asked to seek knowledge about the

disease with view to know and understand the nature of the disease.

In Botswana the IPOLETSE and MASA HIV/AIDS FAQ manuals are responses to the need for such
knowledge on HIV/AIDS. The HIV/AIDS FAQs questions in these manuals are arranged as shown in
figure 1 where each HIV/AIDS FAQ question is written in blue is provided with an answer. This set
is known as an HIV/AIDS FAQ question answer pair. In this research we intended to store this
HIV/AIDS FAQ in a FAQ system repository and every posed HIV/AIDS query shall be mapped to a

comresponding or similar in meaning HIV/AIDS FAQ question so as to retrieve an answer.

=31 Howe weill iy reesppeonsibdlities change when my partner poeees o SGRWY fherapy T
Wellvem wour partner stasts ARYW therapy, shae may fe2l oo weak fo do a2l tne weeock
el il befoerns, TPeeneToerse Shee vl s ssaur ey W wari D Eksrs FEeee BooS o e
wr parin=r by h=lgping her to remeam ber b takes her madicine and keep doctor's
Sp ol mrTEEnEs.

2ar Is it v that sex with a wirgin will cusre me of HEWWAIDS 7
This I= mot tres. I ywou are HiIV-posities, o will anfect the vingin @il waeith HI1W
Fou will 2l rermain HRV-positive. FRarrsasrmoer, therns = o oo e for HIWWOS IS,

Figure 1: Typical HIV/AIDS FAQ Question and its Answer (Extract from MASA [23])

The research selects the FAQ information retrieval model as an appropriate question answering
system model to be sued for implementing an HIV/AIDS FAQ information retrieval system because
it deals with FAQ questions. Furthermore, some questions on HIV/AIDS FAQ are found in
IPOLETSE and MASA HIV/AIDS FAQ manuals. These FAQ questions can be converted to an
electronic platform for easy access and utilization by people who might want to enquire and know on
HIV/AIDS issues.
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1.5. Question Similarity Matching

Similarity is an occurrence where resemblance is brought upon two distinct ob ects and certain
common propetties of these entities are used as features to infer the measure of resemblance. In the
context of defining similarity between two textual ob ects [24] defines it as an evaluation of ... level
of similarity between a sub ect document and the dataset documents”. A sub ect document in this
case refers to a query to be compared against dataset documents stored in a system repository and
equivalent or similar document(s) can be retrieved. Another definition of similarity measure in
reference to textual similarity defines the process as ‘‘a function which computes the degree of
similarity between a pair of vectors or documents since queries and documents are both

vectors”’[25]

So many text similarity measuring techniques or algorithms exists, approaches like Dice coefficient,
Ovedap coefficient, accard, Cosine, Asymmetric, Dissimilarity and many more have been used to
effect similarity measurement of textual ob ects as discussed in various literature reviews. The
common consensus with regards to these conventional similarity measuring algorithms is their poor
performance [26]. The main challenge articulated is the inability of the traditionall techniques to
effectively implement similarity measurement based on key concepts like semantics meaning,
contextual meaning and conceptual meaning hence they lack the ‘intelligent aspect’ or the ‘reasoning
dimension’. For instance when these approaches are used to determine the similarity between the key
words car and automobile they infer them as poorly related words. A computation based on the Dice
coefficient and accard gives value (0.07693 respectively and cosine similarity gives (0.182574. These
similarity measurement values factually show that traditionally similarity measures do not show any
relationship at all but practically and logical these words do bear a strong relation and point to the

same ob ect.

A new order of textual ob ect similarity measurement, which is gaining momentum and is being tried
in different circles of information retrieval, is artificial neural networks techniques. The approach is
based on the theory of artificial intelligence and bordering on the premises of machine leaming where
a system is taught using sample data of a particular domain to discover pattems, trends and
relationships of key words that constitute documents within a corpus. On this basis, the system will
be queried with generic data of the same type and the system should be able to respond with

generalized or specific responses and in a way mimicking how humans reason and relate to provide
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relevant and similar responses. This approach tends to combine the context of intelligent comparison,
thus implying contextual, semantic and conceptual comparison of text ob ects using artificial neural
networks.

A similarity measure in information retrieval system plays a very critical role as it facilitates the
retrieval and ranking of relevant responses to a presented query. Furthermore similarity measure is
used as a filter mechanism by defining a threshold value which would in tum determine the number
of documents to be retrieved as relevant to the question. In some models of information retrieval the
similarity measure or magnitude is used as a feedback measure to improve the magnitude and quality

of retried documents

Thus, similarity measure is a key and critical mechanism in any information retrieval system. The
efficiency of an information retrieval system is based on its ability to retrieve relevant documents
based on a presented user query. This perception simply emphasizes the fact that a correct selection
and implementation of similarity matching technique is very critical to the design of an information

retrieval system as critically remarked by [27] and cites

“...commonly used techniques such the Cosine and accard...treat words as though they are
independent of one another, which is unrealistic...words are not isolated but always relate to each

other to form meaningful structures and to develop ideas... [27]”

Similarity matching techniques which are able to combine semantic and conceptual mechanism thus
emulating human intelligence should be able to retrieve documents that are relevant to the query
posed. In this regard, the research shall experiment using HIV/AIDS FAQs, design and train an
information retrieval neural network based system with a sample of HIV/AIDS FAQs so that it would
be able to leam, discover the trends and pattems and relationships of key words of HIV/AIDS FAQs
that constitute the corpus. The system should be able to perfform an intelligent similarity matching
based on key words of posed user query and yield relevant and similar HIV/AIDS FAQ question

hence the answer.
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The research intends to determine the effectiveness of a question to question intelligent similarity
measurement and compare with a conventional similarity measuring technique. If the results prove to
be good the system could be recommended as a tool for sharing HIV/AIDS information based on
frequently asked questions. As stated in the background section the intelligent information retrieval
system could play a significant role in information dissemination hence mitigate the impact of
HIV/AIDS prevalence in Botswana and Africa?

1.6. Problem Statement

The research problem statement is to develop an automated FAQ retrieval system which will
automatically search the FAQ repository to see if the same or similar question exists in the repository.
If the same or similar question is found, then the comresponding answer can be provided, however,
determining the semantic similarity between a user question and questions in the FAQ repository is a
difficult task. Praksher [28] comments that approaches to develop QA systems that require language
understanding which is perfect seem doomed to failure because novel language, incomplete
language, and error prone language are the nonm, not the exception. The difficulty is due to the fact
that the same question can be expressed using different words which have similar meanings through

arbitrary or colloquial expressions which do not follow a language syntactic structure.

1.7. Aim and Objectives

The goal of the research proposal is to design and implement intelligent HIV/AIDS FAQ Retrieval
System using neural networks for retrieval of relevant of HIV/AIDS FAQ question and its answer

based on a user query.
1.7.1. Research Objectives

1. Survey and compile an HIV/AIDS FAQ corpus from authentic and reliable sources like
IPOLETSE, MASA and United Nations World Health Organization (WHO) for HIV/AIDS
FAQ questions.

2. Pre-process the HIV/AIDS FAQ compus to create a Vector Space Model and Principal
Component Analysis Matrix to train the Intelligent HIV/AIDS FAQ Information Retrieval
System using MATLAB and ava NETBEANS

3. Design and parameterize neural network architecture for implementing the intelligent
HIV/AIDS Information Retrieval System through heuristic rules.
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4. Train the neural network using suitable training rule with representative knowledge on FAQ
HIV/AIDS FAQ questions using MATLAB

5.  Test the Intelligent HIV/AIDS FAQ Information Retrieval System by querying with HIV/AIDS
queries and record Results for evaluation specialist in HIV and AIDS.

6. Evaluate the effectiveness of the system using appropriate golden standard/ground truth

approach.
1.8. Significance of the Research

As much as there are so many researches on information retrieval using neural networks, this research
brings a different dimension in the research community as it attempts to test and verify the theory of
machine leaming a branch of artificial intelligence to design, train and implement an intelligent
information sharing tool that can be used socially, to communicate on most frequently asked
questions (FAQs) and their answers on the most devastating disease HIV and AIDS. Currently there
is no cure to this deadly disease and the best and effective mode of mitigating the prevalence and

spreading of the disease is information sharing.

Thus the purpose behind this research is to determine the efficacy of searching for a similar document
or question in a given electronic corpus by using artificial intelligence notably through use of
artificial neural networks techniques. A comparative analysis to indicate the effectiveness of the
information retrieval using neural network techniques shall be done using the most accepted and
standard information retrieval model the classical Vector Space Model, as acknowledge by [29].

If the performance of the system is good it is envisaged that the intelligent HIV/AIDS FAQ Retrieval
System can be recommended to replace HIV/AIDS FAQ IPOLETSE and MASA manuals to share
information about HIV/AIDS FAQ for Botswana community. These tools can also be used as a
complement to the call centre on HIV/AIDS to answer HIV/AIDS FAQ questions 24/7 depending on
the platform to be used.

10|Page



1.9. Organization of the Dissertation

Chapter 1 will introduce the research problem in the context of conceptualizing an FAQ retrieval
system that can use potential techniques like Artificial Intelligence in particular machine leaming to
retrieve FAQ answers based on arbitrary and colloquial FAQ user queries to facilitate information
sharing on HIV/AIDS a devastating and disease without cure so far.

Chapter 2 reviews start of art in the domain of information retrieval by discussing various
Information Retrieval models and those aligned to FAQ information retrieval. Key techniques applied
especially on question to question similarity matching using incomplete and noisy queries and what

the research could leam and adopt.

Chapter 3 brings to attention up to par with technical details of Neural Networks design and
architectures and their approach in information retrieval, finally the research neural network
architecture to implement.

Chapter 4 introduces tasks and procedures of compiling authentic HIV/AIDS FAQ s from reliable
and authentic sources, experimental tasks for determining the optimal functional parameters of the
artificial neural network in context of the compiled HIV/AIDS FAQ questions its implementations
and results.

Chapter 5 presents evaluation experimental results, main issues of the research and experimental
limitations in relation to effectiveness of the artificial neural networks as an approach to FAQ
information retrieval technique for HIV and AIDS.

Chapter 6 gives concluding remarks on the research and also the research contribution to body of
knowledge on information retrieval in particular for FAQs more inclined to HIV/AIDS using neural
networks. The chapter further elaborates on thoughts of possible future work regarding information
retrieval using neural network for HIV/AIDS FAQs.
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CHAPTER 2

2. Related Work

In section 2.1, the paper shall evaluate the various approaches that have been used to implement
similarity matching for textual ob ects. Section 2.2 provides an overview on types of information
retrieval models and those used to implement FAQ Information retrieval system. The research shall
relate to and adopt an intelligent approach and with any due modifications to implement a similarity
measurement approach of textual ob ects for FAQ questions and in the context of HIV/AIDS FAQs
which embrace semantic, conceptual and contextual analysis characteristics.

2.1. Similarity Matching Algorithms

Measuring similarity of textual ob ects like word to word, sentence to sentence, question to question
and document to document in a given data corpus facilitates a critical role of deciding which textual
ob ects are similar and also the degree of similarity. In their article [30], they mention three key
approaches to text ob ect measurement as string based measurement which is categorized as
Character Based Similarity Measurement (CBSM) and Term Based Similarity Measurement (TBSM).
They further mention Corpus Based Similarity Measurement CSBSM) and Knowledge Based
Similarity Measurement (KBSM) and articulate the various similarity algorithms that are used to
realize text ob ect similarity measurement. Analysis of these approaches is based on Natural
Language Processing concepts which underpin the theory of comparing text similarity using
syntactic, semantic, lexical and conceptual analysis.

2.1.1. Similarity Measurement Based on Strings:

Similarity measurement based CBSM consider character to character comparative analysis. For
instance the Longest Common Substring (LCS) technique performs similarity comparison by
comparing two strings and determining the ad acent chain of characters that exists in both the
strings[30]. The Dama-Levenshtein algorithm computes the distance between two words considering
again the commonality of characters amongst and defines the insertions, deletions, or substitution of a
single character or transposition of two ad acent characters as a measure of difference. The N-gram
similarity measures two strings by noting a succession of N characters from a given order of the two
compared text ob ects. The N denotes the number of character(s) to differentiate with. Uni-gram
would note a difference of one character between two compared strings and a bi-gram would notice a

measure of two sequential characters.
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Term Based Similarity Measurement computes a word into a numerical weight based on its frequency
and rarity in a document, query or corpus [30]. The parameters used to numerical deduce the term
weight is called the term frequency (tf) which implies the number of times the term appears in a
document or question or sentence. Another term used is the inverse term document frequency (idf)
which is used to describe the rarity or value of word to discriminate a sentence or document in a
given corpus. The two parametric terms are computed as illustrated in equations 1, where f;,
represents the number of times a term j appears in a document k which is found in a corpus.
Equation 2 then computes the term frequency as nommalized value which divides frequency temm f; ;
in equation 1 by the most common term in the document to yield term weight for the computed string
or word is numerical computed as in equation 2. Liu, et al. [31] defines term frequency of a term in a

document as the as the number of occurrences of the term between the document and the posed query.

fix = Frequency of termjindocumentk.................cco i v (1)
o ik

Terms that emerge in numerous different documents in a corpus are less pinpointing of overall
documents needed. Therefore there is need to compute for rare terms which are effective in picking
the relevant documents in a corpus. The df is computed by the documents frequency which

calculates the number of documents with the same term as described in equation 3

dfji. = document frequency of termj .............c.c it i . (3)
idf, =L < a ) 4
idf, = Log af, VTSRV € 3

df ;. Document frequency of term j indicates the number of documents containing term j appears in
the corpus. idf the inverse document frequency computes the weight of N indexed by the search

engine where df; , is the document frequency and is calculated as in equation 4.
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The two text feature properties idf, and idf;when combined together as product, complement their
measuring capabilities to form a term weight composed of the term frequency weight as computed in

equation 5.

The approach to create a numerical value facilitated the similarity measurement approach TBSM
which has ushered a number of similarity measuring algorithms like the Dice Coefficient, accard
Coefficient, Cosine Similarity, Euclidean Distance, Matching Coefficient and overdap
Coefficient[30]. These approaches form the bulky of similarity measures adopted in many
conventional informational retrieval systems of course with variations here and there. Similarity
measurement using Term Based Similarity Measure is based on a representation of text information

in a corpus as term weight to document matrix.

In the context of this research the document would stand for an FAQ question and hence
representation of such information in the FAQ corpus is represented as FAQ questions in column and
the constituent words of the FAQ question being computed term weights cutting across the entire
FAQ question as illustrated in figure 2. The information represented is Vector Space Model (VSM)

where term weight in the corpus forms a scalar unit.

FA(n FAQ:2 - - - FAQ:
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Figure 2: Representation of an FAQ Corpus as Term-Weights in Term Document Matrix

The FAQ question or document, if all terms weights that constitute a question or document are added,
and forms a vector which has a specific direction in a given corpus spatial representation. The user
queries are also computed by considering the terms they have, which coincide with terms in the
corpus thus a query vector is represented in the corpus spatial. Equation 6 and 7 relate the

computation of both the question/document and user vectors as illustrated in figure 5.
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Based on the concept of spatial representation of corpus terms and computation of both question and
document vectors, similarity measurement can be done between these two textual ob ects as
illustrated in figure 3. The corpus terms terml, term2 and term3 are all or partly comprising the
question/documents FAQ1, FAQ2 and the user query Q. An angle of relatedness between the query
and the FAQ documents is defined as 6, and 6,.

FerpT1

FAalr:

Tesgrriz-

Figure 3: Spatial representation of question/documents and user query vectors

Apparently, 6, is greater than 6;implying that the query Q is closely related to FAQ1 than FAQ?2.
This illustration already describes Cosine similarity measure which is implied by angle of difference
as illustrated in figure 3 and computed in equation 8. Cosine 6 = () means the documents or question
do not bear any relation at all and Cosine 6 = 1 would mean the documents do bear a 100%

similarity.

FAQn-@ _ §=1 Wi - Wiem
| in |Qm| (Z§=1 szm §=1 szn)z

Cos (0) = Sim (FAQ,Qn) = ..(8)

Similarity measure can also be based on the Euclidean Distance which measures the distance between
a query and a question/document Disatnce (F AQn’Qm) as represented by their term vectors FAQ,,

15|Page



and Q,, respectively. The Euclidean distance is computed as in equation 9: Distance represents a
measurement of distance between the vectors where W, ,, and W, , are the respective term weights

computed based on the VSM of the query and question/documents.

Distance (FAQ, Qn) = ( Y RV — W;cnlg)g TV VUUUURY ()

x=1 X,

The accard coefficient is used to measure similarity between two sets textual ob ects by calculating
the number of words common to the two compared ob ects and dividing by the sum of the words
found in the ob ects. Term weights can used to calculate this similarity measurement as computed in
equation 10:

% s Wir, - Wi

v > v > v
x=1 Wkn clayx=1 ka - Zx=1 Wkn- ka

Sim (FAQ, Q) = R (11 )

TBSM similarity computations base the selection of similarity measurement on the rate of occurrence
of a term in a document corpus and also its rarity. The method implements a crude syntactical
analysis which implies that the term is present in the other textual ob ect or not. This approach could
be appropriate if it can be implemented and complemented by another similarity measure which can
factor the dimension of semantic and conceptual analysis of relations between text since it caters for
the statistical relationship of terms. This approach is supported by Gomaa et al “ ...without resolving
word-level redundancies i.e. synonymy and ambiguities i.e. polysemy a similarity computation cannot

accurately reflect the implicit semantic connections between words” [30]

2.1.2. Knowledge Based Similarity Measurement

Knowledge based similarity measurement is guided by the principle of semantic similarity measures
were similarity algorithms like res, lin, Ich, vector and many more are used [30]. This approach
divides similarity measurement into key concepts like measure of similarity and measure of
relatedness. Tools used to support knowledge based measurement are WordNet for English words,
HowNet for Chinese words and many lexicon dictionaries: Similarity and Natural Language Toolkit
(NLTK). WordNet is lexical database of English Nouns, Verbs, Ad ectives, Adverbs and they are
grouped into key hierarchical and cognitive synets which define their level of similarity and
relatedness. Synet is defined by [32] as an inter-connected set of words which bear similar

conceptual, semantic and lexical relationships.
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Ideally knowledge based similarity measure tend to support information retrieval techniques like
query expansion and automatic relevance feedback [33]. Key words in a query initiate the process as
they are identified and presented to the Knowledge Base so that terms with a similar in meaning form
a conceptual, semantic and lexical relatedness are retrieved. For instance, if an English information
retrieval system is used, WordNet is implemented so that initial query words are used to retrieve
conceptual, semantic and lexical related words from the Knowledge Base. These words are added to
the existing and initial query key words. This process logical intends is to increases the number of
query key words so that many documents bearing the same words can be retrieved from document
repository. This maximizes the chances of attaining a better yield with similar in meaning or comrect

documents from the information retrieval repository.

Use of KBSM for HIV/AIDS FAQs could have been an ideal approach as users express or ask in
different words but implying to a single concept or ob ect or matter. However it is unfortunate that in
the domain of HIV/AIDS there is no an authentic and published or researched lexicon dictionary for
HIV/AIDS therefore its application in this experimental research is not feasible or it is not an
experimental option. WordNet can be used but its disadvantage is that is an English lexicon
knowledge Base bound to give general knowledge about terms in HIV /AIDS, rather than altemative
and pertinent words. For example one would not say a condom is a latex or rubber though they have a
room of relationship in the sense of material used to manufacture a condom. Building a specific

knowledge base of HIV/AIDS like Ontology is not possible in the scope of research.

2.1.3. Corpus Based Similarity Measurement (CBSM)

Similarity measurement based on a CBSM is also based on the principle of semantic measurement
where the query keywords are compared to words gained according to information from the
corpora[30]. Similarity measuring algorithms used are the Hyperspace Analogue Language (HAL),
Latent Semantic Analysis (LSA), Generalized Latent Semantic Analysis (GLSA) and the Explicit
Semantic Analysis (ESA) and many others. It is out of context for the research to discuss all the
algorithms but an exception is made to the LSA model which has features appropriate for technical
implementations that could be used for applying similarity measuring and matching technicalities

using conceptual, semantic and pragmatic concepts.
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Latent semantic analysis (LSA) is a practice in natural language processing, implemented for vector
based semantic analysis of relations between a set of documents and the temms in corpus. The intent
is to determine a data structure with similar in meaning and related documents to terms in of a corpus.
The assumption implied by the LSA analysis is that the terms or strings of words that bear a close
relationship to each other will often occur in similar piece or body of knowledge. From this
perception a document to term matrix that computes these words is created using mathematical model
singular value decomposition (SVD). Comparison of similarity measurement using LSA is computed
by using angle differentiation since the vectors have been used as umits of document and query
representation. Altematively the inner product technique is also used to compute the similarity

between a query and documents.

Latent Semantic Analysis is mostly used in document reduction techniques in particular where
analysis has been done of the corpus and a Sparse Vector Space Model is the outcome. Tumey et al
[2] describes document reduction techniques as an approach that is ideally used on sparse matrix or
huge matrix as a way to achieve latent meaning, noise reduction, high-order co-occurrence and
sparsity reduction. However the most vital aspect of this approach is its ability to derive and discover
latent information in terms of a copra has the same meaning semantically and conceptual. The term
latent is as defined by the Oxford online dictionary as hidden or concealed [34]. Thus the LSA uses
the SVD mathematical model to compute and relate words into key thematic words that brings about
the latency of hidden words in the corpus into key thematic words which defines the corpus similarity
semantically and conceptually.

The Principal Component Analysis (PCA) is an advanced state of the LSA and it also uses the SVD
model to manifest the latent words into thematic words of the corpus. The advantage of PCA is its
ability to amrange the derived thematic words in a determined, orderdy and sequential manner through
use of eigenvalues. This ordedy approach also defines the importance of each thematic word in a
numerical and also ranking in descending and ascending thus enabling selection of thematic words
key in the corpus. Heuristic rules, knowledge and simulations tools like MATLAB are used to select
the appropriate and needed thematic terms depending on the need.

The approach of using PCA incorporates semantic and conceptually similarity measurement through
a mathematical approach of SVD using document reduction and therefore corpus similarity matching
and measurement is achieved. The approach of using Vector Space Model uses statistical

18 |Page



representation thus adopting feature selection property through use of features like term frequency
and its variants. In summary, TBSM is done at surface level thus leaming of the presence of the key
words more to say crude syntactic similarity matching based on a binary model. Huang et al [27]
remarked some researchers have incorporated lexical, semantic and conceptual analysis through
using ad hoc approaches however the best and most principled way is to adopt leamed similarity
measures which is done through machine leaming. The authors’ further remark that the approach of
leamed similarity matching involves document representation, feature extraction and similarity

calculation based semantic, conceptual, syntactical and pragmatic measurement of textual ob ects.

In our approach we intend to adopt TBSM since it covers the aspect of document representation and
feature extraction and also include a crude syntactic similarity measures by virtue of document
representation. As for the similarity measurement based on semantic, conceptual, contextual and
pragmatic the research adopts CBSM by implementing a SDV to compute a PCA matrix. The TBSM
VSM shall be an input for the PCA matrix thus syntactical, semantic, conceptual and pragmatic
leaming is done. The PCA model shall be used to conduct supervised leaming thus training the
artificial neural networks with sample thematic words of the HIV/AIDS FAQs questions.

2.2. Approaches to FAQ Information Retrieval

In general [35], comments that a key parameters that characterize an information retrieval are the
document and queries representation, similarity measurement or marching of the relevant document s
to the user query, methods of ranking the query output and finally the mechanism for acquiring user
relevance feedback. These characteristics form the basis for explaining and defining the main

information retrieval models mainly used for the FAQ retrieval

FAQ retrieval systems can be implemented in various approaches that encompasses different
information retrieval models i.e.(i) Statistical analysis of the user query and document collection
using statistical and similarity techniques [36-38]. (ii) Template-based retrieval using computer
annotated user input query to match with predefined question templates stored in the knowledge
base(iii) Relevance feedback to enhance precise retrieval of correct question using manual or
automated technique[39, 40].(iv) Probabilistic model techniques implying usage of the probability of
a question existing in a given corpus and then retrieve the relevant documents. (v) Boolean model
representing user and existing documents using binary values and perform binary similarity
computation to retrieve relevant document(vi) Fuzzy Set Model does not use crisp, statistical or
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probabilistic values instead uses fuzzy terms which measure the uncertainty quantification to match
and retrieve documents based on user questions. (vii) Language model information retrieval which
has its origination from the probabilistic information retrieval model. The difference is language
model creates the probability model of each given document and computes the probability of a query
by randomly sampling from this model. (viii) Latent Semantic Indexing Model (LSI) FAQ
Information Retrieval is another approach which uses thematic words in corpus to retrieve similar in
meaning words. The thematic words represent similar in meaning words found in the documents in
the corpus. The thematic words are determined through training process which uses the Latent
Semantic Indexing algorithm (ix)Machine leaming retrieval model an approach that leams from
examples or huge databases of given domain knowledge to discover knowledge and provide a
solution to a query posed altematively it groups items of same similarity in concepts in well defined

categories.

2.2.1. Statistical Based FAQ Information Retrieval

Statistical based FAQ retrieval approach is based on the concept of a bag of words explained as a
collection of unstructured words which have defined frequency of appearance. The words or key
words might be weighted document terms or weighted query terms. If the key words are weighted
terms then numerical computation is done by £f representing the number of times words appears
and then idf being the word rarity in the document and these text features are used to compute the
term weighted W;,. Weighted terms are processed using NLP techniques that include tokenization

and stemming. The key words are represented as numerical values by using text word representation
techniques like Term Frequency (TF), Inverse Document Frequency (DFy), Term Frequency

Inverse Document Frequency (TF-IDF), [41, 42]. By virtue of representing key words in these
numerical values word or sentence similarity is possible. For un-weighted terms they are simply
stemmed and their representation would be done using a binary value 1 or true to indicate the

presence or false being 0 to indicate none presence .

A formal and structured representation weighted terms is through use of a Vector Space Model
(VSM) which would relate each weighted term to its documents through the term document matrix
structure. The VSM is an information similarity model used to compare user query and documents in
a corpus[43] and is commonly used for similarity measurement approach in many statistical FAQ
retrieval. The FAQ questions and the user query are added to represent vectors that would be used to

realize similarity comparison based on an angle between the two vectors representing as entities in
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FAQ corpus space [44].Two versions of VSM exists the standard approach and classical. The
classical incorporates weighted terms. The standard approach is used to represent the un-weighted
terms using Binary values and its termed Binary VSM.

Cosine correlation and /INNER(d, q) , inner product, accard Coefficient, Dice Coefficient are
algorithms commonly used to compute for similarity measure between an between FAQ document

and user query for classical VSM where the document and query vector are represented as in:

FAQJ = Wl,j + WZ,j Wk,j ..................................................................

If the FAQ document and user query contain the same keywords then the similarity computation
value would be 1 else it would be zero meaning it does not contain similar keywords. Any value in
between is a relative value where there is need to define a cutoff point to define a similarity or none

similarity.

VSM is used to represent document to term relations and is also used to facilitate query term
expansion by computing words of similarity from an ontology knowledge base[45, 46]. VSM is used
to represent both user query and indexed FAQ documents for search by using TF-IDF as the weight
term determiner and sentence similarity is incorporated to cater for semantic meaning. This address
the short coming of the VSM based on TF-IDF method[25].

Yongming [47, 48] et al uses Extended VSM (EVSM) to enable similarity computation of documents
in an XML by defining anodal structure. Liu, et al. [49] uses a Pattem VSM to enable semantic
analysis of words where the left contexts and the right contexts of two words are respectively similar,
and the degree of synonymy between them is high. VSM is used to represent both user query and
indexed FAQ documents for search by using ITDF as the weight term determiner and sentence
similarity is incorporated to cater for semantic meaning hence address the short coming of the VSM
based on TF-IDF method [25].
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This method considers the statistical properties of words in the context, ignores the conceptual and
semantic information of sentences. Therefore it’s important to add methods that caters for semantic
meaning use i.e. use of Latent Semantic Indexing (LSMI) or Principal Component Area, usage of
knowledge bases like ontology and Neural networks methods which are capable to resolve semantic,

lexical, word disambiguation and incomplete questions.

2.2.2. Template Based FAQ Information Retrieval

Template based FAQ Retrieval system makes use of knowledge annotations which are machine
readable sentences that query a knowledge base. Annotations mimics a defined structure depending
on the knowledge base used[46]. Pattern matching retrieval technique is used with NLP, in particular
syntactic and lexical analysis. Xiaola et al [50] precisely describes the concept of template based
retrieval as a pattem is used to customize the user question, the pattem has an influence on the
question parser for finding similar questions and answers and finally refinement of the answer

through clustering and fusion.

A user question is defined into a pattem of strings called an annotation of the format for instance

sub ect relation ob ect by using a lexicon and is used to match with a similar FAQ pattem stored
in the knowledge base an answer is retrieved[17, 38, 50]. A user query is expanded using ontology
and transformed into a structured language query which is then used to select the appropriate FAQ
pattem for querying the ontology base [46]. Sung et al [S1] adopts an advanced approach in template
based retrieval by implementing algorithms that i) generate templates by sequence alignment; ii)
select templates based on a filtering process; iii) apply a matching algorithm for determining
question’s category. The problem with such systems is that the knowledge base is hand crafted
through knowledge rules and many pattermns needs to be generated. The knowledge base is costly in
terms of time and maintenance as it would require constant human intervention and expertise for new

knowledge and queries.

2.2.3. Relevance Feedback Based FAQ Information Retrieval

Information seekers have a tendency to pose short questions that do not have sufficient data to
provide accurate answers. In view of this behavior, combinations of imelevant and relevant
documents are retrieved as answers. If some of the retrieved documents are relevant to the query,
terms from those documents can be added to the query in order to be able to retrieve more relevant

documents; this defines the principle of relevance feedback information retrieval.
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Famous methods for implementing this approach include (i) Rocchio feedback which uses an
algorithm to implements relevance feedback by modifying the vector space model, also known as the
query vector modification (QVM) technique. (ii) Query expansion, where improvement of retrieval
results is accomplished by adding synonyms related terms to the query and (iii) Using sources for

related terms: manual thesauri, automatic thesauri and query logs.

Yin et al [52], combines the QVM, probabilistic Bayesian inference-based and Frequency feature
Selection (FRE) to enhance the process of relevance feedback by developing a hybrid system, and
their conclusion was the average precision rates obtained using the proposed model were
significantly higher than those obtained using the traditional methods. By extracting and using
keywords from the user question relevance feedback is implemented using the QVM technique,
however this approach requires an expert to perfform the relevance feedback as use of keywords is
implemented[53]. Pseudo feedback technique imitates a user from the first retrieval and implements
the QVM by computing expansion terms based on probability and reformulates the new query using

query expansion to expand capacity of generating more relevant documents[54].

2.2.4. Probabilistic Based FAQ Information Retrieval

FAQ information retrieval using probabilistic model is based on the Probabilistic Theory where
information retrieval is based on user questions containing uncertain information and terms used to
index the documents. The theory uses mathematical models to quantify uncertainty. The following
models are used to compute the similarity and ranking over user questions which have uncertainty in
comparisons to documents in given corpus, (i) Probability Ranking Principle, (iii) Binary
Independence Model, (iii) Bayesian Networks.

Probability Ranking Principle, implies that for a given user query g, there is a set of documentsd;
within the document collection which contain exactly the relevant documents and they constitute the
ideal answer set. The mathematical model: sim (¢ ,d;) = P(d; relevant-to q) / P(d;non-relevant-to
q ) define the maximal existence of relevant d; documents and minimal irrelevant documents based

on the query g. A more detailed and implementable model is availed in other literature.
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Binary Independence Model (BIM) represent documents and queries as binary incidence vectors of

terms as d; (Wi WajpWr ) B Tim (W, o Wy ... Wiy o) Wi 1S the weight term being 1 if the

term is present and 0 if term is not present, d; is the document and g; is the query.The model operates
on the same principle of relevance of documents to a posed query, however the term weights used
are binary not continuous. One of the assumptions made by the model is terms in documents and
queries are totally independent of each which is not practical at all. The BIM was originally designed

for small corpus of faidy consistent size and works reasonably.

A Bayesian Network is a graphical representation of nodes (variables) with causal links
(relationships) between random nodes (variables), which allow inference on the nodes. Associated
with each node and link is a distribution of values for the random variable and a conditional
probability table describing the probability distribution of the random variable and dependent on the
probability distribution of the parent node. The conditional probabilities are used to compute apriori
probability of any instance.

Bayesian Model information retrieval model adopts this approach by defining a document network
and also for each query posed; a query network is compiled and attached to the document network
where layers of document nodes, document term nodes and concept nodes are defined and also the
same for the query. A subset of d;’s which maximizes the probability value of query node is
computed and documents related are retrieved as the answer to query. Bayesian-based method is
based on probabilistic principles and is used to determine a class for FAQs in order to reduce

searching space [55, 56].

Some probabilistic methods use an initial estimate value to enable retrieval of a set of documents
which are then refined through user feedback or an autonomous process i.e. poor query expansion
mechanism[57]. The model needs to carry a lot of information along to support reasoning because of
independence assumption. Limited representation of documents and queries since terms are regarded

as single words what about for advanced text analysis which considers text phrases.

24| Page



2.2.5. Boolean Model Based FAQ Information Retrieval

Set theory and Boolean algebra define another information retrieval model where key words or terms
are used and with logical operators to formulate a question. Logical operators AND, OR and NOT are
used to formulate a query for searching documents in a collection. For instance, a question might
consist of a Boolean expression, such as‘(Disease OR Symptom) AND HIV/AIDS”. The search
retrieves all the documents that match the query expression which contain the term Disease or

Symptom and associated with the termm HIV/AIDS.

Documents are represented by the index terms assigned to the document and there is no indication on

which terms are more important than others. Term weights W, ;are discrete, i.e., W; ;=1 if the term is
there orlV; ;= 0 if the term is not there. A queryq; and document —; are viewed as a Boolean vector
expressioni.e. ¢; = (1,1, 0, 1) and —; = (0,1,1,0,1) and this forms the basis for comparison. Euclidean

distance technique is used to determine content similarity and ranking.

Song [58] uses Boolean vectors to represent a query and FAQs document to perform statistical
similarity between the two. Gao et al [59] transforms a traditional Boolean Model and Vector Space
Model using a matrix, hence combining the advantages of both these models to improve the retrieval
performance of the FAQ system.

Main problems noted with Boolean system as described by Larson [37] are that one needs to be an
expert in the domain to conduct a search. The functions AND and OR can restrict information
provided or tend to ovedoad information provided respectively. The model is not sensitive to
semantic analysis at all and documents satisfy the query to the same degree making ranking a difficult
[57].

2.2.6. Fuzzy Model Based FAQ Information Retrieval

Conventional information retrieval systems evaluate user queries and retrieve/rank documents based
on matching keywords in user queries with words in documents[60]. However this is an ideal
approach as most of day to day questions are full of uncertainty. Fuzzy Model Information Retrieval
is based on implementing algorithms that use uncertainty quantification to match and retrieve
documents based on these questions. It employs the theory of sets whose boundaries are not well
defined i.e. they are vague, but the notion is the degree of membership associated with the elements

of a set. This degree of membership varies from 0 to 1 and allows modeling the notion of marginal
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membership. Membership is a gradual notion, contrary to the crispy notion enforced by Boolean
Information Retrieval Model.

Queries and documents are represented by sets of index terms and matching is from the onset by
virtue of the representation of the documents and queries i.e. degree of membership for elements in a
set. This vagueness can be modeled using a fuzzy framework where each tem is associated to a fuzzy
set and each document bears a degree of membership in this fuzzy set. Lynn et al [60] retrieve
documents using a fuzzy set IR model and rank retrieved documents for any vague query using the

‘“vagueness score” of the documents based on the word senses as defined in WordNet.

2.2.7. Language Model Based FAQ Information Retrieval

Another approach to information retrieval is to think of words that would likely appear in a relevant
document, and to use those words as the query. Language modeling embraces this theory as it defines
that a document is a good match to a query if the document model is likely to generate the query,

which will in turn happen if the document contains the query words often.

A language model is a function that puts a probability measure over strings drawn from some model.
The concept behind is to generate a probability language model for each document and computing the
probability that the query was generated by randomly sampling from this model. heng et al [61]
sums the language model concept by stating that language modeling is to estimate the likelihood or
probability of a word string like words, sentences and documents

Various forms of language models are used to realize the concept of language modeling and they are
summated as n-gram. The unigram language model computes the probability of each term occurring
in a given query. Bigram language model describes the probability of occurrence for two sequential
terms in query based from a given query. The essence of language model is the ability to capture the
probability of occurrence of words in their sequence and retain syntactical representation or lexical
meaning hence provides more concept and semantic meaning. For example when using the bi-gram
approach the phrase white house’s probability could be computed easily and the meaning be retained
intact in contrast to other information retrieval models which retain the word white and then house

then tries to make sense out of it.
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heng et al[61] uses a combination of Ontology with unigram language model to retrieve an initial
document set and improve the precision of top N ranking documents by re-ranking document set and
it resulted in a good performance than all runs in NTCIR-3. Wen and Li [62]uses a modified language
model to retrieve documents based on phrases and co-occurrence terms through mapping ad acency
relation. The distant relation in a document and the results were tested on five TREC test collections,

it was observed that language model improves the performance of information retrieval.

As much as the Language Model is close to the normal usage of user queries it has limitations, it
assumes that the document and the query are almost the same but this is rare in many cases. The
Language Model does not regard the notion of relevance to query content as exhibited by the

probabilistic model where it has borrowed its core foundation.

2.2.8. Latent Semantic Indexing Model (LSI) FAQ Information
Retrieval

The LSI principle uses a different approach in effecting document similarity compared with all
document management Information Retrieval models. Its bases of document retrival are simply based
on the context of documents sharing the same concept and that having similar terms and therefore
they relate to the same idea. Such documents are retrieved as relevant to the submitted user query.
The approach to LSI is to map every question or document and also user queries into key thematic
concepts of the whole corpus. Thus the corpus is analyzed using a mathematical model and key
thematic concepts are indentifies and user queries related to the concepts. Store documents or

questions belonging to those related concepts are retrieved.

2.2.9. Machine Learning Based FAQ Information Retrieval

Machine leaming is when a computer system is trained from examples and is able to pick knowledge
pattems, trends, relations from the training examples and predicate, classify, cluster responses in
concepts of similarity or perform regression analysis. The leaming rules are stochastic or symbolic
and use mathematical models which exhibit cognitive simulation, parallel processing, probabilistic
computations, neuroscience techniques to extract knowledge or discover data patterms in huge

databases or user queries[39].
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Three common machine leaming methods are supervised, unsupervised and recurrent methods. The
supervised leaming method uses leaming algorithms which rely on training examples and to find out
from these examples how to generalize the answering of user queries. Unsupervised leaming method
leams on its own to classify and cluster data into groups of similarity or of same concepts.
Reinforcing leaming method uses set of defined procedures through examples which facilitate the

system to learn and produce answers and reward for good set of procedures to a correct answer.

Various models of machine leaming exits and are classified according to the nature of the training
rule, and the most common models include Bayesian networks, Hidden Markov, Decision tree,
Nearest-neighbor classifier, Artificial Neural Network (ANN), Genetic Algorithms and Support
Vector Machines.

2.3. Approaches to FAQ Information Retrieval

The research shall adopt ANN machine leaming approach because it mimics the way a human being
leams new knowledge and relate to questions in reference to the new knowledge providing
generalized responses and specific responses. Michie D [63] state that ‘Neural network approaches
combine the complexity of some of the statistical techniques with the machine leaming ob ective of
imitating human intelligence: however, this is done at a more ‘“unconscious” level ...”” The Research
adopts the supervised leaming approach as it shall use existing HIV/AIDS FAQ questions to train the
neural network to answer other unforeseen HIV/AIDS FAQ questions. Furthermore it is anticipated
some of the user HIV/AIDS questions would be arbitrary or colloquial or full of grammatical errors,
the e neural network approach is best renowned for its ability to resolve incomplete and noisy
information to its original state through classification and recognition capabilities which emulate a

human being thinking and solving mental capacity.
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CHAPTER 3

3. Artificial Neural Network Approach

Attificial Neural Network (ANN) is a technology inspired by the human brain functioning
mechanism, were biological neurons are interconnected and processes stimuli in parallelism to
generate knowledge and have an according response[64]. ANN is composed of neurons grouped and
interconnected through synapses weight layer which store knowledge. The groups are defined into
layers namely the input layer, hidden layer and out layer layers which forms a neural network system
architecture. Two groups ANN are defines as feed-forward networks were the neurons and layers are
connected without feedback and the recurrent/feedback architecture which feature loop to connect the

derived output to the neurons and the preceding layers.

The building block of neural network architecture is an Artificial Neuron also referred as the node.
Practically the ANN is not tangible neither the basic building block the neural node, but however
their functionality are best expressed and felt by the mathematical models which relate how they
function. Abram comments that ‘‘The human brain provides proof of the existence of massive neural
networks that succeed at those cognitive, perceptual, and control tasks in which humans are
successful’’[65] and this suffices as evidence and concrete proof of existence, prowess of neural

network in human kind.

The next section shall articulate the mathematical models that explain the functionality of artificial
neuron when processing information and extended to artificial neural network architectures when
they leam or are trained with domain specific information so that they perform complex nonlinear
functions like cluster, classify, predicate, and recognize pattems, associate incomplete data with
wholesome data[66]

3.1. Artificial Neuron

An artificial neuron is a basic building block for ANN and is analogous to the biological neuron.
Attificial neural networks are made up of layers of interconnected neural nodes. Input to a single
node is derived from another node or is a direct input from source data. Each node generates a non-
linear function of its input as an output. Output from a preceding node is input to pending node and
through such a mechanism, processed information is propagated through tiers of interconnecting

nodes. The entire neural network therefore constitutes a set of inter dependent nodes and layers which
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features a measurable degree of nonlinearity computing, allowing modeling of complex and nonlinear

behavioral functions.

Therefore, mathematical modeling of complex and nonlinear functions using artificial neural is done
through complex mathematical calculations that modify neural nodes behavior in a reaction defined
per input and output environment. The neural nodes mimic the real biological neurons by exhibiting a
leaming behavior. The ability for neurons to leam was articulated by Hebb’s leaming law in 1949,
which explains that when a neural cell A is repeatedly and persistently sub ected to a firing neural
cell B, then A’s efficiency in firing B is increased thus implying changes of behavior and depicting

some leaming[67].

This behavioral process of leaming in a neural node is mathematical modeled as illustrated in figure 4

and is computed as computed in equation 13

V(D) = FEPoy WD) Xe(D) D) evererereereeeereressesessessssesessesessesessesessessssssessesens (13)

where X, (i) is a data source a given discrete duration { where k goes from 0 to n, W, (i) is weighted
value of the training or input data source discrete duration { where k goes from O to n, b is bias factor

, F is the transfer function and finally Y (i) is a computed output at duration moment i, The F(X), is
an activation function or at times referred to as transfer functions, chosen based on the functionality

to be perfformed by the ANN that is linear function or nonlinear function.
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Figure 4: Artificial Neural Neuron Mathematical Model[67]
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3.2. Artificial Neuron Activation Functions

An activation function is utilized to transform the activation level of a neuron into an output signal
[68]. A variety of common activation functions are used in artificial neural networks (ANN). In any
neural network architecture each neuron has an activation function which detects the output of a
neuron based on a particular data input per that period.

The research is attempting to determine the mapping of a given question to one or many similar
questions which share the same meaning and are stored in a neural network memory thus exhibiting a
hetroassociation property. This functionality own its own cannot be done by non linear
transformation mechanism. The research has to review techniques and approaches that are able to
deal with nonlinear transformation even under the neural activation functions. Karik and Olgac [69]
mentions that most commonly used activation functions for solving non-linear problems include:
Uni-polar sigmoid, Bi-polar sigmoid, Tanh, and Radial Bases Function (RBF). The research study
reviews these functions to understand which particular function can be adopted for implementing the

IHAFR system.

Mathematically the activation function or neural node in neural network can be defined as Y; =
F(x,w;) where the output Y; is a product of the synaptic weight layer w; and the input data x of a
neuron [ for activating the state or triggering of the neuron i. Kadik and Olgac [69] defines the
neural node activation functions qualitatively and comments ‘‘The most important unit in neural
network structure is their net inputs by using a scalar-to-scalar function called ‘‘the activation
function or threshold function or transfer function’, output a result value called the ‘‘units

activation”.”

3.2.1. Uni-Polar Sigmoid Function

The Uni-Polar Sigmoid Function switches outputs either in the positive or negative range hence the
name single polarity or uni for example the large inputs that can be squashed be 0 and 1 despite
whatever input. Their inputs are an infinite range of numbers. The functionality of the sigmoid is
explained by formula 14. This function is normally used for activation output functions in neural
networks trained by back-propagation algorithms. Figure 5 illustrates how the bipolar functions as it
activates the hidden neuron in between the ranges of 1 to (0 and formula 11 models the functionality.
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Figure 5: Uni-Polar Sigmoid Function Model
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3.2.2. Bipolar Sigmoid Function

The Bipolar Sigmoid Function is similar to the Uni-Sigmoid function, the difference comes from the
output range of the activation function which produce output values in the range of [-1, 1]. This
property defines the Bipolar attribute of the activation as it is able to give both positive and negative
values squashed in the range of [-1, 1]. Mathematically the Bipolar Sigmoid Function operates as
illustrated in equation 15 and figure 6 illustrates the switching rages for the activation function.
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Figure 6: Bipolar Sigmoid Function Model
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3.2.3. Hyperbolic Tangent Function

The Hyperbolic Tangent function is a ratio of two trigonometric or hyperbolic sine and the cosine
functions which enable to increase the magnitude of the output to be expanded from the range that
exceed [1, -1] to another range [N,-N] where the N is an integer number. Altematively it can be
expressed as the ration of half-difference and half-sum of two exponential functions in the points X
and X. Mathematically the Hyperbolic Tangent Function operates as illustrated in equation 16 and
figure 7 illustrates the switching rages for the activation function

g%z
Yy = F(R) = S eeeeeeeeeeteeesteseteeesaeesetesesaeessateseae e et esenaeeesaeesanee (16)
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3.2.4. Radial Bases Function Neural Network (RBFNN)

This RBFNN are based on the Gaussian activation function. The Gaussian activation function for
RBF networks is primarily based on the mathematical model specified in equation 17 where k =
1,...., Nand X is the input vector data and the N is the number of hidden neurons, y; and ), are the

mean and the covariance matrix of the k,,, Gaussian function.

Fi(X) = exp[—(X — 1) T X = )]+ e ee e et et et et et et et et eet et e v et enneeneen e e (17)

The RBF’s are determined by their center and an activation which are considered to be y; and
Y., respectively. The hypersurface represents the covariance matrix which has the diagonal values.
The Mahalanobis or Euclidean distance from the center shall be used to determine the activation of

the neuron basis function hence[70].
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In summary, the behavior of a neuron is changed when it acquires knowledge through a training rule
or algorithm that changes the synaptic weight I, (i) of a neuron node and that the synaptic weight
layer constitute as the memory storage device of an artificial neural network. The transfer function
serves per neuron in parallel computation serves as the cut-off point to determine what is relevant or

not so as to trigger the next neuron hence storing relevant knowledge or discarding.

The research task is mapping a given HIV/AIDS FAQ query or arbitrary question and retrieves a
similar in meaning cognitively and then measure relevance and precision of retrieved HIV/AIDS
FAQ to the posed query. The recall and precision values shall assist in determining a correct answer
for the user since the HIV/AIDS FAQ question is stored together with its answer as illustrated in
figure 1. This task is a typical nonlinear mapping functionality and more close to classification
therefore the research intends to use nonlinear activation functions to engage proper and accurate

processing of similarity matching between posed query and FAQ questions stored

3.3. Artificial Neural Network Architectures

An Artificial Neural Network (ANN) is an information processing system that is composed of neural
nodes specified in defined layers. These neural nodes are highly interconnected in layers and from
layer to layer are responsible for processing data per required functionality and results are displayed
at the output layer. Two main architectural layouts define the interconnection of neurons in an ANN

system the feedforward and Feedback architectures.

The importance of understanding and critiquing the architecture of an ANN is primarily based on the
influence an architecture bears on the functionality intended as commented by Michie who says “...the
complete network therefore represents a very complex set of interdependencies which may
incorporate any degree of nonlinearity, allowing very general functions to be modeled”’[71]. This
prowess of an artificial neural network is also complemented by the ability to store knowledge as
weighted links or synapses weighted layers in the multilayered neurons which span from the input
layer to the output layers[72]. Such an understanding would enable the researcher to select an
appropriate architecture hence a leaming process which is used to facilitate leaming of the ANN
system on domain information to perform predication, classification, association, clustering pattem

recognition and many more[73]
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3.3.1. Artificial Neural Network Recurrent / Feedback

Architecture

Recurrent neural networks were primary designed to work like the way a human brain’s memory
work that is the ability to remember or recall an occasion through an association. For instance, one
can recognize a familiar pattem or activity through associating it with an experience that once
occurred, e.g. remembering all known azz music experienced through a single azz track playing.
The human brain habitually associates one event with another as long as they share a commonality.
Recurrent neural network because of their feedback property i.e. its outputs linked back to its inputs,
they develop a profound capability of leaming and recalling with the same demeanor like the human

mind.

The Recurrent or Feedback is neural network architecture with a feedback loop and connects each
neural network output to its respective input layer at neural node level. There are instance where
neuron provides a feedback link to its self. Two key Recurrent Feedback architectural categories exist
as the single layer recurrent network and the multi layer recurrent network and these are illustrated in
figure 8 and 9. Typical examples of recurrent or feedback neural networks are the competitive
networks, Kohonen’s Self Organizing Map (SOM), the Hopfield network and ART networks.
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Figure 9: Multi Layer Recurrent Neural Network Model
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Recurrent neural networks tend to have a setback of memory instability and limited memory capacity
beside their auto-associative memory. In 1982 ohn Hopefield solved the problem by devising
‘“physical principle of storing information in a dynamically stable network” still there was a limit to
what the Hopfield Recurrent neural network could store as defined by equation 18 which states that
the maximum memory M,,,, is limited to the number of neurons in the neural network represented

by n.

A N L7 TR RERRTOIR & K- )

An auto-associative memory based Recurrent neural network is capable of retrieving same data
pattem or image based on an incomplete or very noisy input of the same data pattem but it lacks the
inability to associate with lookalike or similar in meaning data pattem. To complement this shortfall
inherent in Hopfield networks Bart Kosko proposed a Bidirectional associative memory (BAM)
which is a hetroassociative neural network capable of essentially associating inputs to similar or

lookalikes stored the in the neural network.

The BAM is a Recurrent neural network with a capability to associate an input pattem on one set of
neurons and producing a related, but different, output pattem on another set of neurons. It associates
pattems from one set, set A, to pattems from another set, set B, and vice versa. Like a Hopfield
network, the BAM has a maximum number of associations to be stored in the BAM and they not
exceed the number of neurons in the smaller layer. Another error also inherent with the BAM is the

inability to correctly converge to a stable output.

The Kohonen’s Self Organizing Map (SOM) is another type of the Recurrent Neural Networks as
illustrated in figure 10. The horizontal interconnections of output neurons for the SOM are used to
create a contesting environment amongst and between neurons and the fittest survive as the output for
a given input. The horizontal feedback amongst and between neurons connections initiates an
excitatory or inhibitory effects, based on the distance from the winning neuron. The model for
udging the winner neuron is simply based on the Mexican hat function which explains that the
synaptic weights between neurons in the Kohonen layer. In the Kohonen network, a neuron leams by
shifting its weights from inactive connections to active ones where the winning neuron and its
neighborhood are allowed to leam, If a neuron does not respond to a given input pattem, then

leaming cannot occur in that particular neuron.
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Training of neural nodes in a self organizing network begins with the fittest neighbourhoods of a
fairly large size in weights W, (i) compared with the input data or query X,,. The neuron nodes leam
by changing weights W, (i) from an inactive connection to proactive ones. The fittest neural node
and its neighbourhood are allowed to leam and a neural node which does not react to a given data or

input pattern, then leaming does not occur in it becomes an inactive neuron node.

The Kohonen neural network architecture has a defined number of input nodes which formulate the
input layer X;, X, ... X;, and these translate or map the data into an upper-dimensional level of the
Kohonen layer which is defined as the output Y;, Y, ... Y,

The competitive leaming rule in the Kohonen relates a change in the neural node weight as VW,; as
applied to synaptic weight I//,; by applying the computation as in equation 19, where x; is the
training data and « is the leaming rate of the system
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Figure 10: Structural Layout of Self Organizing Neural Network Architecture

a (xk - ij) if the neuron node j win the competion
0, if the neuron node j does not win the competion

The principle of operation in computing the synaptic weights is based on the measuring of distance
between the input weight x; and the target fittest neuron node weight j in the output layer using
the Euclidean Distance similarity measure d between a given pair of input data and the fittest winning

neural node neuron node j as in equation 20
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As the training is conducted the neighbourhood size or population of fittest weights gradually
decreases as the competitive leaming rule computes synaptic weights based on pre-synaptic. The
post-synaptic activities and the numerical value of the synaptic weight I/, ; between two neurons
augment if the neural nodes are in the same state and diminish in numerical quantity if they are of
different states. To determine the fittest and winning neural nodes in the Kohonen output layer, an
input vector X is applied and n stands for the number of neural nodes in the Kohonen output layers.
The updating of the synaptic weights is computed as illustrated in equation 21.

T | D e A I A 0 T | TR (21)

VW;;(s) is the computed difference between the input data and output neural node that has

responded at iteration s and this is determined by the applied competitive leaming rule as defined in
equation 22.

The commonly used competitive leaming rule as stated by [67] is the ‘“Hebbian learning procedure
...refers to unsupervised learning in which the synaptic strength (weight) is increased if both the
source and destination neurons are activated ... the synaptic strength is chosen as:.. where N is the
number of neurons of the network accommodating a storage of N patterns. Hebb’s rule always leads
to symmetric synaptic coupling.” Competitive (Kohonen)leaming rule is based on the principle that
the output neurons compete amongst themselves to be activated and the one activated at a given time
is the winner also known as the winner-takes all neuron or simply the winning neuron. Stochastic rule
increments link weights using the probabilistic approach[74]. However the best operational form of
the SOM is to cluster and choose the wining neuron without considering an element of generalization

or look alike and in this research, this forms a critical dimension of consideration.
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3.3.2. Artificial Neural Network Feedforward Architecture

The feed forward networks are categorized into three unique generic classes Single-layer, Multilayer
and Radial Basis Function neural networks architectures. Feedforward neural network FF networks
are structural organized into one or more layers composed of neural nodes and are all connected and

processes information in a forward direction.

The starting point of operation and basis of feedforward neural netwoik is a single layer ANN which
has one or more neurons in the layer. The single layer FF has a single weight which between the input
and the neuron layer acting as the output with function y = F(X) as illustrated in figure 11.
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Figure 11: Architecture of Single Layered FeedForward.
Mathematical the single layer FF network accepts inputs X;, X,, ... ... ... ..... X}, as inputs. Based on

the mathematical model of the operation of a neuron each input is multiplied with the weights
Wi, Wiz e oo v v Wy of each respective neuron. The weighted values X,.W,,, are summed
> X, W,,, and sub ected to an activation function that computes similarity between the input and the
expected output. This process constitute a leaming process as implied by Hebb’s leaming law in
1949, which explains that when a neural cell A is repeatedly and persistently sub ected to a firing
neural cell B, then A’s efficiency in firing B is increased thus implying changes of behavior and
depicting some leaming[67].

The mathematical model for a Single FF network is given by equation 23 where B is used a bias

function. Equation 24 illustrates the summarized equation for modeling the behavior and functionality
of a Single Layer FF neural network
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Y = F(X) = F(Xl. Wll + Xz.le + X3.W13 TR ...Xn.an + B) ........................... (23)
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Multilayer Feedforward neural network also referred to as a Multi-Layer Perceptron MLP is
composed of an input layer of neurons, one or more layers of hidden neurons and one layer of output
neurons. This hidden layer results in two or more weights layers which function as the knowledge
storage devices for the MLP. Each neural node computes a weighted summation of the inputs as
stated in the Single layer FF network and this summation is sub ect to the neuron activation.
Mathematical model for the MLP simply encodes the principle of the Single layer FF network by
computing each MLP layer output and it becomes the feeder for the next layer until the processed
information traverses the entire network and an output is derived at the output layer node. An

example of one hidden layer MLP architecture is illustrated in figure 12.

It is clearly noted that two weights layers V;; and I/;; being the Input Hidden Weights Layer and the
Output Hidden Weights Layer respectively are created by virtue of the one Hidden Layer of neurons
V; . The mathematical model to explain the functionality of the one hidden layer MLP is derived and

illustrated below. Equation 28 models the functionality of one Hidden Layer by factoring the inputs
of predecessor layers to finally derive the leaming or output of the MLLP

Input Hidden Output Hidden
 Weights Wij  Weights Wjk

N X2 N : @ < 2T Y2 o x
Input Xi | X ) | N /’@ OQuiputYj | ¥ ) Y=F(X)

1 H | /
|7 B 1 i | V

Y1

Input Layer Hidden Layer OQutput Laver
neurons Xi neurons Vj neuron Ym

Figure 12: Illustrate the Architectural Concept of Multi-Layered FeedForward Neural Network

Input Layer =Y, = Fl(an.anl’1 + Bl) UV VIRORI 0245

0idden Layer =Yy = Fy (V1. Wim® 4 B2) e e vve s oo s s vt vt s s vt s s s s s e+ (26)
40| Page



Output Layer = Y; = F3(Y2. Won>? + B3) ce nee rae een e e rne en een een e nee nne een wen ee se e e s (27)
F(Ys) = F3(F(FL (X, W™t + BY) W™t + B2). Wi + Bs) e v e e e (28)

Radial Basis Function neural networks architecture is another multilayered neural network. It has a
similar architecture with MLLP architecture; the only difference is the RBF neural network has one
hidden layer only which is comprised of neurons that are always apply the Gaussian Radial Basis
Function and an output layer with linear activated function neurons as illustrated in figure 13.

Input Hidden Output Hidden

_ Weights Wij \\“‘Teights Wik

X1 /@ 9 Y1
X2 o

Y2 8 A\
OutputYj | ¥ ) Y=FX)

¥

Input Xi | X ‘

<%

Xn -I'_@ ¢ =@ e f—r Ym
Input Layer Hidden Layer Output Layer
neurons Xi neurons Vi... neuron Ym

Radial Basis
Function

Figure 13: Illustrate the Architectural Concept of Radial Basis Neural Network

The concept of data processing in the hidden layer is based on clustering, implying if the center to the
data being processed is known then distance measurement can be done to udge the relevance and a
value 1 would indicate a related data. However the main assumption is that the considered area is
radial symmetrical around the cluster centre, so that the non-linear function becomes known as the
radial-basis function. With reference to figure 14, the mathematical model implies that a radial basis
neuron processes an input X,, being a data unit from center T and computed as ¢, (|| X,, — T||). The
hidden neuron is very sensitive to data points close to the center and using the Gaussian RBF this
sensitivity is ad usted by a variable sigma o. The further away a data unit is, the less sensitivity.
When training the neural networks with domain data, it is very critical that special attention is paid to
the following matters, the centers T of the RBF activation functions, the spread sigma ¢ of the

Gaussian RBF activation functions and manipulation of the output hidden weights layer W,
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Recurrent neural network are very good pattem recognition system in various applications because of
the feedback link to the neuron and therefore recalls directly. This feature is directly inferred from
their architecture and also from the mathematical model as illustrated in equation 26 and figures 5 and
6. The nature of memory supported by this behavior is called an auto associate memory.

The auto associative memory links directly to what it knows, however it lacks the ability to have
attached associations that is generalization. For instance it would be able to associate a question like
“Is HV contagious disease’” to a question like “Is HIV a contagious disease’’. Thus it is able to

complete the whole from a given noisy or incomplete input.

Radial Basis Function
Activated MNewron

Figure 14: Operational Concept of Gaussian RBF activated neuron in the Hidden Layer
One grievous problem about the Recurrent neural network memory is instability. There is need to

establish a proper working mechanism that leads to a peformance that can be understood in a rational

manner.

S - S RO ¢/1°)

Considering the mathematical model analysis of the FF neural network architectures it can be
deduced that the FF network perceives an M dimensional space and divides it into respective
sections called classes. These classes constitute the domain data categories. An M  dimensional
space can be properdy represented by selecting a comect number of neurons and a proper neuron
activation function for the neurons. Mapping in FF neural network architectures could be modeled by
mapping a vector R” to be associated with another vector R* in another space thereby exhibiting a
property called hetroassociation memory as illustrated in equation 29. This neural network
architecture ability relates the property to recall from the memory space of other associated vectors
found in another set and sharing the same commonality semantically, contextually or pragmatically as
illustrated in equation 30.

- - TSRS 1)
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The set of input patterns are related to a particular class of a given corpus data. Suppose a set of
documents D defined as: D = (d,,d,, ds3,d4,...............dy). If these documents are processed
and into terms per each documents in the corpus and all are defined in a set ¢ defined as: t =
(t1,tz, t3, tgy e v e e tyy). The terms are further decoded into a set of term weights:
(W11, W12, W3, Wig) eer v eee v - W) then a term weight to document matrix sub ected to statistical
analysis, latent semantic analysis and finally principal component analysis to induce semantic and
conceptually can be created. Each document and term is regarded as a vector in the spatial

representation of the term document matrix.

Term-documents matrix are used to train the neural network so that it would create a hetroassociative
memory in the weight layers of the feedforward neural network. A specific vector x with some
terms x = (X1 X3, X3 v ver e Xg) extracted from the term-documents matrix is presented as shown
to the neural network in put as shown in figure 15. The Vector which represents an input of query

terms is mapped to a document d;.

KL c— —_— d1
— d2
KD —
Meural Nebwork
3 Hetroassociative —_— d=
— Memory
L J o
L L
[ ] L
N — —pe AN
x = (x4, Xz, Xg u oen oen )
D = (dq, ds, da.dy dpy)

Figure 15: Mapping of Input Vector to a Documents Using MLP Neural Network.

Associative memory permit parallel explorations of stored ob ects that are similar in meaning or alike
based on a given query and retrieve the responses entirely or partially. The process of retrieval is also
called recalling and equation 31 defines the mapping function. In hetroassociative memory the input
vector of xy provides the document stored vector dy, the mapping is distributed in the network. The
mapping functions through a distributed amangement of intense connections, feedback with or
without nonlinear activation functions and retrieval algorithm process the content of the input vector

to derive an output vector d
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In this research a single FAQ bears an element of uniqueness though it retains a degree of relatedness
through conceptual, lexical and semantic properties to other FAQs in the corpus. In this instant we
can say the HIV/AIDS FAQ corpus has 0 classes and the classifier should map a given input FAQ
to 0 classes by defining the degree of similarity between the input and output. The output class 0

with the highest value denotes the class in which the input HIV/AIDS FAQ query is more similar or
related to.

The research finds the Feedback Forward neural network architecture as an appropriate architecture
for implementing mapping of a given HIV/AIDS FAQ query to a stored HIV/AIDS FAQs stored in a
trained neural network based on the mathematical analysis. General literature review show that FF
neural networks are very good approximators and have been widely used in all generic functions of

pattem classification or mapping.

Feedback Forward neural network architecture system is able to bring an association between
questions like “Is HIV a contagious disease’” which is semantically and conceptually similar to the
question ‘“Can HIV be infectious”. For such a mapping the Feedback Forward neural network
architecture is able to compute a very good degree of relevance and measure of similarity. The Single
layered FF neural network architecture is not capable of resolving complex nonlinear functions
compared to advanced architectures like the MLP and the RBF. However the RBF has the
disadvantage of using many hidden neurons compared with the MLP, thus making the making the

architecture complex and induce an over computation payload
3.4. Artificial Neural Network Training Algorithms

Leaming is an essential ability of neural networks to leam through leaming rules or algorithms which
are used to determine suitable weights for neural network weight layers. ain et al [73]comments that
leaming is an integral aspect of intelligence, hence an artificial neural network needs to be trained so
that it gets the relevant intelligence in a specific area. The training algorithm plays a critical role in
determining how knowledge in an ANN is stored. Selection of a training algorithm depends on the
intended task of the ANN.
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Training algorithms or leaming rules compute the weights in links connecting the neurons as they
acquire new knowledge or store the knowledge[67]. Abraham et al[65] define a training algorithm or
leaming rule as a procedure for modifying the weights and biases of neurons in neural network so that
they can store knowledge. Leaming of any neural network is perceived as a nonlinear optimization
problem for finding a set of network parameters that minimize the cost function for given examples
belonging to a problem to be solved[75]. If a neural network is trained with examples of that domain
knowledge then the neural network embodies a complex relationship that is characterized with the
ability for generalization of responses when queried with any other knowledge from that specific
knowledge. This property depicts the ability of neural network to exhibit the semantic, conceptual
and pragmatic similarity measure that should be possessed by an intelligent retrieval system.

Training a neural network is determined best by first denoting the cost function which is then used to
treat the training or leaming of a neural network task as a standard parameter estimation process. The
process of parameter estimation is carried out by training or leaming algorithms and which are largely

classified as supervised training, unsupervised training and reinforcement leaming.

ain, et al. [73] further articulate reinforcement leaming as a variant of supervised leaming *...the
network is provided with only the critique on the correctness of the network output, not the correct
answer themselves” and unsupervised the network ... does not require a correct answer associated

with each input pattern in the training data set” as illustrated in figures 16 and 17.
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Figure 16 Unsupervised Learning Model
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Figure 17: Reinforcement Learning Model
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Supervised leaming is widely used in classification, approximation, control, modeling and
identification, signal processing, and optimization[75]. Unsupervised leaming schemes are mainly
used for clustering, vector quantization, feature extraction, signal coding, and data analysis[75].
Reinforcement leaming is usually used in control and artificial intelligence[75]

ain, et al. [73]describes supervised leaming as a leaming process where ...the network is provided
with a correct answer (output) for every input pattern ... weights are determined to allow the network
produce answers as close possible to the known and correct answer’ as illustrated in figure 18. Input
pattem X, constitute the input and the expected output is Y, here explained as the correct answer or
similar in meaning to input pattern. A general description of the supervised leaming model notes the
difference between input pattern X, and output pattem Y, to generate an error output £ which shall
be used to ad ust the neural network synaptic weights layers I/ until a minimal ermor E) is attained
based on the cost function implemented by the supervised training algorithm

- f ¥YP (Expected Output Pattern)
/ _

Heural Weights ¥p =
Xp—={ Layer I = Z

(Input Pattern) Adjustments
Ep Error Based on
/ Difference of
Xp & Yp

Figure 18: Supervised Learning Model
3.4.1. Perceptron Learning Rule

ain et al [73] mentions two renowned supervised training leaming rules also termed as the error-
comrection leaming rules, the Perceptron leaming rule and the Backpropagation leaming rule. The
Perceptron Leaming rule uses the Least Mean Square (LMS) cost function to compute the emor
between the input pattern and the out pattem. The LMS cost function is utilized as an adaptive filter
which iteratively computes and models a relationship between an input patterm and output pattem to
generate defining coefficient based on an algorithm and self-ad usts the filter coefficients to reflect
the least error between an input signal and the output signal. A small marginal error would imply a
very high similarity between the input pattem and the output pattem. However the key disadvantage
with LMS is slow convergence due to eigenvalue spread and more so its suitable for liner regression

analysis or linear task operations which do not involve complex and nonlinear functions
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3.4.2. Backpropagation Training Rule

Backpropagation was derived by generalizing the Perceptron leaming rule to apply on MLP networks
which can resolve nonlinear functions through use of nonlinear activation functions like the sigmoid
and other variants. There are a number of variations on the basic algorithm that are based on other

standard optimization techniques, such as con ugate gradient and Newton methods.

The Backpropagation training rule uses the Mean Square Error (MSE) as a cost function to compute
the eror between the input pattern and the output pattem. Like the perceptron leaming rule, the
Backpropagation is a typical example of supervised training where the leaming algorithm is provided
with a set of examples of desired network behavior defined as follows [(X ), (X2,Y) ... .. (X,,Y,)

where X, is the input pattern and Y, is the target pattem or the expected output pattem as depicted in
figure 12. As each input is applied the differential error £, of input pattem X,, and Y, minimize the

average sum these factors as defined in equation below.
1 1
MSE = ;Z’S’=1E(s)2 = ;Z’S’=1E(Y(s) . (C)) SISV UIRRTSRINRY ()

Statistically, the mean squared error (MSE) measures iteratively the average of the squares of error
between the intended target (output pattern) and the given target (input pattern) until the lowest value
is attained and this measure depicts how close the similarity between the target and the intended
target is. Thus the MSE is a cost function, which computes matching of the target, output pattem or

vector and input pattemn or vector target by deriving the squared error loss or quadratic loss.

Correctly trained neural network using the Backpropagation training rule provides a practical output
pattems which are almost similar or have a generalized similarity to the presented with input patterms
which have never been ‘seen” by the neural network before. This generalization property exhibited
by training is attained through a training process where a neural network is trained with a few
representative input pattems or vectors/ output pattems or vectors pairs for the domain knowledge
and thereafter obtain reasonable outcome patterns without training the network on all possible
input/output pair and good training rule should empower the neural network with such a property.
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Competitive (Kohonen)leaming rule is based on the principle that the output neurons compete
amongst themselves to be activated and the one activated at a given time is the winner also known as
the winner-takes all neuron or simply the winning neuron. Stochastic rule increments link weights

using the probabilistic approach[74]
3.5. FAQ Retrieval Using Neural Network

The neural network documents retrieval developed by [72] uses MLLP ANN architectures. The first
neural network is an MLP architecture which is trained with Backpropagation leaming rule to process
arbitrary user query words into domain keywords. The second auto-associative Hopfield net is a one
layer processing ANN with auto-associative memory and query expansion capability using spread
activation mechanism. The architecture is a Hopfield net with a capacity to reconstruct an incomplete
input pattem to a complete patterm by using generated key words derived from the first neural
network and output relevant documents. The Vector Space Model was used to represent the
representative of arbitrary keywords to domain keywords for the first neural network and used to train
the neural network as well. The binary VSM was used to represent the domain keywords to document
for the Hopfield network and also training.

Pandey et al [26] implemented a neural network system that has an ability of identifying sentences of
similarity which have lexicon grammatical diversity using a single layered binary recurrent
Hopfield ANN. The first Hopfield network maps the distorted sentence words into their proper
pattems, and the second binary Hopfield ANN uses the assembled keywords to indentify a similar
sentence. The ANN question representation is in binary and therefore system uses the one nearest
neighbor classification rule. The system resolved word sense ambiguity, usage of phrases, dates,
numbers, incomplete words and other special characters. Systems managed to convert input sentences

to corresponding sentences with a precision of 92.2 %

Mital and Gedeon [76]Developed a neural network retrieval system based on a multilayer feed
forward architecture and neurons representing every word and document in the legal Hypertext
Assembly FAQ questions. The neurons in the input layer representing input keywords have a spread
activation link to neurons in the output layer representing the documents. An initial computed weight
value called Text-Associative link represents the domain knowledge and is computed from the word
document frequency in the legal Hypertext Assembly. The supervised leaming method is used and
Backpropagation rule is used to train the ANN.
48| Page



Des ardins et al [77] designed a self-organizing map with unsupervised neural network where neurons
compete to classify the input query to various concepts or clusters in a visual grid or map. The
connection weight maps documents in groups or clusters of the same similarity based on the input
query. The input vectors or query is represented using term weights. The system used unsupervised

leaming and the Competitive (Kohonen) leaming rule.

Chen et al [78] makes a distinction between Knowledge Based Similarity Measurement systems
(KBMS) [37, 55] and Corpus Based Similarity Measurement leaming based systems (CBMS) [72,
79] . They imply that the former acquire knowledge from human experts and perfform as dictated and
the later leam from examples or data sources using leaming algorithms to discover knowledge and
provide answers. Knowledge based systems use resources like ontology knowledge base or FAQs
knowledge base containing indexed questions or Natural Language Database (NLDB) which stores
answers in tables which are related or use graph-based techniques to store and represent the

unstructured knowledge.

Sahay et al [80] implemented a precise search over medium-sized knowledge bases using constantly
asked questions on medical domain knowledge by using the Case Based Reasoning approach in
con unction with the Hopfield network over a web platform. The medical knowledge base used
graph based techniques to represent the information. The Hopfield neural net was used as an auto-
associative tool to search for the main documents by using few basic keywords in the user query (an
in complete document ) to retrieve wholesome and complete documents from the medical knowledge
base. Anderson et al[81] noted a discrepancy for KBMS systems and remarked that it is impossible
to provide all the answers needed to all questions provided especially in a dynamic environment
where new knowledge is acquired continuously. This phenomenon renders the knowledge base

incomplete hence no answers can be provided to user satisfaction.

Corpus Based Similarity Measurement implement artificial neural networks to leam patterm and
trends in a data with a representative sample of input/output pairs is capable providing and increasing
levels of automation in the knowledge engineering process, replacing much time consuming human
activity with automatic techniques that improve accuracy or efficiency by discovering and exploiting
regularities in training data[82]. This approach which is also termed Leaming Similarity
Measurement [27] technique leam from training examples of the domain specific corpus induce
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semantic, conceptual and embraces static knowledge. Neural network model is able to retrieve
information by generalizing i.e. predicting new answers from the provided examples because the
training data is preprocessed using Latent Semantic Analysis through the SVD model which tends to
creates thematic knowledge groups based on the content corpus or the use of Principal Component
Analysis (PCA).

The primary advantage of using neural network approach as donated by [82] is that they are
adaptable and nonparametric; predictive models that can be tailored to the data at a particular site.
Attificial Neural Network has a high tolerance to noise and incomplete data, i.e. robust and fault
tolerant to incomplete queries, noisy queries etc, and they have a high processing speed because of
parallelism computing ability of neural nodes and also the architectures that can host properties like

auto-associative memory and hetroassociative memory.

The suitability of machine leaming also suites our problem research because we want to adopt an
“intelligent behavior” emerging from the local interactions that occur concurrently between the
numerous network nodes through their synaptic connections, i.e. emulating how the human brain

process queries to resolve a given problem and further generalizing the resolution[79].

The research proposes to adopt the MLP layout because of their ability to handle and resolve
nonlinear tasks through imparting the relevant intelligence by using a leaming rule like
Backpropagation. Another ideal property for the MLP is the use of the hetroassociative memory
property which is the ability to resolve an input and associate it with similar or look likes, a very
critical task in our research because the system is supposed to find an equivalent or similar in
meaning HIV/AIDS FAQ pair based on a single posed query. This property is a key requisite for any

classification or mapping system the ability to generalize responses.

Using the MLP choice implies using a nonlinear activation function in particular the uni-polar
sigmoid function because a similarity measure is done between of document or FAQ question d,, and
user query V,, is defined im(d,,V,,) = [0 — 1] thus a positive range of values from 0 to 1. The
query and document are not similar if the similarity measurement is 0 and is 1 if the query and

document are 1 and any value in between represents a degree of similarity reflecting generalization.
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Supervised training approach shall be used and general literature review notes that the training
algorithm is normally used together with the Backpropagation training rule. The Backpropagation
shall be used to train the IHAFR system with a sample of HIV/AIDS FAQs from a compiled corpus
FAQs on HIV and AIDS. The Intelligent HIV/AIDS FAQ Retrieval System architectural layout is

therefore proposed as in the next section.

3.6. Intelligent HIV and AID FAQ Retrieval Using Neural Networks

(IHAFR) Architecture
Arbitrary Arbitrary HIV/AIDS
HIV/AIDS FAQ HIV/AIDS FAQ HIV/AIDS FAQ processed FAQ HIV/AIDS FAQ
Arbitrary > English Question > English Question —> MAPPING —> Question
English FEATURE FEATURE Using
Question EXTRACTION SELECTION MLP NEURAL
NETWORK

Figure 19: Intelligent HIV/AIDS FAQ Layout

Figure 19 illustrate the structural layout proposed for the IHAFR. The system shall accept arbitrary
HIV/AIDS queries and sub ect to feature extraction process that entails stop word removal,
stemming, term-weighting and creating the VSM for representing the term to document or FAQ
questions for HIV/AIDS FAQs. The term frequency and inverse document frequency shall be
adopted as term weight technique for both the query and HIV/AIDS FAQ question.

The created VSM is further processed for latent semantic analysis using the mathematical model
SVD using Principal Component Analysis (PCA) to discover thematic keys words which bring about
the semantic and conceptual analysis in the HIV/AIDS FAQ questions. The end result is a PCA
mattix Tpcs parrix Which has thematic words against the total number of documents or HIV/AIDS
FAQ questions in the corpus expressed as in matrix of equation 33. The P, represents the thematic
word ranked up to the least significant thematic word based on some heuristic or experimental
approaches which has the PCA value WW,,, to represent relevance of the document or FAQ

question FAQ,,.
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FAQ, FAQ, FAQ; FAQ, FAQn
Py Wy Wi Wi Wis  Wim 5o s e e e e e e o (33)

TPCA_MATRIX =
P n WnZ Wn3 Wn4 WnS an

Thematic words P, representing the FAQ question would form a vector of which some shall be used
as training samples for the neural network as inputs to ad ust the weight of the MLP to map or
classify a query to the appropriate FAQ question. The next chapter explains the implementation of

the process.
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CHAPTER 4

4. The Artificial Neural Network Development

The chapter 4 describes particular experimental tasks taken to implement the Intelligent HIV/AIDS
FAQ Retrieval System (IHAFR) using a neural network. The implementation should map or classify
an arbitrary HIV/AIDS query to a correct HIV/AIDS FAQ question stored in the IHAFR knowledge
base. The chapter also inform on sourcing and compilation of HIV/AIDS FAQ questions which have
been prescribed, approved, published by medical and associated experts. By the time of writing this
research HIV/AIDS FAQ corpus was not many but however the research adopted FAQ questions
from MASA, IPOLETSE and United Nations World Health Organization, and created an electronic
HIV/AIDS corpus.

The chapter also details on the procedures taken to resolve and deduce an electronic HIV/AIDS
electronic knowledge base of term weighted HIV/AIDS key words to their respective HIV/AIDS
FAQ questions using a term - document matrix. The outcome was a Vector Space Model and
Principal Component Analysis Matrices for HIV/AIDS FAQ using term frequency and principal
component factors or thematic points for HIV/AIDS FAQ terms to their respective FAQ questions.

The chapter also reflects on the key procedures and outcomes taken to experimental determine the
operational parameters of the IHAFR neural network. Key factors included in the determination of
the operational parameters are number of input neural nodes, hidden neural nodes, output neural
nodes. Other factors reviewed were the activation function, maximum training cycles, the appropriate
MSE cost function value to use and finally the appropriate training Backpropagation leaming rule. It
is noted from general literature review that so many variants for the Backpropagation rule exists and
an appropriate Backpropagation needs to be identified. The research study also performed a
validation of the IHAFR neural network using MATLAB functions like linear regression analysis test
and generalization test to determine whether the neural network performs per intended specifications.
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Appropriate evaluations of the IHAFR are done to authenticate the relevance of all HIV/AIDS FAQ
questions mapped per user HIV/AIDS user queries. udgment of relevance and accuracy was done in
con unction with the answer per each classified or mapped HIV/AIDS FAQ question. The approaches
taken are the golden standard rule or the grounded truth was used to evaluate the output of the
standard and traditional information retrieval system used as benchmark against the IHAFR.

4.1. HIV/AIDS FAQ Questions Source and Selection

The MASS, IPOLETSE and United Nations World Health Organization HIV/AIDS FAQs were used
to compile build a corpus of correct HIV/AIDS FAQ questions and their answers. All the questions
were allocated an identity number. A typical extract of an HIV/AIDS FAQ question from the
IPOLETSE HIV/AIDS FAQ booklet and its answer arrangement is illustrated below.

790 Can | breastieed my baby if | hawve HIW?
Mo, HIY can be transmitted through breast milk, so it is not safe to breastfead
walr baby if vou are HIV-positive, You could infect, or reinfect, yvour balbywy with
HI
Techniques used to build an electronic knowledge base of HIV/AIDS FAQs for the IHAFR were
document reduction an approach demonstrated and explained section 4.2. Techniques like text
feature extraction, feature selection and dimension reduction are used to create the Vector Space
Matrix of Key Words for every FAQ question in the corpus and comresponding HIV/AIDS FAQ
question using a AVA algorithm. Figure 20 gives a summary of the generated HIV/AIDS FAQ

questions and the keyword list VMS.
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Figure 20: Total number of HIV/AIDS FAQ questions and the Key words [1]
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4.2. HIV/AIDS Questions Processing (Document Reduction)

Document reduction is the processes whereby a document is removed imelevant and redundant
features. Khan et al [83] mentions two key steps meant to attain document reduction as feature

extraction and feature selection.
4.2.1. Feature Extraction of HIV/AIDS FAQs: Experiment I

Feature extraction involves techniques like tokenization, stop word removal and stemming. The
research has used feature extraction techniques to ‘clean” HIV/AIDS FAQ questions used to train
and create knowledge in the IHAFR.

4.2.1.1. Tokenization

Tokenization, a ava String Tokenizer has been used to split the words in a query or question and
create a string array for each HIV/AIDS FAQ question. For example, an HIV/AIDS FAQ question
“what are my responsibilities as an HIV infected person?”’ is demarcated to tokens as illustrated in
figure 21. The right side shows the question and its ID as FAQ number 296 and the left side shows
the tokenized question were each tokenized word still retains the FAQ ID.

(- Quiput-Reacrdigecoament un) N‘E.Oumut-ReadinSingledocument[run) m‘

LJdd VlLal » mmmms genmae R T T T

u> 295 load H> ¢31 what sbout those who ere eble to afford arv therapy themselves will they be alloved to enrol in the masa programme
w 795 test w 29 vhat zhout veceines

ﬂm ¢33 what are antiretroviral drugs

29 e ¢34 what are antiretroviral drugs
:Ui)f;JJ 29 my :-_% 295 what are cdd cell counts and viral load tests

29 Tegpons| — 256 what are my responsibilities a3 an hiv infected person

205 a3 291 what are sexuslly tranamiffed infectlons  stls

295 an 293 what are some of the most common aidsdefining illnesses
798 hiv 299 vhat ere the advantages of arv trestment

795 infert 300 what are the advantzges of routine hiv testing

\1% persmn/ 301 vhat are the disedvantages

797 vhat 307 what are the first symptoms of hiv infection

797 are 303 what are the links between hiv and tb

97 qeyua) 304 vhat sre the most common opportunistic disezses in bobawena

Figure 21: Tokenized HIV/AIDS FAQ Questions and its Tokens.[1]
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4.2.1.2. Stop Word Removal

Stop word removal is a technique used to remove noisy words or common words in a document.
Common words do not assist in identifying and discriminating a document from other documents in a
system repository. HIV/AIDS FAQ questions were processed as shown table 1 and 2 below. The
HIV/AIDS FAQ questions are tokenized and stop words removed. Highlighted rectangles show
tokens per each processed HIV/AIDS FAQ or query. Key words form processed HIV/AIDS question
or query and are retained as shown in table 2. Stop words removed for instance words like I, will,
Shall etc, they form what is termed as noisy words. However words like What, How, Where, What,
Who, Why, When, Do and Is although they are defined as key words in this research we retained
them as key words.

Table 1: Tokenized and Stop Word Removed AIDS FAQ Questions[1]

HIV/AIDS FAQ Question Tokenized & Stop Word Removed
1 whioe oo bas I hir
2 what i= aids Fy _J_J-_||
T R Asew whe hiv nesn o usek Y haw  Leual ausk
1 &ET osTeE o oresreraiEtldisias F TaarrraiFiTi—Tas Fir frfar—ad [arTact]

s & Fiwr drfacssad rarvess

4.2.1.3. Stemming:

Stemming reduces a word to its generic or root word. AVA Lucene Stemmer was used to reduce the
tokens to their stems. The ava class snowball analyzer with English language as a selected language
was used for stemming. Figure 20 shows all stemmed tokens of the HIV/AIDS FAQ questions
collection and a total of 712 stemmed words from 467 HIV/AIDS FAQ questions in the collection
were stemmed. The HIV/AIDS FAQ questions stemmed questions are given as example in table 2
below.

Table 2 Examples of Stemmed Words for the HIV/AIDS FAQ questions[1]

HIV/AIDS FAQ Question Tokenized & Stop Word Removed
1 whito oo baw I k7
2 what is aids T i
T hwe HAnew mhe Wiv oneen unrk |3 =x. |'te ok
1 wha= ATa rr rAaspenaibdTi=dan [1PEsper A poed peisal

s & Fiwr drfacssad rarvess
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4.2.2. Feature Selection of HIV and HIV FAQs: Experiment II

General documents in a given corpus exhibit properties like term frequency per document tf; 4 being
a term weight measuring number of times a token appears in a document, df; relates number of
documents bearing a term, id f, explains term weight related to rarity of a term in an entire collection
of documents, (TF — IDF) describes nommalized appearance and rarity of a term weight in a
document collection. Feature selection involves using methods term frequency (TF), inverse
document frequency (IDF), term frequency inverse document frequency (TF-IDF), many others to
represent text into numerical values. Vector Space Matrix (VSM) depicts a space visualization and
representation of documents in their spatial form. Documents key words are aligned to corresponding
documents in spatial text or numerically. Principal Component Analysis (PCA), Latent Semantic
Indexing (L.SI), information gain (IG) and many others are used to ‘‘compress” key words with

similar meaning into a key thematic term and these are document reduction techniques.

The research adopted mathematical models for implementing feature selection techniques(TF —
IDF), document length normalization using cosine normalization, VSM and PCA to represent

HIV/AIDS FAQ questions and key words in numerical and statistical forms as explained below.

4.2.2.1. HIV/AIDS FAQ Key Word using Term Frequency and Inverse
Document Frequency

Term frequency gives a count of how many times does a term appear in a given document within a
given document collection. This measure tends to give an indication of the relevance of that particular
term to the entire collection of documents therefore measuring a property of relevance which is

annotated as tf;, and calculation is based on equation 34. Disadvantage of term frequency is it does

not consider the importance of term in a collection which is a good measure to select relevancy of

documents.
tf al (34)
]’k ZkN]_k MEE EEE EEE EES EES EES EES EES EES S EES EEE EEE EEE EEE EES EES EEE NS EEE EEE EEN EES EEN EEN NN NN EEE EEE EEE R N EEE E

The property inverse document frequency idf, measures the rarity of a term in the entire document
collection. idf, points to the importance of a term to discriminate all other documents and select

relevant documents. Computationally it is calculated as given in equation 35 .
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idf, = Log <difk) e e e e e 1 (35)

What is clealy noticeable is that as the term occumrence value gets small the
idf, gets high i.e. pointing to rarity of a term and equally the same as it rises towards the total

number of documents in the collection ¥ gets to zero, indicating none commonness of the term. To

mitigate the shortfall of ':Jr j& and idjy we have adopted ( TF and ZI¢ ). This term weight is used to

measure both properties of term frequency and term rarity. Calculation of TF — IDF is computed
as in equation 36.

ij =TF —IDF = tfj,k X ldfk ....................................................................... (36)

The overall document FAQ; = weight is the summation of term weights W, in the documents and is

computed as given in equation 37.

FAQ] = W11 + W12 + W13 + .- W]k .................................................................. (37)

4.2.2.2. HIV/AIDS FAQ Question Length Normalization

Some term weights W, for the HIV/AIDS FAQ questions (document) in the collection have been
observed to have values that are grater that 1. This phenomenon could be attributed to variation of
question lengths. Questions which have long lengths i.e. have many unique and repeated terms
compared to question with few terms are bound to generate a cumulative and immense term weight.
Therefore the research adopted method to normalize all documents in the corpus using a length
nomalization technique.

Several document length nommalization techniques like the cosine normalization, maximum to
normalization and byte length normalization are used to rationalize and standardize the document
term weights to fall within a required range of value. The cosine nommalization was adopted because

the technique is already used to compute all discussed term weight parameters so far i.e. the ¢f;,

and id f. A cosine normalized term weight is computed as in equation 38.
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jzzzl(tfk)z |Log (¢

4.2.2.3. Vector Space Model

The principle to visualize representation of documents as mapped vectors in a space is attributed to
the work of Salton’s work[84] . Vector Space Model (VSM) relates term weight W, as a measure
of importance for term j of document k. A Vector Space Model can be computed for each term
weight W, calculated as in equation 38 were values like tf;, dfk and N are used. In our
research study each tokenized term for each HIV/AIDS FAQ question is computed and represented as

VMS matrix as shown in equation 39.

Wll W12 W13 W14- W15 W16 Wld
A(txd) = W21 sz W23 W24 W25 W26 ...... Wzd .................................... 39)
Wio Wiz Wiz Wi Wis Wi Wia

Vector Space Model is used to compute clustering, classifications and similarity measures such as
cosine in other linguistic processing applications. Tumey et al [85] comments that machine leaming
algorithms like neural networks can work with real valued vectors from VSM in performing
linguistic processing so that they are able to do their own intemal similarity measures. A Classical
Vector Space Model for the HIV/AIDS FAQ corpus was created using a AVA code and the key
words were weighted using the TF-IDF term frequency mathematical model as in equation 38. Each
FAQ question could be represented as an HIV/AIDS FAQ vector as demonstrated in equation 34.

From the experiment conducted 712 key term weights for HIV/AIDS FAQ questions were computed
and aligned to corresponding and constituting columns of the 467 HIV/AIDS FAQ questions. A
classical Vector Space Model for HIV/AIDS FAQ questions and corresponding Key weighted terms
for every FAQ question in the corpus was created and the VSM of HIV/AIDS 712 X 467 was

generated and numerical represented as normalized.

The created VSM HIV/AIDS FAQ question had values ranging from 0 to 1. A value 0 indicates
zero weight values relevance to the question and 1 means it has a strong value in the question

selection. Values found in between expresses a level of weight relevance between a term and the
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FAQ question. A summation of the weight terms in column reflects the question overall weight
relevance to the FAQ question corpus. It has been observed that the created VSM HIV/AIDS FAQ is
a highly sparsed matrix i.e. has a lot of zeros in the cells and it also imperative for the research to
establish and determine the thematic words that bring about the semantic and conceptual relationship
between the HIV/AIDS FAQ questions and their key words. This can only be done by using the SVD
mathematical model which brings this latency to clarity by defining the thematic words.

4.3. Dimensional Reduction Techniques with Principal

Component Analysis: Experiment III

The VSM HIV/AIDS FAQ generated is a sparse matrix of 712 rows (key terms of HIV/AIDS FAQ
questions) by 467 columns (HIV/AIDS FAQ questions). Wikepedia [86]cite Stoer & Bulirsch 2002
by defining sparse matrix as a matrix primarily populated with zeros as elements of the matrix.
Rosario [87] mentions of 0.00 to 0.002% as non zero entries of a sparse matrix that had 90,000
terms and 70,000 documents in TREC evaluation. This percentage magnitude gives a picture of what
sparse matrixes are in terms of zero entries. To solve the issue of sparsity, the research considered to
implement rank lowering method. The approach is a reduction technique and is more focused on

dealing with sparse matrix.

The research adopted a Principal Component Analysis (PCA) to implement dimension reduction of
the HIV/AIDS FAQ VSM sparse matrix with a view to remove ‘noisy’ zeros and also discover
latency of concepts embedded in terms and documents in the HIV/AIDS corpus. Principal
Component Analysis (PCA) is a method used to analyze variables of given corpus and deduce key
thematic factors which portray data variance between questions and terms for purposes of retrieval.
The thematic factor is considered to be a principle component, since it has captured all variants of the
data under a key point. Can [88] describes PCA as a statistical tool that interprets variations of data
and then reduces to meaningful key points. Basically, PCA is formed from SVD on the covariance
matrix [89]. Principal Component Analysis is used to reduce multidimensional datasets to lower
dimensions for analysis[90].
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Tumey et al [85]describes rank lowering as an approach that is ideally used on sparse matrix or huge
matrix as a way to achieve latent meaning, noise reduction, high-order co-occurrence and sparsity
reduction. Wikipedia [86] cites typical instances were rank lowering methods, as when matrix is.
Too large for the computing resources, therefore an approximated low rank matrix should be
considered
Noisy thus anecdotal instances of terms must be eliminated and the result would be de-noisified
matrix.

Ovendy sparse thus latent meaning could be used to use concepts between documents and terms
4.3.1.Principal Component Analysis via Eigenvector and Eigenvalue

There are many approaches to the PCA computations for a given VSM matrix representing a term to
document of words in a corpus then using eigenvectors and eigenvalue the PCA components can be

computed as demonstrated. This approach requires the nommalization of the VSM Matrix A,q) by

deriving a mean Matrix X so that the mean point is in the origin.

Wll W12 W13 W14- W15 W16 Wld
A(txd) = W21 sz W23 W24 W25 W26 ...... Wzd ...................................... (40)
Wio Wiz Wiz Wi Wis Wi Wia

The mean point is calculated as in equation 41 where the column term weights are aggregated and a
mean value y,, derived. This y, is subtracted from each column value as in equation 42. The

covariance between columns in matrix X is derived by equation 43.

1
u= (g Uplizly «eooo...iiy) where u, = ;Z;(”ﬂ Wig  ceeevereesceetenscsacsnsonscssssnsonssnnsones 41)

Wor—tn Way —pp Woz —uz Woy —puy Wos — s Wig — g .. Wig — iy

Wii—in Wiz —uy Wiz —ug Wia—py Wis —pus Wie — e Wia — Un
X = (42)
Wi —ttn W —ty Wo—ty Wy —puy W —us Wie — U Wia — Un

1 xTx
S = COU(X) = ;Z;(r;l(wll - ‘ul)(Wn - n) = E ................................................ (43)
S= cov(X) = L™ (Wyy — u) (W, —n) = 2% 44
= cov(X) = m2k=1( 11— )Wy —n) = — eeeeeeeeeneeeee (44)
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To determine eigenvalues and eigenvectors of the matrix A,;) were S is a real symmetric matrix
(covariance matrix) so that a positive real number y and a nonzero vector @ can be found, equation
42 and 43 defines the model. y is called an Eigenvalue and a is an eigenvector of matrix S .

Suppose matrix S is an n x n matrix of full rank, n eigenvalues can be found such that y; <y, <

Va3 < Vo < Vs v oeroneee e < Vi

By using (sa = yI) x a = 0, all comesponding eigenvectors can be found. The eigenvalues and
corresponding eigenvectors will be sorted so that y; <y, <¥3 <V4 <¥5. i vev v . < ¥y« Then
the first desired PCA factors or thematic words of d = n eigenvectors are selected using techniques

like the cumulative percentage of variance, Scree plot and broken stick.

4.3.2.Principal Component Analysis via Singular Value Decomposition

Another computational approach to PCA is based on the SVD mathematical model. The SVD based
PCA is more numerically stable. If a number of variables is greater than the number of observations

then SVD based PCA will give efficient result[91]. Suppose, for a given VSM matrix A . we

derive a matrix X as the SVD outlining three matrices the T for term concepts, 5,,, matrix

Fxr-t

representing the principal components and finally 2,_, indicating the document concepts as in

equation 47.
T
1 T
X = mA(txd).(A(nxd)) DTN ¢/ 1<)
T T
But A(txd)- (A(nxd)) = D(nxd)-S(nxn)T(txn)TT(txn)S(nxn)(D(nxd)) er es ene ren ees eee ees eee ses aee seras (47)

T
= D (nxd)- S(nxn) S(nxn) (D (nxd) )
T
- D (nxd)- S(nxn) 2 (D(nxd) )

S (nxn)

- (nxd)- (nxd)
D urer S22 (D)
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Matrix X is a covariance hence it is symmetric therefore the eigenvectors of the covariance are the

same as the SVD matrix’s D,,,, called the right singular document in our case it is the document
concept matrix. Therefore the eigenvalues of matrix X can be computed from the singular values as in

equation 48

TP UURRRRTRN - £ <)

Calculate the covariance of the matrix A,y)as matrix & outlined in the equation 47. The
eigenvectors of the covariance matrix X are the same as the right singular vectors of the SVD of
matrixA ;. q), thus the eigenvalues of the matrix X can be computed from the singular values.

Suppose the eigenvalues are arranged in an ascending order

V1 < V2 <V3 < Vo K Y5 e ve e vevie < ¥ een ven ven e e e e e e e e e e anenne e e e neneane e o (49)

If the corresponding eigenvectors are ammanged accordingly into an [ 1z X n] matrix T so that the left

most column corresponds toX,, then matrix T is defined as

Xll X12 X13 X14- X15 X16 de
T = X21 Xzz X23 X24. X25 X26 ...... de ................................................ (50)
Xev Xz Xez Xew Xis Xeo Xta
A new dimensional reduced matrix A;,4) new using PCA is computed using the equation 50.
Afnew1) = TA(txd) ceesresoressestossiunsesiunsieiiossiusseesiossrestssstusssestasssessssssasssostasssnssase (51)

The research used MATLAB as a tool to perform attained HIV/AIDS FAQ question classical VSM
Matrix A(;q) to derive a the HIV/AIDS FAQ PCA matrix. . A MATLAB in built function
Princomp() was used to derive PCA components. Some PCA components or thematic key weighted
terms derived are not worth considering because of their insignificant values. However the problem
that manifests is what would be the cut off point for this insignificance value because there might be
the risk of discarding valuable thematic terms. The research experimented to determine the
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appropriate maximum PCA factors or thematic weighted terms that could accurately represent the
semantic and conceptual relationship of all HIV/AIDS FAQ questions in the corpus and their

keywords.
4.4. Selection of the Principal Analysis Factors: Experiment IV

The research has implemented visual and computational approaches as back to back methods in
determining and selecting relevant PCA component factors or the thematic words which are

representative of all HIV/AIDS FAQ questions in the corpus.

The techniques used are Cumulative Percentage of Variance (CPV), Latent Root Criterion (LRC) and
Scree Plot using MATLAB functions and these approaches enable determination of relevant and
appropriate PCA components as they compute the range of weighted highest PCA values against the
total number of key words in the input matrix in our case the HIV/AIDS FAQ question which is 712

weighted semantic words.
4.4.1. Scree Plot Approach

Scree Plot test considers PCA components values at the ‘elbow’ as the curve becomes flat or the
value at the largest drop on the curve as pertinent values to represent the data set variation of the
corpus on a plot of the all PCA components computed against the number of eigenvalues when
ranked. Figure 19 illustrate the research computed highest PCA component at 1.27 against the ranked
eigenvalues. The value at the largest drop indicates PCA factor value of 1.0194 and being 5 they
account for 5% variation of the data set. The top most PCA components cumulative percentage is not
sufficient to represent the data variance because of the low cumulate percentage value. However,
elbow values close to the end of the curve gives a range of 250 to 360 PCA components as potentially
representative values and have a cumulative percentage of 95 % as illustrated in figure 22.

4.4.2. Cumulative Percentage Variance technique

Cumulative Percentage Variance technique uses a graph to determine the values of PCA to adopt as
illustrated in figure 23. Heuristic knowledge on use of CPV points that, PCAs components are
selected from a minimum value of 80% to 95%. This value was considered and according to figure
23, PCA component deduced were 280 to 360. These values almost tallies with graphical observation

and deduction from the Scree plot
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4.4.3. The Latent Root Criterion considers

This approach considers PCA components that contribute a value greater than 1. The individual PCA
Component Value are represented in figure 24which indicates a value of 5 PCA component values.
However as argued previously the CPV for the first 5 PCA is not enough to wamanty any
consideration for determining the PCA components for the network.

—— o
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Figure 22 Scree Plot of PCA Components Against Eigenvalues
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Figure 23: Cumulative Percentage Plot Variance against Eigenvalues
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Figure 24: The Latent Root Criterion Lot against Eigenvalues

Table 3 lists summaries of the findings for the three experiments conducted to determine and select
the optimum PCAs factors. The research shall use values from the screen plot approach and
Cumulative Percentage Variance technique values because they cover a huge range of thematic
components for the HIV/AIDS corpus with a total cumulative data variation of 95%. Thematic
weighted terms or PCA components for the HIV/AIDS corpus account for 95 % of the HIV/AIDS key
words meaning the neural network shall have input nodes in the range of 250 to 360 compared to a
scenario where the VSM HIV/AIDS FAQ were to be used then it would have neural input nodes of
712. This reflects a dimensional reduction of almost 50% to 65 %

Table 3: PCA Component Determination and Specified Component Values
Technique Criterion Selection Range Number of PCAs
Specified to Considered
“Large Drop” between consecutive

Scree Plot Test PCAs o i
cree Plot Tes ) vy s
‘Elbows” in the plotted 90 - 95% 280 - 370
curve...Defines a range

. Heuristics of researches done to
Cumulative select PCA components used an
Percentage Variance . pon < 80 to 95% 280 to 360

. cumulative value with a minimum

Technique

of 60%
4.5. Determining IHAFR Neural Network Parameters

Structural the neural network architecture is implemented as a Multilayered FeedForward Neural
Network (MLP) which is shown in figure 22. The MLP has three layers defined as input layer X_,
hidden layer Y;and output layer Z,. The MLP consists of two connection weight layers being the
input hidden layer V;; and the output hidden layer W,
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The first connection weight layer V;; stores knowledge on key words for HIV and AIDS. This layer
determines similarity amongst input key words of a query to respective and equivalent stored key
words for HIV and AIDS. The stored HIV/AIDS keywords were stored during a neural network
training process.

The second connection weight layer I/, represents stored HIV/AIDS FAQy questions, where N
represents the last stored FAQ, question in this connection weight layer. The FAQ, triggered key
words will activate an HIV/AIDS question which comprises of all the triggered key words and it is
activated as an output of the neural network.

Functionally the Multilayered Feedforward Neural Network based on figure 25 accepts inputs into the
neural network depending on a presented user query which has been sub ected to feature reduction
and transformed with PCA function to dimensional reduced input to nodes X; to X; Thus the research
needs to determine the optimal number of input neurons which constitute the input section

experimental.

The hidden layers nodes formulate the system intuitive processor section and perform the matching
and activation of stored key HIV/AIDS FAQ key words to HIV/AIDS FAQ questions represented by
neural nodes Y; and Y;. each node acts as an independent ‘processor’ but in tandem with others
nodes when processing user query keywords and determining the equivalent and matching key words
which are stored within this layer hence would activate relevant and cormresponding HIV/AIDS FAQ
questions. There is need to determine the exact and optimal number of neural hidden nodes else the

network shall lose the ability to generalize and answer user queries.

The output of the neural network nodes simply and directly relate to the total number of words in the
HIV/AIDS corpus. Thus it is a direct parameter to determine as the total number of the HIV/AIDS
FAQ questions used is 467 FAQ questions so the system has the same number of output nodes and is
represented symbolically as ;to g

This entire process is described as mapping or classification through a function FAQ,, = f(Qy)
which maps an input query Qyto a required FAQ, question. The output is noticed through output
layer (Z;) of the neural network.
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Figure 25: Multilayered Feedforward Neural Network Structure.

4.5.1. Input and Output Neural Nodes: Experiment V

The neural network inputs have been derived from the range of PCA components investigated and
determined in experiment IV. These values span the range of a minimum of PCA250 to a maximum
of PCA360 components as determined by experiments IV. The research shall experiment to
determine the optimum input neural nodes within this range. The HIV/AIDS FAQ corpus has 467
FAQ questions to map too for every issued HIV/AIDS query, hence this translate to 467 neural
network output nodes.

For each neural input size, the research altered the size of the neural network hidden layer node from
magnitude 1 up to a maximum value specified by a heuristic thumb rule findings in table 5 which
specifies a maximum of 1008 hidden neurons [92]. The varation of the hidden neural nodes is in
accordance to the constructive technique, an experimental practice used to determine an optimum
number of hidden neurons by incrementing hidden neurons until the least MSE is observed over a
specified experimental range. Additional neural network inputs 360 to 400 have been are used to
validate whether the MSE value would start to rise after the optimum PCA specified values as in
experiment IV are surpassed. MSE value derived from the experiment are recorded for each set of

input and hidden neuron as specified in table 4
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Table 4: Number of Input, Output and Hidden Neurons versus MSE

1 250 467 0.098320951
2 260 467 0.098265774
3 270 467 0.098046142
4 280 467 0.097585801
5 290 467 0.097689624
6 300 467 0.097416083
7 310 467 0.096116329
8 320 467 0.095846446
9 330 467 0.096028206
10 340 467 0.097284434
11 350 467 0.095748815
iw 360 yi 0.0951///0
13 370 467 0.096600541
14 380 467 0.108148126
14 390 467 0.097198808
15 400 467 0.097646273
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Figure 26: Excel Plot for the Table 5a: Number of Input Neurons versus MSE
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Figure 27: MATLAB Plot for the Table 5: Number of Input versus MSE

Tabulated results of table 4 and illustrations in figures 26 and 27 cleadly indicate that input 360 PCA
factor produce the least MSE results of the magnitude 0.09517702 for a defined goal of 0.1 MSE.
The MSE starts to rise beyond the value of 400 PCA inputs thus confirming the optimum of 360 PCA
factor.

4.5.2. Hidden Neural Nodes: Experiment VI

Heuristic thumb rules have been used to guide and establish the range of hidden neural network node
to consider. It is noted that from these rules that the number of hidden neurons are calculated based
on key parameters like neural network input and output neural nodes [64, 93-95] which experiment
IV of this research has determined . Constructive technique is used to filter the best hidden neurons as
deduced from the bounds set by heuristic knowledge in table 5

Constructive technique entails varying the hidden neurons of a neural network from 1 to a value that
reflects best neural network performance. Overtraining and under training is a phenomena that afflicts
neural network during the training process. As the HIV/AIDS neural network is being trained to
establish appropriate hidden neural nodes, the neural network can also be affected by these problems
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Eady stopping is a technique used to prevent a neural network being over trained by co-opting a
Validation Date Set. This data set is used to monitor and prevent network overtraining by stopping the
neural network training if the validation error starts to rise. The effect of overtraining in neural network
training leads to memorization of training set and hence the neural netwoik is not able to answer any
general question except those contained in the training data set. Eady stopping was used to prevent
overtraining of the neural network by creating a Validation Data Set as illustrated in figure 28 where
during training as the neural netwoik settles at the most optimum leaming point the validation data set
will immediately rise reflecting the most optimum number the neural network should have.

No of Hidden Mode to Determine ANN performance (MSE)
Neurons
1 Optimul
) Number of
2 g Hidden
g Neurons
4 S o~ Validation Data Set
3 0
5 AE
Ly
H
o 1
5 ¥ Training Data set
L]
=

M Number of Hidden Neurons

Figure 28: Determining the Hidden Neurons for the ANN Architecture using the Validation Data Set

Error

—¢—Selected_MSE

Average Mean Square

Number of Hidden Neurons

Figure 29: Plot of Hidden Neurons versus Least Mean Square Error
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Based on the training done Figure 29 illustrate the results of the experiment using the constructive
technique where input neural nodes were 360 and the output was 467. The number of hidden neurons in
the middle layer was incremented from 1 up to 1008. It was established that as the number of neurons
increased the network performance settles for constant perfformance and this starts at 720 hidden
neurons where an MSE 0.13734 of is attained. The research adopted 720 as it has the same impact with
other subsequent number of hidden neurons and also that it has the least MSE value and this
phenomenon was also acknowledged Masters [96] when he developed NETALK neural network and
noted that from 60 up to the maximum set 120 hidden neurons the MSE changed very slightly therefore
60 neural nodes were adopted for the hidden layer.

4.5.3. Determining Neural Network Training Epochs:

Heurnistic knowledge has been used to determine the initial number of epochs during the initial
experiment proceeding. Kaastra [95] mentions of 85 to 5000 runs should be conducted when training
the neural network and in between the MSE function should converge to its minimum value.
Walezka[94] states that a fully trained neural network should converge with epochs in between 5000 to
191400. The research adopted a maximum of 5000 iterations or epochs for training a neural network and
observes whether it converges within this range. A plot of the average means square error and the
recorded number of iterations is illustrated figure 30. The result indicates the network can easily
converge to a MSE value of 0.1 and less within 127 epochs. This value shall be taken as parameter for
defining the maximum epoch value for the IHAFR system

\ —&#— LeastMean Square Error

Least Mean Square Error

109 154 127 116 103 95 87 82 77 72 68 66 63 61 56 55 55 54 52 54 48 48 48 46 46 44

Number Of Epoch /fIterations

Figure 30: Illustrations of range of Epoch for IHAFR
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4.5.4. Artificial Neural Network Activation Function and Rule:
Experiment VII

The research experimented in con unction the determination of the neural network activation function
and the leaming rule because these two parameters have a great influence on the training or leaming
phase of a neural network system. The leaming rule computes and ad ust the weights of the neural
network layers based on the leaming or acquired knowledge and then ad ust the weight is determined by

the neural node activation function whether it sufficient to derive an output or not.

4.5.4.1. Artificial Neural Node Activation Function

The literature review adopted the Uni-polar sigmoid neural network activation for activating the hidden
neuron. The reason for this choice is that similarity measurement for textual documents is going to be
guided by the criterion that if a stored document is similar to the queried document then a similarity
measurement of 1 is attained else if the no similarity then the score should be 0. The last option is a
degree of relevance which is measured between 0 and 1. The obtained neural network parameters from
previous experiments were used to determine the best and effective activation function from the two uni-
polar activation functions the Log Sigmoid and the Tan Sigmoid activation functions. Table 7 illustrates
the attained results based on the experimented neural input nodes, optimum hidden neurons the epoch

cycles.
4.5.4.2. Artificial Neural Network Learning Rule

Neural network training involves leaming a given set of historical data which should be mapped into an
intended or desired target. In our case the IHARF was trained with HIV/AIDS FAQ questions so that it
would be able to map presented HIV/AIDS queries to similar and look alike HIV/AIDS FAQ questions,
which in essence is a classification task spread over the number of questions in the HIV/AIDS corpus.
IHAFR Neural network is trained to classify a given set of historical FAQ questions which are
HIV/AIDS FAQ question @,,, and classifying into a corresponding stored HIV/AIDS FAQ question
FAQ,, over the 467 classes representing the 467 HIV/AIDS FAQ questions. Therefore a data training
set is defined as in equation 52 where T; is training pair which constitute an input Q,,, and a targeted
output FAQ,, per given instance.
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The leaming actually takes place as the neuron connection weight layer changes in response to a given
input of a sample of HIV/AIDS FAQs. Absolute leaming is said to have occurred when the neurons
connection weights changes have a small and insignificant mean square ermor (MSE) and this happens
when an input approximately HIV/AIDS FAQ query stored in the neural network equals to the desired

target.

Learning algorithms are responsible for changing of the neuron connection weights in con unctions
with a leaming function. The learning function provides a defined procedure on how the neuron
connection weights changes depending on the neuron input. Some leaming algorithms use the error

derived between the output and static input as a parameter in changing the connections weights.

The research used the Backpropagation neural network training algorithm which works best with the
supervised training method and Multi-layer Feedforward neutral network. The leaming rule
autonomously extract the functional relationship between input data and expected output data embedded
in a set of historical data set i.e. HIV/AIDS training data set and encodes it into connection weights
i.e. (¢;) and (W) . Most neural network based information retrieval systems use Hopfield
networks or Self Organizing Maps, these networks do not include hidden layers of neurons which
processes non linearity of text data by mapping text terms to appropriate text document and Mandal
[97] describes this hidden layer as the intuitive processor. However Backpropagation neural network

training algorithm has so many variants, the research shall investigate an appropriate variant which

would be suitable for training the IHAFR.

Training, validation and testing of HIV/AIDS FAQ questions was compiled using a MATLAB function
where the question HIV/AIDS FAQ question X, and corresponding to HIV/AIDS FAQ question in the
corpus FAQy A training pair set for each instance is reflected as per the PCA model input vector
PCA pxm of question X,,. For instance a pair 7; could be defined as input X, = Wy; + Wy, +
Wis ... Wy, and should yield an output Y, = FAQy = FAQg,c1 as the most relevant document and
this only happens if the training cost function error £, as the least and minimum error as illustrated in
the figure 31.
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Figure 31: Training the Neural Network PCA dimensional reduced VMS for HIV/AIDS Matrix

MATILAB has so many functions to divide corpus data into training, validation and testing data and
these are divider, divideblock, divideint and divideind. Dividerand randomly divides the data into the
three respective categories. Divideblock creates contiguous data blocks in the respective classes.
Divideint divides into categories by intedeaving with specified integer value and divideind categorizes
into the groups using a specific index value. The research shall implement the MATLAB Dividerand()
function to split the data in the HIV/AIDS FAQ cormpus into training data, testing data and validation
data randomly so that we induce a dimension of equally representation of all sorts of HIV/AIDS FAQ

questions in the corpus.

The “teacher” data set for HIV/AIDS FAQ questions was derived by implementing VSM algorithm for
the whole HIV/AIDS FAQ questions and compared to each question and all the FAQ questions to derive
a document to document VSM. An algorithm computed in MATLAB in appendix 3 was used to create
the VSM data set with ‘teaching’ FAQ questions.

The ““teacher” data set for HIV/AIDS FAQ questions computation was implemented by adding the sum
of each FAQ term weight to derive the total question term weight. Similarity comparison is done per and
against each FAQ question to determine their order and strength of similarity. Cosine Similarity Metric,

was used to measure similarity between any two FAQ question in the corpus illustrated in equation 53

t
i Wij Wiq

t 2 t 2
\/Zi=1 Wi \/Zi=1 Wiq

Sim(QuFAQy) = T (X )
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This mathematical model was implemented using a MATLAB code with a ‘“‘teacher” data set for
HIV/AIDS FAQ questions Vector Space Mole of 467 by 467 was created and stored as an excel CSV
document. The VSM is also sub ected to the diverand() MATLAB functions so that corresponding FAQ
question could be matched to selected FAQ questions for training, testing and validation purposes.

The “teacher” data set has a measure of each and every FAQ question in the HIV/AIDS corpus
expressed as a degree of relevance between and each and every HIV/AIDS FAQ question in the corpus
aS Wrao+ ragx and as 1 unto the its self 1 as indicated in equation 54. The input will be the PCA
matrix input as per the number of PCA components defined as thematic values and the output as per the

VSMFAQ to FAQ matIiX.

1 Wrag1.ragz  Wrag1.ragm
VSMEgag to Fag = Wrag2.rao1 1 WEAQ2.FAQM | ceeeeeececececeeenecencncncncnens (54)
Wragn.ragr  Wragn.ragz 1

4.5.4.3. Activations Functions and Backpropagation Learning
Algorithm Variants: Experiment VIII

The research experiment adopted neural node activation functions in conunction with the
Backpropagation leaming algorithm’s variants so that best selection is made. Backpropagation function
is endowed with many leaming algorithm variants. These leaming algorithms are categorized as general
gradient descent, heuristic based gradient descent and standard numerical optimized learming algorithms.
A training algorithm that could provide an output at the shortest possible time and with the highest
accuracy could be a practical solution in a real word. The variants of the Backpropagation variants were
used and the best variants were selected for further testing. The output and selection of the best variants
is based on the results obtained and noted as in appendix 3 It was noted that the Trainsgf, Traincgp and
Trainscg provided the best results. These were further tested with derived network parameters and the
two neural activation functions and the results are illustrated in table 6.
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Table 6: Perfformance Comparison with Different Transfer A ctivation Functions and Leaming Rule

Training  Number Numberof  Transfer Network Performance  Epoch Time
Algorithm of Input Hidden Activation Measure (MSE)
Neurons Neurons Function
. 360 Log Sigmoid 0.00492599 50 40.685000
Traincgf 720 Lo
360 Tan Sigmoid 0.00101584 130 94.832000
360 Log Sigmoid 0.00239480 67 62.104000
Traincgp 720 . .
360 Tan SlngId 0.00061608 130 112.945000
. 360 Log Sigmoid 0.00453794 53 53.072000
Trainscg 720 . .
360 Tan Sigmoid 0.000422944 130  131.056000

The Log sigmoid activation function produces the lowest epoch and a fast execution time though a high
MSE in comparison to the Tan sigmoid function. In contrast, the Tan sigmoid has an execution time
which stretches beyond 130 epochs which is beyond the determined and expected epoch from
experiment V. Netwoik training with Tan sigmoid does not reach a validation stop and also perfformance
goal is not met which might indicate probability of an overstrained neural network. The training
activation function TRAINCGP has the highest accuracy compared to all training active functions is
therefore adopted as the training activation function for IHAFR neural network system. Besides the Tan
Sigmoid activation use Bi-polar and is not suitable to represent the leaming outcomes propedy as it

would switch ranges from [-1, 1].

The Backpropagation gradient algorithms that produced better results exhibited the lowest MSE, faster
convergence time with the least epochs. The research shall adopt the con ugate gradient training
algorithm as the leaming rule for the IHAFR in particular the traingcgp which upon further testing
yielded an MSE result of (0.0020982 from the intended 0.1 goal. The final designed neural network had
the following parameters as its key design specifications, as listed in table 7 below
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Table 7: IHAFR Neural Network Parameters

Network Parameter Network Value
Number of inputs 360

Number of Hidden Neurons 720

Number of Hidden Layers 1

Number of Output Neurons 467

Training Rule Supervised/Backpropagation
Training Algorithm TRAINCGP
Training Activation Function Hidden Layers Log Sigmoid
Training Activation Function Output Layer Purelin
Ranking Cut off point M 0.5
Network Goal 0.0020982
Network Epoch Max 130

4.5.5. Similarity Matching of HIV/AIDS FAQ Questions: Experiment
IX

The question to question mapping technique is used to identify an FAQ question by virtue of inputting
key query words which would trigger stored HIV/AIDS key terms and in tum the intended FAQ
question. The PCA HIV/AIDS FAQ has specifications of the term weights of all the FAQ questions
thus the thematic input for training the neural network are expressed as in equation 55 where Q" is the
vector and X,;Wy are the numerical weight terms of the query (refer to theory of PCA computation
section 4.3.2).

QMT = XIT = (X1W11,X1W11, X1W11) (55)

The research needs to compute FAQ questions in a numerical format to represent the target data used as
training instances. Equation 56 specifies T; as a training data set for an instance input of a query Qy and
target FAQn.

y T (0 190 7. Uy 1 ORI (1)
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Question to question similarity comparison in the neural network is generally realized through the
Backpropagation training which is done in two phases. In the first phase (forward-propagation
phase), suppose we have input X as feature vectors consisting of term weights for each query key
word Q,; transformed to thematic words through a PCA function and is fed into the input layer as
described in equation 57.

A corresponding output vector representing activated neurons for each document question in FAQy is
derived based on estimated general weight update in the two weight layers of the network. The ob ective
is to minimize ermor function £, Mean Square Error (MSE) for mapping each sample T; =

(Qm, FAQy)) in the training set by continuously changing the weights so that all input vectors are
correctly mapped to their comresponding output vectors [98]. The emor is computed based on the
derived output of the network z;;, and the expected outcome of the network per given input FA .y as

given in equation 58 as shown in figure 32

FAQY = Z; = (FAQun, FAQay w cvocee et FAQIN) cos ot ot e e ettt et e e e e et e e s e e (57)
Xi Wii > ’= FAQI
~
X Wy > ARTIFICIAL
NEURAL NETWORK
I
1 | >—
I

W, >

_/
Fig 32: Question Qp to Question FAQy () Mapping using Neural Network.
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In the second phase (back-propagation phase), a gradient descent in the weight space,AW,,, is
performed to locate the optimal solution by changing and direction of the AWV, as indicated in formula
59, where the leaming rate should in the range 0 < € < 1 and it controls algorithm’s convergence rate.

—-dE
aw,

AWy, =
The value £ (MSE) is propagated back layer by layer from output units to the input units in the second
phase and also weight ad ustments are determined on the way of propagation at each level. These stages
are done for each iteratively until the value £ converges. Fig 33 shows the basic illustration of the

Backpropagation algorithm
While
E (MSE) is unsatisfactory AND computational bounds are not exceeded
Do
For each input pattem X;1 < I < L,
Compute hidden node inputs
Compute hidden node outputs
Compute inputs to the output nodes
Compute the network outputs
Modify outer layer weights

Modify weights between input and hidden nodes
End-for

End-while

Figure 33: Backpropagation training rule for the multilayered feed forward ANN

The stored knowledge of a neural netwoik is encoded in the set of connection weight neurons of input
and output hidden layers V;; and IW;; after the training phase has been completed. In a sense, these set
constitutes a single representation in which representations of all leamed pattems are superposed or

mushed together. [99]. In our case knowledge of arbitrary English FAQ question tenms to logical and
syntactical comrect FAQ, terms and finally to semantic, conceptual and pragmatic English HIV/AIDS

questions.
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4.6. [HAFR Validation Performance

The research pre-evaluated the IHAFR system in order to determine its effectiveness prior to testing
with unforeseen data and targeted users. Regression analysis measures were used to give an indication

of the how the network shall classify any given inputs into respective outputs.

MATILAB was used to determine the classification rate using the Regression analysis. The test
determines neural network ability to respond to a given input and map it into its proper target.
Averagely from the training data used for training the system it yielded a correlation rate of R= 0.658
which translate to 66% as shown by the cormrelation coefficient value R-value indicated in figure 34
below. This value measures the degree of variation generated by the general network’s performance of
mapping an input and to a corresponding output through a specification value ranging from 0 to 1. A
value of zero indicates that there is no relation between the given value and its output, whilst a value 1

indicates a true and correct copy of the input.

r |
Training with TRAINCGP = | ) | e S—

Fil= Edit Wi Insert Tool=s Desktop Wi d o Help =

Best Linear Fit: A = (1.03) T + (-0.0102)

L] Crata Points
Best Linear Fit
******* So=T

R = 0.658

Ztop Training I

Figure: 34 Linear Regression Analysis for the Classification
The system is trained with neural some training examples selected from the HIV/AIDS FAQ knowledge
base. Training data, Test data and Validation data were created from the 467 FAQ questions and were
used to train as explained in section 4.5.4.2 paragraph 6. TRAIN function in MATLB was used. Ealy
stopping technique was used to detect overtraining of the neural network by using the created validation
and testing data. Figure 35 shows the neural network training performance and cleady indicates no
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overtraining occurred as the validation and testing curves are almost the same. Overall training occurred

in 39 epochs with a time span of 14.5006 seconds.

" Trciviny wilh TREBCAR [l -]
Firo =i Yea Jpuh Tow: Jobwn Urpowe: —ue L

Fozmmonce & S0 4], Gaza iz U

ne : : : :

=i

-

-
1

H-F

|

o 0=

Al

=
"
L

201ty Sl

] 1, i i Ll gl ] A [ 44 u
G2 Frarhis

Figure 35: The Training Diagram for the IHAFR Based on the Experimental Determined Parameters.

4.7. THAFR Generation of Responses to HIV/AIDS Queries

IHAFR system was deployed on a web based interface and was sub ected to 120 twenty HIV/AIDS
questions which were not used during the training, testing and validation stage form the developed
HIV/AIDS FAQ corpus. The derived training outputs in con unction with the appropriate generated
weights were captured in a MYSQL database and simple PHP interface and script were used to
capture and process an HIV/AIDS query and search was done to derive appropriate responses.
Figure 36 shows an example of the query obtained.
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Figure 36a: The query interface for entering the HIV/AIDS query.
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Figure 36b: Response Interface to Show all Possible Answers[1].
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4.8. Testing and Collection of Results for IHAFR System

In order to determine the efficiency and effectiveness of the IHAFRS neural network system to classify
FAQ questions the research implemented another question to question matching system using classical
VSM method which is a traditional and standard information retrieval system technique. The purpose of

the system is to facilitate a comparison mechanism that would enable measurement of efficiency and
effectiveness of the IHAFRS.

The same HIV/AIDS FAQ corpus was used to create the classical VSM IR FAQ based system. The
cosine similarity matching technique was used as the similarity matching technique. A set of HIV/AIDS
question not used during the neural network training for testing, training and validation were used to
query the systems. Their responses were noted and documented for presentation to human experts to
udge the relevance of the FAQ responded with. The human expert udgment was used to determine the
relevance and similarity matching of the question to the presented HIV/AIDS FAQ question per

questionnaire attached as in appendix 2

The people used to udge the relevance and generalization of the two system responses to presented
HIV/AIDS questions were HIV/AIDS coordinators deployed in tertiary institutions by Human Resource
Development Council (HRDC) to educate youth/students about the HIV and AIDS. The students who
participated in the workshops and activities were organized by HIV/AIDS HRDC coordinators. Another
target population used to answer the responses were lecturers as well. Two institutions participated in

the evaluation exercise namely Limkokwing University and Botho University located in Gaborone.

120 twenty questions were used to test the two systems and these were split into batches of ten questions
per questionnaire so that they do not become cumbersome and overdoading to the participants. A total of
100 students expressed their willingness to participate in the survey, 20 lectures and 2 HRDC
HIV/AIDS coordinators from the two tertiary institutions were involved. Not all sent questionnaires

were replied but however a total response rate of 80 % was attained from the sent questionnaires.
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The IHAFR was sensitized into five cutoff points by ad usting the cut off point for training the neural
network with values from 0.1 up to 0.5 as was experimented. The label for the responses was indicated
as in table 8. The IHAFRS cut off point have been established as 0.5 and above. The system will retrieve
FAQ questions from cut off points ranging from 0.1 to 0.5 as practical deduced from experiment IV.
The same values shall be used for the VSM based retrieval system so that consistency is maintained in
all the systems. By ad usting the cutoff point the system for the neural network would respond with

optimized answers

Table 8 Categorization of IHAFR Systems based on training cut-off points
VSM IR IHAFR=0.1 IHAFR=0.2 IHAFR=0.3 IHAFR = 0.4 IHAFR = 0.5

S1 S2 S3 S4 SS S6

4.9. Evaluation of the IHAFR System

General information system retrieval works on the principle that for each user question posed to the
system they could be some documents which bear a relevance to the user’s question. FAQ information
retrieval system adopts a slight twist over this approach by implying that for every user’s FAQ question
posed they should be a ‘right FAQ question-answer’ that best addresses the user query[100]. heng et
al [101] also subscribes to this notion by stating that users FAQ query can be retrieved in three kinds
of situations from an FAQ information retrieval systems, that is 1: Having the same question in FAQ
database; 2 Having similar questions in FAQ database and finally 3: No same or similar question
in FAQ knowledge base. If an FAQ question is regarded to fulfill the conditions 1 or 2 then that user
FAQ query has an equivalent FAQ question answer in the FAQ knowledge base . If the user query falls

in the category 3 then no comresponding FAQ is present and there is no response.

Anderson et al [102] developed and evaluated a Healthcare FAQ information retrieval system using the
same approach as [101]. They categorized their evaluation in two distinct scenarios as Topl and Top5.
For Topl the system presents the highest ranked FAQ question answer and this response should have a
‘useful’ response to the user FAQ query i.e. similar in meaning or exact and the response is regarded as
correct. For the Top 5 scenario, if they exists a ‘useful’ FAQ question answer amongst the sequential
ranked five responses then an FAQ query has answer. Recall was used to measure the ability of the
system to find the right answer and was defined as the percentage of questions for which the FAQ
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systems retained a correct answer. Re ection rate was also used to measure the FAQ system’s inability

to provide a correct answer and was computed as percentage of unanswered questions.

Burke modified the traditional evaluating metrics for FAQ information retrieval systems and defined
recall rate as a measure which specifies a ratio of all user FAQ questions with right answers N, to all
user FAQ questions with correct answers N as computed in equation 60. Re ection rate is introduced to
replace precision rate and is defined by equation 61 where N, y represents the number of questions
which the system has completely failed to get an answers for and Np y indicates the total number of

questions which the systems does not have the right answers or do not exits

Recall Rate = % ............................................................................................................................... (60)

R

Re ection Rate = II\\;C—N ...................................................................................................................... (61)

heng et al [101] also modified the precision metric and computed the metric with a slight modification
as shown in equation 62, where N is the total amount of test questions (namely users questions), a; is

the value that whether the answer to question i is true or not, if true , then a; =1, else q; =0.

1
Pt = B (jererreresssssssssss s s8R AR AR AR (62)

The IHISM-FAQ information-retrieval system was evaluated by using the re ection rate and the recall
rate. Recall was computed as a percentage of questions for which the FAQ system finds the right
answer when one exists and re ection as the based on a defined cut off point [102]. FAQ FINDER [103]
uses a question to question mapping methodology to determine FAQ questions, used the success or
re ection rate metrics to determine its effectiveness. Sneiders [38] uses the re ection rate to evaluate an
Automated FAQ answering system and he describes the evaluation metric as the system’s ability to
report garbage if there is no answer to a paused question. Sneiders [38] further describes the traditional
recall and precision metrics as the ability of the system to show a share of relevant FAQs among all
retrieved FAQs and precision as a share of correctly reported none answers when there is no answers in
the FAQ knowledge base. The two evaluation metrics are used to depict what the FAQ knowledge has at

that moment and is capable of delivering since FAQs are dynamic.
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The research indentifies a number of common elements in the evaluation of all mentioned FAQ systems
in comparison with the IHARS in the sense that it is a FAQ system. Therefore in evaluating the IHARS
the research shall adopt the re ection rate metric which already has been defined as a performance
measure which depicts the system’s ability to show whether an answer exist or not in the system i.e. In
addition the research shall also adopt the traditional perfformance measuring metrics as being recall rate.
These evaluation metrics show how the system is able to relate its perfformance in terms of retrieving
relevant FAQ question answers and coined to the system’s ability in also failing to pick relevant FAQ

question answers as well.

The IHAFRS neural network was evaluated using the re ection and recall rate measurements. The same
evaluation metrics were used by Anderson et al [81] who implemented a similar FAQ retrieval system.
Recall is calculated as the percentage of FAQ questions which are right, correct and are found in the
retrieval system. Re ection is defined as percentage of questions the IHAFRS system without an
equivalent matching question in the system. Precision is also defined as the questions retumed by the
systems and are found to be relevant or have similar meaning to the posed question. The next chapter

gives an overview of the results discussion and evaluation.
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CHAPTER 5

5. Experimental Evaluation

This chapter provides an overview discussion of the results achieved and constrains for the design and
implementation of the IHAFR neural network system. The discussion is related to findings on the
theoretical matters of HIV/AIDS FAQ retrieval system. The discussion is primarily based on the results
achieved with regard to conformance and discrepancies to the general literature review on FAQ retrieval
using neural network.

The IHAFR neural network system was sensitized into five ranking cutoff points which are shown in
table 9 below. The ranking cutoff point is the total weight of HIV/AIDS FAQ when computed by the
neural network system during similarity comparison. This value is used to retrieve HIV/AIDS FAQs
based on a condition which is given to the system during the retrieval process. HIV/AIDS FAQs that
have a ranking cut off point lower than the stated values are retrieved by the system. For instance, if we
consider IHAFR = (.1 it means retrieve all documents that have a HIV/AIDS FAQs weight of 0.1 and
below shall be retrieved.

Table 9 Categorization of IHAFR Systems based on training cut-off points
VSM IR IHAFR=0.1 IHAFR=0.2 IHAFR=0.3 IHAFR = 0.4 IHAFR = 0.5

S1 S2 S3 S4 SS S6

The advantage of sensitizing the system over a broad range of 0.1 to 0.5 values was meant to observe
and detect where the system performance is best and optimum. The research study expects the system
performance to be optimized at 0.1 ranking cut off points. At this ranking cut off point the IHAFR
system should retrieve HIV/AIDS FAQs that have a similarity of 90% and above per posed user
HIV/AIDS query. The importance of sensitizing the system and testing it at various cut off points shall
enable the research study to observe the system performance and therefore propose other techniques to
enhance the system performance suppose it does not show better performance.
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5.1. IHAFRS Results

Based on the results obtained as tabulated in table 10 for the recall rate and the re ection rate metrics,
graphical plots are done in figure 37 and 38 respectively. The graphical plots facilitate research to
establish a qualitative explanation of the IHAFR behavior per various sensitized points per each system.

5.1.1. Recall Rate Performance

The recall rate expresses the percentage of HIV/AIDS queries for which the THAFR system finds the
‘right answer’ when one exits[1] and the IHAFR research results for the sensitized systems are tabulated
in table 10 and figure 37. The IHAFR pitched at a cutoff point 0.5 provides the least recall rate 73.33%
and the highest is 79.1% at 0.2. All the IHAFR pitched at 0.4 to 0.1 cutoff points indicate similar
performance. The system averagely performs the same in the Topl, TopS, Top10, and Topl5 categories.
They show an average performance recall rate of 38.33% in Topl, 61.67 % in Top 5, 75.33% in Top 10
and finally 77.17 % in Top 15. The Top S to Top 15 show better recall rate.

The HIV/AIDS FAQ keyword based system used as a benchmarking system, reflects a poor
performance in all the ranking cut off points’ categories of Topl, TopS, Top10 and Topl5 as tabulated
in table 10 and illustrated in figure 37. The system shows the least recall rate of 18.33% for Topl to
55.83% for TS compared to the IHAFR systems.

5.1.2. Rejection Rate Performance

The IHAFR systems reflect a very low re ection frequency rate than the key word based HIV/AIDS
FAQ information retrieval system. Burke et al [103] defines re ection rate as a measure which represent
the percent of questions that an FAQ system cannot comrectly report as being unanswered in the file.
The re ection rate for the key word based HIV/AIDS FAQ information retrieval system is very high
compared to the re ection rate of the all the IHAFRS neural network based systems as shown in table 10
and figure 38. The key word based HIV/AIDS FAQ information retrieval system shows a good ability
to re ect if there is no answer in the FAQ system repository. The research need to test the key word
based HIV/AIDS FAQ information retrieval system with none HIV/AIDS questions and see how it
performs and secondly there is need to increase the FAQ collection so that the depth and coverage of
FAQ questions becomes sufficient[1].
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Table 10: Recall and Re ection Rate Values

FAQ Information Recall Rate Re ection Rate
Retrieval Top 1 Top S Top 10 Top 15 Top 1 Top S Top 10 Top 15
VSM Based 18.33% 38.33% | 4833% | 55.83% | 82.50% 62.50% | 52.50% 45.50%
Neural Network Cut
. 38.33% 62.50% 76.67 % 77.50% 62.50% 38.33% | 24.17% 23.33%
Off Point 0.1
Neural Network Cut
38.33% 64.17 % 76.67 % 79.17 % 62.50% 36.67% | 24.17% 21.67%
Off Point (0.2
Neural Network Cut
37.50% 61.67 % 75.00% 77.50% 63.33% 39.17% | 25.83% 23.33%
Off Point 0.3
Neural Network Cut
. 38.33% 63.33% 75.83% 78.33% 62.50% 37.50% | 25.00% 22.50%
Off Point 0.4
Neural Network Cut
39.17% 56.67 % 72.50% 73.33% 61.67 % 44.17% | 28.33% 27.50%
Off Point 0.5
0.9
0.8
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Figure 37: Plot of the Recall Rate Compared to the Responses of the Experimented Systems.
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Figure 38: Plot of the Re ection Rate Compared to the Responses of the Experimented Systems[1].

5.2. Main Issues

The research study believes the amount of HIV/AIDS FAQs used were few and therefore might have an
impact on the IHAFR neural network leaming ability and generalization as remarked by Fei et al [104],
the effectiveness of neural network retrieval can be enhanced by using larger training and test set to
improve the generalization and recall rate of the system. As far as the research study is concemed there
is no standardized and published HIV/AIDS FAQ cormpus. A standardized and published HIV/AIDS
FAQ corpus from the medical community might have increased the perfformance of the neural network
training, testing and validation data samples as they would be many. The research compiled a paltry
HIV/AIDS FAQ questions corpus largely from Botswana medical community in the form of two
booklets the TPOLETSE and MASA HIV/AIDS FAQ questions and another source with scanty
questions from WHO and New York City Health council. A corpus with 467 HIV/AIDS FAQ questions

was compiled.
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Obasa and Salim resolved that [105] “FAQ question answering system can conveniently answer about
80% of the questions asked by user if properly constructed and effectively managed’ and in this research
though the IHAFR neural network system constructed surpassed the perfformance of a key word based
FAQ retrieval with good and remarkable recall rate [1]. However there is need to investigate and adopt
complementing techniques that would improve the system to attain a better pefformance in yielding a
better mapping for category of Top 1 for HIV/AIDS FAQ retrieval. It was observed that the recall rate
for both the neural network and the key word based FAQ HIV/AIDS FAQ systems performance was
below 50 %. For the Top 5 and up to Top 15 the recall rate was good and contained a lot of similar and
also exact HIV/AIDS FAQs to the provided HIV/AIDS query.

One approach that can enhance performance of neural network information retrieval besides the inherent
heteroassociative memory capability of MLP is use of conceptually systems to compliment the
functionality of the heteroassociative memory. This approach could be adopted to improve the neural
network performance hence better recall and re ection rate could be attained. Huang et al [27] deliberate
on a technique of creating concepts as units of knowledge, each bearing a unique knowledge and key
advantages of this technique are they embed semantic knowledge, they disambiguate terms which have
multiple meanings and the semantic property bound in the concepts can be numerically evaluated with

related documents thus measuring similarity.

Huang et al [27] further elaborate the matter of concepts as unit of knowledge by stating that the
concepts can be organized and structured according to relations among them and concept system can be
created. Huang et al [27] mentions of successful conceptual systems such as the online electronic online
encyclopedia Britannica , the Wikipedia and lexical ontology system like WordNet for English common
words and HowNet for Chinese common words. An HIV/AIDS lexical ontology could be ideal
complimentary conceptual systems that can used to improve the recall and re ection rate for neural

network FAQ retrieval systems.

Another approach the research study could have implemented is to optimize the input HIV/AIDS query
rather than use of the heavily manual preprocessing which involved HIV/AIDS query feature extraction
and selection. Optimum query can be implemented used by using neural network systems like the

Kohonen’s Self Organizing Map (SOM) using Recurrent Neural Network [77]with horizontal
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interconnections of output neurons. The system will be train trained with samples of typical HIV/AIDS
queries. The Kohonen’s Self Organizing Map (SOM) neural network in tum will ad ust its self to select
an optimized query based on the input HIV/AIDS query. This optimized query then shall be used as an
input to the question to question mapping systems. Kohonen’s Self Organizing Map (SOM) neural
network creates a contesting environment amongst and between neurons and the fittest survive as the
output for a given input. The best and fittest activated neuron would represent the optimum query to be
submitted to the MLP for generalization of similar in meaning conceptually and pragmatic.

5.3. Experiment Limitations

The limitation that the research can account about is the unavailability of a published HIV/AIDS FAQs
corpus. The research study believes such corpus could have sufficient HIV/AIDS FAQs that could have
sufficient FAQS and that can be used to train the neural network system. As once mentioned eadier, this
had a bearing on the performance of the IHAFR system.

Coupled to this limitation is also the challenge of adequate and precise knowledge designing neural
network parameters. Many heuristic thumb rules for design and implementation of neural networks
exits. The research took quite a lot of academic time to settle and understands the implications of
designing and parameterizing a neural network so that it would accomplish classification task of
HIV/AIDS FAQ questions from a presented query. Few research exits on knowledge of how to
effectively design and derive appropriate neural network system parameters and the research took a lot
of time on this area to derive the IHAFR system parameters.
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CHAPTER 6

6.1. Conclusion
The aim of the research study was to design and implement an intelligent HIV/AIDS FAQ retrieval
system using neural networks for retrieval of relevant and similar HIV/AIDS FAQs. The information

retrieval system will use a question to question similarity matching technique to find related and similar

FAQs

The research study compiled an electronic HIV/AIDS FAQ question corpus from reliable sources like
MASA, TPOLETSE and United Nations Word Health Organization HIV/AIDS FAQs booklets. An
HIV/AIDS FAQ knowledge base was created using VSM and PCA techniques. An artficial neural
network was designed and experimented for input and hidden neural nodes, activation function and
training rule. Sampling based on the MATLAB divideint function was done to create the training data,
testing and validation data. Backpropagation training rule using TRAINCGP was used to train the
neural network. Eady stop technique was used to prevent over training of the neural network and
achieve better generalization.

Golden standard approach was used to evaluate the system performance by using HIV/AIDS experts
who included HRDC HIV/AIDS training coordinators, lecturers participating in HIV/AIDS awareness
campaigns and the students. HIV/AIDS keyword based retrieval system was used to benchmark
HIV/AIDS FAQ retrieval system based neural network. General it was noted the HIV/AIDS FAQ
retrieval system using neural network had better recall rate of 79.17% and traditional keyword based
FAQ system 55.83% for equivalent or similar HIV/AIDS FAQs. Traditional keyword based FAQ
retrieval system attained a re ection rate of 82.50 %, compared to 61.67 % for neural network system

6.2. Research Study Conclusion

The study concludes the research based on analysis of attained results from the conducted experiment
on the IHAFR system using question to question similarity matching compared to the traditional
information retrieval using key words. The research study determined that IHAFR research findings
general conform to other research studies [72, 76] who have also used the neural network technique for

information retrieval.
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The neural network FAQ retrieval system superiority is acknowledged on its ability to relate
conceptually and semantic HIV/AIDS FAQ questions when using question to question similarity
matching. This ability, to mimic how human being brains work [65] as they match and relate questions
which have the same meaning but different words is a powerful trait found in artificial neural networks.
The neural network retrieval system adopts this mode of working because of the training done and also
the structural set up which has hidden neural nodes that act as parallel processors for non-linear
data[71].

The ability by an information retrieval system which is neural network based, to generalize FAQs
through question to question mapping reflects a very important characteristic. For instance in this
research study, figure 33a shows an HIV/AIDS FAQ query presented to the system as ‘“What causes
AIDS”. In figure 33b it shows HIV/AIDS FAQs responses which are generalized and related but with
different wording and this demonstrates the system ability to generalize. To HIV/AIDS FAQ retrieval
this is an important characteristic as it is able find many related questions and thus provide more

valuable information to the end user.

The most advantageous aspect of the neural network retrieval technique system is a mechanism to test
whether the generated mathematical model is capable to generate or map the FAQ as expected by cross
checking and validating with simulation [106]. The research used MATLAB functions like the linear
regression analysis and comect classification emror rate to check the feasibility of the system
functionality in advance. This mechanism is not possible in all other traditional information retrieval
techniques. This functionality is very important for HIV/AIDS FAQ retrieval questions because of the
nature of the question we are dealing with i.e. health matters. More so to have a general estimation of
how the neural network system is going to work without having to conduct an independent survey. In
this research study the IHAFR managed to record a validation performance test of 66% percent in the
laboratory. Such confidence tests are very important as they give a proof of better performance besides
using other independent surveys. There is need to determine laboratorial that whatever is being deployed

and whether it is meeting a defined and anticipated criterion.
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For better performance in FAQ retrieval system there is need to optimize the presented FAQ query so
that it is possible to attain the most prioritized and number ranked one FAQ question generated as a
response. The starting point should be initiated by researching for standardized HIV/AIDS FAQ corpus
like used by TREC for testing and evaluating QA systems. Another attention point is the development of
an HIV/AIDS lexicon ontology [1] which can be used improve the functionality of neural network based
information retrieval by implementing an ontology knowledge base as experimented in the following

researches[107-109], they developed FAQ retrievals that had a high recall rate and good re ection rates.

6.3. Contribution of this Research

The research though works in the shadow of a partly researched area; neural network based information
retrieval for HIV/AIDS FAQ retrieval. As far as the research is concemed no significant research work
has been done in sharing knowledge on HIV/AIDS through FAQ questions using an FAQ information
retrieval platform. It is envisaged that this information retrieval platform which uses an ‘intelligent’
approach can conveniently be used as the stepping stone to do more research work on sharing of
HIV/AIDS information using information retrieval systems. It goes an untold that information sharing
has become one of the effective ways used to mitigate the impact and spreading of HIV/AIDS and to
date there is no cure for this disease so far. The research has gone to an extent of publishing a research
paper [1] on the potential of utilizing neural network as an important tool for sharing information on
HIV/AIDS in Health Informatics platform.

The research has created awareness for establishments of well researched and published electronic
HIV/AIDS FAQ corpus [1]so that extended research could be done. There is need to have a research
which should compile and publish an HIV/AIDS FAQ corpus like what is done in the TREC evaluation
were a standardized corpus is used to test various QA systems. This development could lead to
accelerated development of improved HIV/AIDS FAQ information retrieval systems. The HIV/AIDS
corpus[1] could be extended to building an ontology for HIV/AIDS FAQ terms like the WORDNET and
this could also accelerate the development of better information retrieval on FAQ systems for HIV and
AIDS.
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New knowledge and practice can be attributed to this research because it is one amongst the few
researches which acts as the starting point of creating an electronic information retrieval system for
HIV/AIDS FAQs using artificial neural networks. Currently other various means of information sharing
HIV/AIDS have their deficiencies noted and therefore this approach introduces a complementary
approach of sharing information in way similar to what an HIV/AIDS call centre does. The most
important trait adopted by the IHAFR is the ability to mimic human beings who manner a call centre
and providing related or similar HIV/AIDS FAQs bearing the answer to the user question using artificial
neural networks.

6.4. Future Work

Improvements to neural network FAQ information retrieval could done by pre-processing the
HIV/AIDS user query using methods like competitive leaming rules with apply Kohonen neural
network method instead of using the tedious feature selection and extraction process used in this
research. A comparison can be done with what this research has done and may better performance can
be attained. Creation and implementation of an officially published and researched HIV/AIDS FAQ
corpus since the epidemic has no cure and the best mitigating strategy is prevention through information
sharing. Creation and implementation of an HIV/AIDS Lexicon Ontology that could help in expanding
related words through getting their synonyms, hyponym and hypemym which could compliment the
hetroassociative memory for the neural network by increasing the number of key words to train the
neural network with.
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APPENDIX 1: Backpropagation
Results

.
MATLAB Diagram
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Training Algorithm Variants and

Training Parameters
TRAINGD, Epoch 0/100, MSE
79.6573/0.1, Gradient 14.1431/1e-010
TRAINGD, Epoch 100/100, MSE
9.14768/0.1, Gradient 3.92637/1e-010
TRAINGD, Maximum epoch reached,
performance goal was not met.

Elapsed time is 56.456000 seconds.

TRAINGDA, Epoch 0/100, MSE
89.085/0.1, Gradient 15.2139/1e-006
TRAINGDA, Epoch 100/100, MSE
0.392066/0.1, Gradient 0.120435/1e-006
TRAINGDA, Maximum epoch reached,
performance goal was not met.

Elapsed time is 55.286000 seconds.
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0.094957/0.1, Gradient 0.0323344/1e-
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TRAINRP, Perfformance goal met.

Elapsed time is 34.929000 seconds.

TRAINGDX, Epoch 0/100, MSE
89.085/0.1, Gradient 15.2139/1e-006
TRAINGDX, Epoch 65/100, MSE
2.11751/0.1, Gradient 0.842048/1e-006
TRAINGDX, Validation stop.

Elapsed time is 36.692000 seconds
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TRAINOSS-srchbac, Epoch 0/100, MSE
89.1071/0.1, Gradient 15.5719/1e-006
TRAINOSS-srchbac, Epoch 13/100, MSE
0.344103/0.1, Gradient 0.188978/1e-006
TRAINOSS, Validation stop.

Elapsed time is 15.085000 seconds.

TRAINSCG, Epoch 0/100, MSE
79.6573/0.1, Gradient 14.1431/1e-006
TRAINSCG, Epoch 16/100, MSE
0.0927088/0.1, Gradient 0.104696/1e-006
TRAINSCG, Performance goal met.

Elapsed time is 19.687000 seconds.
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TRAINCGB-srchcha, Epoch 0/100, MSE
89.085/0.1, Gradient 15.2139/1e-006
TRAINCGB-srchecha, Epoch 16/100,
MSE 0.09525/0.1, Gradient 0.106247/1e-
006

TRAINCGB, Performance goal met.

Elapsed time is 16.536000 seconds

TRAINCGP-srchcha, Epoch 0/100, MSE
86.2903/0.1, Gradient 14.9601/1e-006
TRAINCGP-srchcha, Epoch 17/100, MSE
0.093009/0.1, Gradient 0.106837/1e-006
TRAINCGP, Performance goal met.

Elapsed time is 17.987000 seconds.



Training with TRAINCGF

oo e

File Edit View Insert Toaols

Desktop  Window Help

Performance is 0.0977367, Goal is 0.1

Training-Blue Goal-Black “Validation-Green Test-Red

P

‘ ‘ \ \ \
4 3 3 10 12 14
16 Epochs

110 |Page

TRAINCGF-srchcha, Epoch 0/100, MSE
89.1071/0.1, Gradient 15.5719/1e-006
TRAINCGF-srchcha, Epoch 16/100, MSE
0.0977361/0.1, Gradient 0.108087/1e-006
TRAINCGF, Performance goal met.

Elapsed time is 16.317000 seconds.



APPENDIX 2: Research Questionnaire for HIV/AIDS FAQ Questions.

Godfrey Mlambo is conducting a research to answer Frequently Asked Questions (FAQs) on HIV/AIDS
using Attificial Neural Network technique. A prototype system has been developed and has yielded
results which must be udged by people to determine the ability of this system to generalize similarity
matching of a posed FAQ to a stored FAQ question in the system. The systems accepts a posed FAQ

question and finds equivalent FAQ question(s) in the system then determine the answers.

You are kindly asked to assist in evaluating the ability of the system to match a posed FAQ question
tagged as unseen question by evaluating the system generated FAQ questions, tagged as target
question. Your evaluations shall be kept confidential and shall only be used for improving the quality

and effectiveness of this research.

Instructions on how to evaluate the FAQ questions:
From the questionnaire the column Unseen Question there is one question provided. In the column
Target Question there are 150r less questions provided which have been generated by the system in

response to the question in the Unseen Question column. Determine exact or equivalent or similar in

meaning question(s) in the Target Question column. Question under the title target question and write

in order of comrectness by inserting a numerical value.

In the first column which reads Best 1 select the one question in the Target Question column that best

answers the unseen question indicating by writing 1.

In the second column which reads Best 5 select the best five questions in the Target Question column
that best answers the unseen question indicating by writing 1 to the first and 2 to the second question
until up to the fifth question. In the third column which reads Best 10 select the ten questions in the
Target Question column that best answers the unseen question indicating by writing 1 to the first and
2 to the second question until up to the tenth question. In the third column which reads Best 15 select the
fifteen questions in the Target Question column that best answers the unseen question indicating by

writing 1 to the first and 2 to the second question until up to the fifteenth question.
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No Unseen
Question

Target Question(s)

Best 1 | Best S |Best10 |Best15

Write number in preference of
ranking order [S1]

1 Apart from
HIV, which
other STDs
are deadly

154 how does HIV infection differ from other viruses which
infect human beings

5 are health care workers or people in other occupations at
risk for HIV

6 are healthcare workers at risk from HIV through contact
with infected patients

7 are lesbians or other women who have sex with women at
risk of HIV

57 can I get HIV from a toilet seat by being bitten by an
infected mosquito or from a swimming pool

58 can I get HIV from a toilet seat or by being bitten by an
infected mosquito or from a swimming pool

60 can I get HIV from casual contact shaking hands hugging
using a toilet drinking from the same glass or the sneezing
and coughing of an infected person

61 can I get HIV from contact with my doctor dentist or other
health care professional

66 can I get HIV from living in the same house as a person
with HIV or AIDS

116 does the presence of other sexually transmitted diseases
STD facilitate HIV transmission

120 | Are condoms
a hundred
percent
effective to
prevent the
spread of
HIV/AIDS?

25 can a mother keep taking DV A T after the baby
is bom for her own health

29 can a woman who has HIV pass the virus to her baby

149 how does a mother transmit HIV to her unbom child

200 how would I one know if a baby bom to an HIV positive
woman has the HIV infection

396 why do some HIV positive mothers transmit the virus to
their babies while others do not

134 how can I know the HIV status of the person i am going
to marry

177 how long can the virus live outside the human body

20 are not all babies bom to positive mothers infected with
HIV

28 can a woman give HIV to a man during vaginal intercourse

33 can doctors notify the partners of a patient with HIV
without the patient’s permission
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