
A Systematic Approach for Automatically Answering General-Purpose Objective 
and Subjective Questions 

by 

Lok Prasad Acharya 

A dissertation submitted to Florida Institute of Technology 
in partial fulfillment of the requirements  

for the degree of 

Doctorate of Philosophy 
in 

Systems Engineering 

Melbourne, Florida 
December, 2019 



 

 

We the undersigned committee hereby approve the attached dissertation, “A 
Systematic Approach for Automatically Answering General-Purpose Objective and 

Subjective Questions,” by Lok Prasad Acharya. 

_________________________________________________ 
Dr. Barry Webster 
Assistant Professor 
Mechanical and Civil Engineering 
Major Advisor 

_________________________________________________ 
Dr. Luis Daniel Otero 
Associate Professor 
Computer Engineering and Sciences 

_________________________________________________ 
Dr. William Arrasmith 
Professor 
Computer Engineering and Sciences 

_________________________________________________ 
Dr. Munevver Subasi 
Associate Professor 
Mathematical Sciences 

_________________________________________________ 
Dr. Philip Bernhard 
Professor and Department Head 
Computer Engineering and Sciences 



 

iii 
 

Abstract 

Title: A Systematic Approach for Automatically Answering General-Purpose Objective 

and Subjective Questions 

Author: Lok Prasad Acharya 

Advisor: Dr. Barry Webster 

In this era of information explosion, people generally rely on the Internet, and more 

precisely, the search engines to get answers to their questions. However, what a search 

engine can do is just retrieve documents. Given some keywords, it only returns the relevant 

ranked documents that contain the keywords. Although users often want a precise answer 

to a question, they are left to extract answers from the documents themselves. This is 

where Automatic Question Answering (AQA) systems come into play. An AQA system 

takes questions in natural language as input and searches related answers in the set of 

documents and extracts the precise answer to natural language questions rather than 

retrieving full documents or best matching passages, as most information retrieval systems 

currently do. In this work, an AQA system has been developed that can provide precise 

answers to any general-purpose questions. This paper provides a novel and efficient 

framework to find proper results for the user based on the question. 
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Chapter 1: 

Introduction 

With the evolution of the World Wide Web, the Internet is one of the main sources of 

information today. A vast number of people rely on the Internet on a daily basis to get their 

answers. Most of the people who rely on the Internet utilize search engines to find the 

information. However, the search engines return the results in terms of links and 

documents and there is often an overabundance of those links and documents, sometimes 

millions of them, in the search results. 

The problem is that users still need to navigate through all the returned documents to find 

the information they are looking for. This will often take a lot of time and energy. To 

retrieve the exact sentence or a passage, it still requires special skills or knowledge about 

the topic. For a layman, it is a very hard job to do all that and there is still uncertainty about 

the accuracy of the results. This is where an automatic question answering system comes 

into play.  

An automatic question answering system automatically searches the Internet for a user’s 

question and gathers information related to the question. With some syntactic and semantic 

analysis, the question answering system then provides an answer to the question, often in 

near real-time. Answers are usually relatively precise so expertise on that specific topic is 

typically not required. 

An automatic question answering system is a modular process. Five such modules common 

to most automatic question answering systems are as illustrated in Figure 1:  
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Question Module

Search Engine

Information Extraction

Evidence Processing

Answer Module

 

Figure 1 - QA system in typical modular form. 
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The question module accepts the question asked by the user in natural language. In fact, 

one of the main objectives of the Automatic Question Answering (AQA) system 

framework developed in this work is to answer any objective or subjective questions asked 

in a natural language. For example, “Where is the Florida Institute of Technology?” or “Is 

blue a better color than red?”, etc.  

The question module for this work accepts the following six types of questions: 

1. Factoid questions 

2. Confirmation questions 

3. List types questions 

4. Descriptive questions 

5. Hypothetical questions 

6. Complex questions 

Factoid questions are questions usually answered in a short phrase or a single sentence. 

“Wh”-questions, namely what, when, where, why and how questions fall under this 

category, for example, “Where was Gautam Buddha born?” 

Confirmation questions are answered in yes or no form. For example, “Is travel faster than 

light possible?” These questions require complex procedures, general knowledge, common 

sense reasoning, and inference mechanisms to provide answers, particularly when the 

questions involve subjectivity. 

List type questions provide answers in the form of a list of entities or facts. For example, 

“What are the counties in Georgia?”. Answers could be very extensive and may run the 

gamut from simple unordered lists to full tables. 
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Descriptive questions usually start with the keywords of “why” and “how”. The answer 

could be very detailed and it could be just a single sentence, a paragraph, or an entire 

document. Reasons, explanations and elaborations are usually the answers to this type of 

question. For example, “Why is the sky blue?” 

Hypothetical questions are the questions related to hypothetical events or occurrences. The 

questions usually start with the phrase “What would happen if”, “What would have 

happened if”, or something similar. For example, “What would have happened if British 

America did not revolt?”  

Complex questions are the questions that are generally not addressed by the other five 

categories. These questions require complex procedures and inference mechanisms, and 

answers to these questions normally require synthesizing information from multiple 

documents. For example, “What causes a volcano?” 

After the classification of the questions, the questions are then fed into a module to select a 

search engine. Search engines generally return multiple results in terms of links and 

documents. The three most popular search engines, Google, Bing, and Yahoo have been 

chosen for this research work [1]. Depending on the keywords entered, a search engine 

may return different results than those from the other engines, each of which may use a 

different algorithm and may have a different knowledge base. The system developed for 

this research work automatically selects a search engine based on the question asked. 

Search engine results often return very large collections of documents, frequently too many 

to conduct an exhaustive search of the entire collection. To extract the information for 

answering a question, it is usually a best practice to select a manageable set of those 

documents. Some studies have shown that people tend to use the first few results to search 

for the information they are looking for [2][3]. The system developed for this research 

work automatically selects a manageable number of results in which to look for the 

information. This task may often require text mining, web crawling and advanced analysis 

such as semantic analysis and sentiment analysis.  
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When there are multiple possible answers, it is necessary to select only a few; usually, the 

user is looking for a single answer. When there are conflicting answers, reconciliation is 

required. Advanced analysis and reconciliation techniques built into the system from this 

research work automatically takes care of finding one answer from multiple or 

reconciliation from conflicting answers. 

In the last module, the system produces an answer in natural language. For example, for a 

question, “Where was Gautam Buddha born?”, the answer returned is “Gautam Buddha 

was born in Nepal.”  

While other AQA systems also use the same set of modules (or something very similar), 

the system developed for this research enhances each of the phases in the AQA 

architecture. For example: 

1. Most question answering systems are centered around factoid questions. This 

research work allows six different kinds of questions which may be objective or 

subjective questions. 

2. Many question answering systems require the answer to be asked in a specific 

format. These systems may have a database or some rules to map the question to a 

predefined setup or to match with the knowledge bases. The system developed for 

this research does not have these limitations. 

3. Most current question answering systems allow only one search engine or 

metasearch engine to search for a piece of information. A metasearch engine may 

refer to other search engines but effectively it is one search engine from the user’s 

perspective. This research work allows an automatic selection of search engines 

based on the question asked. 

4. Currently, the user selects the information source to search for information or the 

selection is arbitrary. This research work automatically selects a manageable set of 
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information sources and also allows advanced information extraction techniques 

like a focused web crawler. 

5. While the current AQA systems utilize limited information analysis like sentiment 

analysis, this research work implements advanced analysis like semantic analysis 

to determine the meaning of the content and handle specialized information like 

humor and sarcasm. 

6. Conflict resolution in the event of conflicting answers has not been found in the 

current state of the art AQA systems. This research work, however, utilizes 

advanced reconciliation techniques as well as avoids any local repository to map a 

predefined answer format.  

7. While the current AQA systems provide answers on either yes/no, factoid or other 

simplified “stock” form, this research work provides answers in natural language. 

Justification for the answer is also provided by the system. 

These enhancements across the board make this work a significant contribution to the 

AQA systems arena and a unique project as well as a meaningful research work with its 

findings and results. 

The following chapter discusses the background as well as the study of different state of 

the art AQA systems that have been developed so far. The research methodology and its 

relationship with systems engineering are discussed in the next chapter. The study is then 

concluded with a performance review, and a discussion of the system limitations, along 

with opportunities for further research.  
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Chapter 2: 

Background and Literature Review 

Nowadays, the internet is a huge online repository of information interrelated to various 

fields of topics such as health, economic, educational, and industry information. Search 

engines such as Google, Bing, and Yahoo can be used to retrieve relevant documents from 

the web to answer users formulated questions based on different measures such as keyword 

matching, frequencies of accessing documents. However, Search engines require users to 

review these documents individually to get the desired information; it is a very time-

consuming process. Automatic Question Answering (AQA) systems provide suitable and 

reasonable answers to the questions asked by users in natural language.  

A systematic approach to automatically answering user’s questions comes from a research 

area that combines different fields such as Computer Science (CS), Information Retrieval 

(IR), Information Extraction (IE), Artificial Intelligence (AI) and Natural Language 

Processing (NLP). The first AQA system was developed in 1959 and many AQA systems 

have been developed since then. BASEBALL[4], PROTOSYNTHEX[5], STUDENT[6], 

and ELIZA[7] are some of the earliest well-known AQA systems. This section discusses 

different types of AQA and related systems, studied as a part of the literature review, in 

alphabetic order. 

 

State-of-the-art AQA systems 

AllExperts[8]: Created in early 1998, AllExperts was a large-scale question answering 

service on the net. It was a website where one could seek advice from experts on almost 

any topic. After answering over two million questions, AllExperts.com was closed in 2017. 

This website had thousands of volunteers, including lawyers, doctors, engineers, and 

scientists, who answered users’ questions. 
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AMUSE[9]: AMUSE is the first multilingual Question Answering over Linked Data 

(QALD)[10] pipeline that creates a model from training data for mapping a natural 

language question into logical form as probabilistic inference. This approach maps 

universal syntactic dependency representations to a language-independent logical form 

based on Dependency-based Underspecified Discourse Representation Structures 

(DUDES)[11] that are then mapped to a SPARQL query as a deterministic step. SPARQL, 

the acronym for SPARQL Protocol and RDF Query Language, is a Resource Description 

Framework (RDF) query language that retrieves and manipulates data stored in RDF 

format[12]. RDF, on the other hand, is a standard model for data interchange on the web 

specified by W3C (World Wide Web)[13]. AMUSE AQA system maintains a database for 

semantic querying and was evaluated on the QALD-6 datasets for English, German and 

Spanish. 

Answerbag[14]: Answerbag, like AllExperts, was a website where people submitted 

questions and answers to user-submitted questions were provided by the contributors. This 

web service started in 2003 and closed on 15 December 2015. Question submissions varied 

widely, from the ordinary every-day questions to very specialized fields. 

Answer Bus[15]: Answer Bus Open-Domain QA system (ODQA)[16] accepts questions in 

several languages and is one of the first opened domain question answering systems. 

Answer Bus can use local data source or the World Wide Web (WWW) to extract answers. 

This feature allows them to deal with a large count of questions. Developed in 2002, this 

AQA system was designed to answer factoid questions. 

AQUA[17]: Developed in 2003, AQUA combines the natural language understanding 

technique, ontological knowledge, logical reasoning abilities, and advanced knowledge 

extraction techniques. Ontology is a department of metaphysics which relates to the being 

or essence of things[18]. A natural language reflects its own ontology[19]. The range of 

answers of this AQA system varies from confirmation yes/no answers, binary true/false 

questions, and factoid questions which could be answered with a word or a sentence. 
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AquaLog[20]: AquaLog takes queries expressed in natural language and an ontology as 

input, and returns answers drawn from one or more knowledge bases (KBs). Created in the 

early 2000s, it is an ontology-driven question answering system for organizational 

semantic intranets. AquaLog uses techniques to map natural language queries to semantic 

markup. 

ARANEA[21]: Aranea was introduced by the Massachusetts Institute of Technology 

(MIT) at the Text Retrieval Conference (TREC) Question Answering track in 2002. It is a 

factoid question answering system that extracts answers from the web using knowledge 

annotation and knowledge mining techniques. Knowledge annotation is an approach to 

answering frequently asked questions through semistructured and structured Web sources. 

Knowledge mining is a statistical approach that capitalizes on the amounts of freely 

available text data on the World Wide Web. 

Ask Jeeves/Ask.com[22]: Ask Jeeves is a question answering–focused e-business founded 

in 1996. It is an answer engine that fetches answers to the questions asked in natural 

language or by keyword searching; it basically supports math, dictionary and conversion 

questions. It was later renamed as Ask.com focusing on the search engine. In late 2010, the 

business returned to its root as a question answering site.  

Answers.com[14]: Answers.com is an Internet-based community knowledge exchange 

question-answering business. It is the primary product of the Answers Corporation 

(previously known as GuruNet), an Internet reference and Q&A company, founded by Bob 

Rosenschein, Mark Tebbe and Mort Meyerson in 1999. 

ASQA[23]: Academia Sinica Question Answering System (ASQA) answers six types of 

factoid questions: personal names, location names, organization names, artifacts, times, 

and numbers. ASQA architecture includes question processing, passage retrieval, answer 

extraction, and answer ranking.  

BASEBALL[4]: Baseball is a computer program that answers questions asked in natural 

language about baseball games. The program uses punched cards to read questions, and 
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dictionary to look up the words and idioms. The phrasal and syntactic structures are 

determined for content analysis and the information extraction is done by matching the 

specifications. A knowledgebase is used as an information source. 

Blurtit[14]: Blurtit is another question and answering service website found in 2006. 

People ask questions and a community of regular users provides answers to those questions 

based on their knowledge or opinions.  

CASIA[24]: Casia AQA system uses an approach for matching properties based on an 

expression database. This system chooses between all possible phrases and their 

interpretation using a Markov Logical Network[25]. 

CLEF[26]: In the CLEF (Conference and Labs of the Evaluation Forum) question 

answering (QA) track, the starting point is always a question asked in natural language. 

Answering questions need some combination of querying linked data, textual inferences 

and querying free-text. The track is divided into three tasks:  

1. QALD: focused on translating natural language questions into SPARQL  

2. Entrance exams: focused on answering questions (related to university entrance 

exams) to assess machine reading capabilities 

3. BioASQ: focused on large-scale semantic indexing and answering in the 

biomedical domain. 

CQA[27]: Community Question Answering (CQA) systems, such as Quora, Stackoverflow 

and Yahoo Answers, contain millions of open-ended questions and answers. The explosion 

of questions and answers in these systems allows for an ability to automatically match 

relevant questions to a new question and relevant answers among existing answers. 

Cqarc[28]: Cqarc is a Chinese question answering system for reading comprehension. 

Rule-based question answering system, Cquarc, uses heuristic rules to look for lexical and 

semantic clues in the question and the story. Testing this QA system on the Chinese 
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reading comprehension corpus (CRCC) found that Cqarc produced the correct sentence 

42% of the time. 

DeepQA[29]: Developed by International Business Machines (IBM) Corporation, the 

DeepQA architecture views the problem of an AQA system as a massively parallel 

hypothesis generation and evaluation task. It generates a wide range of possibilities, and 

for each possibility, it develops a level of confidence by gathering, analyzing and assessing 

evidence-based on available data.  

DIMAP-QA[30]: DIMAP-QA (DIctionary MAintenance Programs Question Answering) 

system utilizes a logical form of semantic relation triple technology in which documents 

are fully parsed and databases are built around discourse entities. This system is capable of 

handling lists and context type questions.  

ELIZA[7]: ELIZA is an early natural language processing computer program created in the 

1960s by the MIT Artificial Intelligence Laboratory to demonstrate the communication 

between humans and machines. Similar to a chatbot, ELIZA uses pattern matching and 

substitution methodologies to simulate conversations. DOCTOR is an example of a script 

used by the system for instructions for the program that simulates a psychotherapist and the 

rules to respond with non-directional questions to user inputs. 

Evi[31]: Evi answer engine generates all possible meanings of the words in the question to 

find the most likely meaning of the question. For this purpose, it utilizes its database of 

knowledge of discrete facts stored in a form that the computer can understand. It’s 

semantic search engine then attempts to produce an answer by matching the question from 

the database. 

FALCON[32]: FALCON is an answer engine that integrates different forms of syntactic, 

semantic and pragmatic knowledge to answer factoid questions asked by the users. The 

engine performs question reformulations, finds expected answer type from a large 

hierarchy and extracts answers from the matching candidate answers. 
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FAQ FINDER[33]: FAQ FINDER is a natural language question-answering system that 

uses the database to answer the frequently asked questions. It uses the semantic knowledge 

base, WORDNET[34], for its ability to match questions and answers.  

FREITAS14[35]: This work provides a natural language interface for questions and 

answers. Semantic indexing is used to support an increased level of vocabulary 

independency for queries over linked data or semantic web datasets. The Semantic Web is 

an extension of the World Wide Web specified by the World Wide Web Consortium 

standards[36]. This system uses a distributional-compositional semantics approach that 

focuses on the automatic construction of a semantic model based on the statistical 

distribution of co-occurring words in large-scale texts.  

FREya[10]: FREyA is a natural language interface that can be used to query ontologies in 

Resource Description Format/Web Ontology Language (RDF/OWL) format. OWL is part 

of the W3C’s Semantic Web technology stack, which includes RDF, RDFS, SPARQL, 

etc., designed to represent rich and complex knowledge about things, groups of things, and 

relations between things[37]. FREya maps a natural language query to SPARQL to execute 

against an RDF/OWL repository and return an answer. 

gAnswer[38]: gAnswer is a natural language AQA system developed by the Institute of 

Computer Science & Technology Data Management Lab, Peking University that uses a 

graphical structure of the knowledge base. The semantic disambiguation is done using a 

data-driven method by maintaining multiple plans for entities and predicate mappings.  

GINSENG[39]: Ginseng provides a quasi-natural language querying access to any OWL 

knowledge base and relies on a simple question grammar which gets dynamically extended 

by the structure of an ontology. The vocabulary is closed and can limit the user’s 

possibilities in general.  

GUS[40]: Genial Understander System (GUS) is the first of a series of experimental 

computer systems aimed at the research on natural language understanding. It is intended 
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to engage humans in an English dialog, within a very restricted domain of discourse, 

specifically in the tourism field. 

INSIGHT/ TextRoller [41]: Presented in 2001 in TREC-10, INSIGHT question answering 

system searched for pre-defined patterns of textual expressions for answers to certain types 

of factoid questions. Source documents are reduced by using the query terms or their 

substitutes and the answer candidates are created. 

INTUI3[42]: Intui3 system accepts as input a question formulated in natural language and 

uses syntactic and semantic information to construct its interpretation with respect to a 

given database of RDF triples. The interpretation is mapped to the corresponding SPARQL 

query, to retrieve the answers to the user’s question.  

IQAS[43]: Intelligent Questing Answering System (IQAS) aims to help students become 

better readers and to deliver concise information that contains answers to users’ factoid 

questions. This system utilizes the named entities present in the text sources to find 

answers to the questions. 

LASSO[44]: The LASSO system, developed by Southern Methodist University, relies on a 

combination of syntactic and semantic techniques, and lightweight inference to find 

answers. Paragraph indexing is used to search for the answer. 

LIFER[45]: LIFER was developed to answer questions about U.S. Navy ships. This system 

uses a semantic grammar with domain information. It also utilizes natural language 

databases and scripts to extract answers from the restrictive domain. 

LILOG[45]: LILOG QA system was developed in 1991. It is a text understanding system 

that focuses on the tourism domain, restricted to the information about a city in Germany. 

LODQA[46]: The Linked Open Data Question-Answering (LODQA) system focuses on 

natural language for search queries that are converted to SPARQL queries.  
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LUNAR[47]: Designed in 1971, an AQA system named LUNAR was developed to help 

geologists to easily access, compare and evaluate the data about the lunar rock and soil 

which was gathered during the Apollo mission. 

MASQUE[48]: This system uses logic representation to represents natural language 

questions. The logic query is translated to the database query which is used to retrieve the 

intended information from the Structured Query Language (SQL) database. 

Mulder[49]: MULDER is the first general-purpose, fully-automated question-answering 

system available on the web to answer factoid questions. It is based on a novel architecture 

that performs information retrieval using statistical natural language processing, lexical 

analysis, query formulation, answer extraction, and voting.  

MURAX[50]: A closed-class question is asked in natural language in MURAX, where the 

answer is typified by a noun phrase. The sentences from matching text shown to the user 

are selected to confirm phrase relations implied by the question. The natural language 

corpus is accessed via an information retrieval (IR) system from where the relevant text is 

analyzed. Noun phrase hypotheses are extracted, and new queries are independently made 

to confirm phrase relations for the various hypotheses. 

Naluri[51]: NaLURI uses a knowledge base as an information source instead of a large 

document collection. The questions handled by this question answering system are domain 

restricted in Cyberlaw.  

NLIDB[52]: Natural Language Interfaces to Data Bases (NLIDB) are systems that translate 

a natural language sentence into a database query. Natural language processing using 

NLIDB systems are composed of linguistic processing and database processing. 

NSIR[53]: NSIR is a web-based question answering system development by the University 

of Michigan. It utilizes web search engines to retrieve related documents from the web. It 

then processes the top-ranked documents and extracts a number of potential answers. The 

ranking is based on techniques such as proximity algorithms and probabilistic methods. 
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NTCIR[54]: Question Answering Challenge (QAC) is a part of the NII Testbeds and 

Community for Information access Research (NTCIR) project. QAC is intended to 

encourage the development of practical QA systems in a general domain and facilitate 

research on user interaction and information extraction.  

ORAKEL[55]: ORAKEL is an interface that translates natural language factual (wh-

questions) questions into frame logic (F-logic) or SPARQL using a syntactic parser based 

on lexicalized tree adjoining grammar which includes ontology information. It requires 

declarative descriptions in Prolog[56] that specify translation of the logical form to the 

target language. ORAKEL has been evaluated with 454 questions related to Germany 

geography. 

PANTO[57]: Portable nAtural laNguage inTerface to Ontologies (PANTO) takes the 

natural language queries as input and outputs the corresponding SPARQL queries.  

PHLIQAI[58]: Developed by Philips Research Laboratories, the PHLIQAI system 

distinguishes different levels of semantic representation to bridge the gap between English 

words and databases. It contains modules that translate from one level to another, as well 

as modules that simplify expressions within a single level. 

PLANES[59]: Like the other early AQA systems such as SYNTHEX and LIFER, 

PLANES AQA system aims to achieve the same objective of getting an answer for a 

question asked in natural language. The knowledgebase contains information about planes 

which facilitates the system to answer users' questions. 

PowerAqua[60]: PowerAqua AQA system is a multi-ontology-based system, which takes 

as input questions in natural language and returns answers drawn from relevant distributed 

resources on the Semantic Web. PowerAqua evolved from the AquaLog system to support 

question-answering in the open domain of the semantic web. 
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PRECISE[61]: PRECISE uses methods to identify classes of questions and to translate it to 

the corresponding database query. Given a semantically tractable question, PRECISE 

outputs the corresponding SQL query. 

PROTOSYNTHEX[5]: Developed in 1963, the PROTOSYNTHEX QA system allows 

users to ask questions in English. It maps the input query to its database and accepts 

quotations as queries to the database. 

Pythia[62][63]: Pythia is an ontology-based question answering system that constructs the 

meaning representations using a vocabulary of a given ontology. It relies on a deep 

linguistic analysis to allow the construction of formal queries for complex natural language 

questions. 

QACID[64]: QACID question answering system relies on an ontology, a collection of user 

queries, and an entailment engine that associates new queries to a cluster of existing 

queries. Answers are then mapped to the associated cluster.  

QAKIS[65]: QAKIS is an open-domain question answering system over linked data that 

addresses the problem of question interpretation as a relation-based match, using relational 

textual patterns automatically collected. RDF data sets are queried using a natural 

language. 

QA-LaSIE[66]: QA-LaSIE system was developed to discover answers to factoid questions 

posed in natural language against large text collections. The question was passed to the 

information retrieval (IR) system for passage retrieval. Top-ranked passages were passed to 

the information extraction (IE) system. Syntactic and semantic analysis to identify the 

desired entity were performed. The answer was chosen from the top-scoring answers. 

QALC[67]: The QALC system (the Question-Answering program of the Language and 

Cognition group at LIMSI-CNRS) uses named entities to answer the factoid questions. 

Wordnet semantic database was used when the answer type is not a named entity.  
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QASYO[68]: A Question Answering System for YAGO Ontology (QASYO) is a sentence 

level question-answering system that accepts queries expressed in natural language and 

YAGO ontology as inputs and provides answers via semantic analysis of questions using 

keywords used in the retrieval queries.  

QRISTAL[69]: Question Answering Integrating Natural Language Processing Techniques 

(QRISTAL) is a cross-lingual AQA system that makes use of natural language processing 

tools, such as syntactic analysis, semantic disambiguation, named entities extraction, and 

domain recognition, for indexing documents and extracting answers. The system provides 

answers to factoid questions based on syntactic and semantic analysis. 

QUALM[70]: QUALM is a computer program is used to understand the nature of the 

questions and classify them and is intended to describe general question answering as a 

verbal communication device between people. QUALM is limited to the application of 

answering questions about stories. 

QUARC[71]: QUARC AQA system has the ability to classify questions into different 

types and use lexical and semantic clues to derive their expected answers. A rule-based 

system, Quarc, can read a story and find a sentence that best answers a given question. 

Rextor[72]: The Rextor (Relations EXtracTOR) is a document content analysis system 

designed to combine natural language information retrieval techniques. The system 

provides two separate grammars to extract arbitrary entities from documents, and for 

building relations from the extracted items. 

SAM[73]: Developed in the early 1970s, SAM was developed as one of the first automatic 

question answering systems that answered factoid questions asked in a natural language. 

SCHOLAR QA[45]: SCHOLAR QA system developed in 1973 uses plausible inferences 

to answer factoid questions from users. This system has methods embedded to store 

lessons learned. 
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SCISOR[74]: Developed in 1990, the SCISOR aimed at answering users’ factoid questions 

using text extraction and information retrieval methods. It also utilized natural language 

processing, knowledge representation, and information retrieval techniques as well as 

lexical analysis and word-based text searches. 

SenseBot[75]: SenseBot (www.sensebot.com) is a semantic search engine that delivers a 

text summary in response to a search query instead of a collection of links to web pages. It 

attempts to understand the result pages, using text mining to parse webpages and identify 

their key concepts, and then perform multi-document summarization of content to produce 

a coherent summary. 

SHRDLU[76]: SHRDLU is a program for natural language understanding, developed by 

the MIT Artificial Intelligence Laboratory in the late 1960s. SHRDLU offered the ability 

to ask the robot questions about the state of the world. 

Sindice[77]: Sindice.com provides an advanced Application Programming Interface (API) 

to query RDF, RDFa, Microformats, and Microdata found on the web sites and answer 

users’ questions. 

SiteQ[6]: SiteQ AQA system uses the density-based information extraction method to 

retrieve related passages first and then perform information extraction to extract the exact 

answers to users’ factoid questions. 

SPARQL2NL[78]: SPARQL2NL is a generic approach that allows converting SPARQL 

queries into natural language. SPARQL2NL can generate complete and easily 

understandable natural language descriptions as well as the content of the SPARQL 

queries. 

SQUALL[79]: SQUALL defines controlled, English-based, vocabulary that is enhanced 

with knowledge from a given RDF triple store. It covers a middle ground between 

SPARQL and full-fledged Semantic Question Answering (SQA). As a result, learning the 
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grammatical structure of this proposed language is easier for a nonexpert than to learn 

SPARQL. 

START[80]: The SynTactic Analysis using Reversible Transformation (START) natural 

language system understands and answers questions that are stored in a knowledge base. 

The system parses incoming questions, matches the queries created from the parse trees 

against its knowledge base and presents the appropriate information segments to the user. 

Statistical QA[81]: IBM’s statistical QA system is based on a statistical model. This 

system utilizes the maximum entropy model for questions and answers classification. The 

model is based on various N-gram or bag of word features and answers factoid questions. 

STUDENT QA[6]: STUDENT QA system was developed in 1964 that can read and solve 

the kind of word problems found in high school algebra books. This system is often known 

as one of the early accomplishments of Artificial Intelligence (AI) in natural language 

processing. 

SWIP[82]: The Semantic Web Interface using Patterns (SWIP) system aims at 

automatically generating formal queries from user queries expressed in natural language. 

SWIP relies on the use of query patterns that enable the task of interpreting these queries in 

natural language.  

Swoogle[79]: Swoogle AQA system builds its own index and knowledgebase using RDF 

documents found by multiple web crawlers. The system is designed to find single terms for 

answers to users’ questions. 

SYNTHEX[83]: SYNTHEX along QA system was developed in the early 1960s that 

allows a user to ask a question in English, as input to its database and accepts quotations as 

a query to the database. 

TBSL[84]: The TBSL approach to question answering over RDF data relies on the parsing 

of the question to produce a SPARQL template. The template directly mirrors the internal 
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structure of the semantics. This process then instantiates the mapping of the occurring 

natural language expressions to the domain vocabulary. 

TREC[85]: The Text REtrieval Conference (TREC) is an ongoing series of workshops 

focusing on supporting and encouraging research within the information retrieval (IR) 

research areas. It is co-sponsored by the National Institute of Standards and Technology 

(NIST) and the Intelligence Advanced Research Projects Activity. TREC began in 1992 as 

part of the TIPSTER Text program[86]. One of its research areas or tracks is Question 

Answering Track, whose goal is to achieve more information retrieval than just document 

retrieval and to answer factoid, list, and definition-style questions. 

TRIPSYS (HWIM)[87]: TRIPSYS is a system developed as a research project in 

continuous speech understanding and is part of a program called HWIM (an acronym for 

“Hear What I Mean”). TRIPSYS understands and answers questions about the tourism 

domain. TRIPSYS also permits some natural language entry of information into its 

database.  

UIQA[88]: The main task in the UIQA system is to answer repeated questions, similar to 

frequently asked questions (FAQ) answer processing. Repeated questions generalize a 

class of questions with similar sentence structure and relevant semantics.  

Webclopedia[89]: Webclopedia is an AQA system that uses a classification of questions, 

uses a robust syntactic-semantic parser to perform the analysis, and contains a matcher that 

combines information to identify answer passages. Webclopedia integrates IR and NLP 

components and uses both symbolic and statistical techniques. 

Webcoop[90]: WEBCOOP is an AQA system that provides intelligent cooperative 

responses to web queries. This system requires the integration of knowledge representation 

and the use of advanced reasoning procedures. The project was developed in a relatively 

limited domain, specifically tourism. 
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WebQA[91]: Web-based question answering (WebQA) system is based on named entities 

recognition and conceptual and thematic analysis. WebQA uses template mapping 

techniques to detect the type of question. The content blocks extracted from relevant pages 

are detected using a projection technique and clustered based on similarity. The answer 

cluster is then detected using the redundancy property of the answers. 

WolframAlpha[92]: Wolfram|Alpha (also known as WolframAlpha or Wolfram Alpha) is a 

computational knowledge/answer engine developed by Wolfram Alpha LLC, a subsidiary 

of Wolfram Research. It is an online service that answers fact-based queries directly by 

computing the answer from externally sourced data. For factoid question answering, it is 

also queried by Apple's Siri, Amazon Alexa, Samsung's S Voice, Dexetra's Iris, and the 

voice control software on BlackBerry 10. 

Xser[93]: The Xser system produces a Directed Acyclic Graph (DAG)[94] from the 

question with phrases labeled as a resource, relation, type or variable, by using a structured 

perceptron. The system then maps the discovered entities to the ones in a given knowledge 

base by using a Naïve Bayes approach.  

 

Review summary 

The question answering (QA) systems or the automatic question answering (AQA) systems 

have been evolving since the late 1960s. Below are a few notes from this review: 

1. Most of the QA systems are focused on answering fact-based or factoid questions. 

2. Many QA systems are domain-oriented. The domains mainly included tourism, 

healthcare, cybersecurity, sports, and science. 

3. Some QA systems require database and mapping mechanisms to convert the 

natural language to the query the databases would recognize. 
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4. Many other QA systems have maintained the knowledge bases or repository of the 

questions and answers to select from. 

5. Most commercial QA systems are found to be community-based. In such systems, 

users enter questions and a group of experts in the fields answers those questions. 

6. Some open-domain QA systems relied on the semantic web for the information 

source. The semantic web is an extension of the World Wide Web (WWW) and is 

a collection of linked data in a specific format. 

7. Most QA systems have rule-based or some pattern-based information gathering 

schemes. 

This observation opened up an opportunity to develop a system that 

1. Is truly open domain 

2. Accepts almost any kind of questions 

3. Operates on freely available texts in WWW 

4. Does not need a local database of repository 

5. Has advanced information extraction methods 

6. Answers the question in natural language 

A system has been developed to address all of these concerns and is now a new state-of-

the-art QA system. The methodology of system development is discussed in the following 

chapter. 
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Chapter 3: 

Research Methodology 

An automatic question answering (AQA) system allows users to automatically enter 

questions in natural language. The question is passed on to the search engine selection. 

Depending on the type of question asked, a search engine is selected. The search engine 

then returns the results in the form of links and documents. A manageable set of documents 

is selected from among those links and documents to extract the information the user is 

looking for. Answers are searched from those documents and advanced techniques are 

utilized to return only one per technique. If there are conflicts in the answers, which 

usually may happen in case of the subjective type questions, advanced reconciliation 

techniques have been utilized in the system developed for this research work. Finally, an 

answer is returned in natural language. This whole process is described in this section in 

detail. 

 

Questions Answering System Architecture 

The diagram in Figure 2 depicts the high-level architecture of the AQA system developed 

for this research work, which starts at the question module and ends at the answer module. 

It provides enhancements to each of the phases of a typical AQA architecture. This work 

also utilizes systems engineering lifecycle models and follows systems engineering 

principles. By following systems engineering methods, the system becomes a unique 

question answering system as well as a very reliable engineered system. Different 

components in this system work in cooperation to make a useful product.  
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Figure 2 - Question Answering System Architecture 
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Question module 

The question module is the first module of the question answering system. Questions are 

entered into the system in natural language. Once the question is entered, it is 

automatically classified as one of the six types as shown in Figure 3.  

Question words are searched for the clue to perform the question classification. For 

example, if “what” is found, it is reviewed for multiple question classification types. It can 

be a complex or a factoid or a definition question. This search is typically conducted using 

tokenization or a simple string search. Tokenization is one of the basic functions of natural 

language processing which performs the task of dividing a document unit into pieces, 

called tokens. A token is a useful semantic unit for processing such as lemmatization, 

stemming and so on.  

Classifying questions is rather a simple process. The tokens in the question are analyzed 

and the question is classified based on the question words found. Figure 4 shows the 

process flow for classifying questions. It involves word tokenization and finding the 

correct question word(s) for classification. 

 

Question classification 

Factoid questions 

Answers for factoid questions are generally short spanning from a phrase to a sentence. A 

“what” question can be a factoid question if the expected answer is an entity or definition. 

A “who” question is typically a factoid question. The answer to this could be a person, or 

an organization or a group of people. 

1. Who is the President of the Florida Institute of Technology? 

2. Who is the Prime Minister of the United Kindom? 
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3. Who ordered a nuclear war during World War II? 

“When” is also another factoid question. An expected answer is an event or a date or some 

sort of timeline. For example: 

1. When does the Sunrise happen on the east coast? 

2. When did the British leave the United States? 

3. When is Dorian expected to make landfall? 

“Where” is also a factoid question that may search for a geo-political entity or a facility as 

an answer. For example: 

1. Where is the best place to live in? 

2. Where is the capital of the United States? 

3. Where is the Florida Tech located? 

 

Confirmation questions 

These questions are named after the questions that require confirmation of some 

statements. The answer to a confirmation question is usually a “yes” or a “no”. As simple it 

may sound, these questions require complex procedures to produce the final 

results/answers. Some general knowledge, inference mechanism, and common-sense 

reasoning are required. While there may be ample information about a topic, determining 

that the original statement is correct or incorrect is not an easy task.  

Many confirmation questions even involve subjectivity. For example, search for an answer 

to the question “Is travel faster than light possible?” might reach the articles of authors that 

may have different opinions. Some might think it is possible and some might think it is not 

possible to travel faster than light. And since this question is highly subjective, it is 
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possible to have half of all the articles that state it is possible while the remaining half 

might think it is not. A reliable reconciliation technique is required in case of such 

conflicts. The system developed for this research has a module in place that will reconcile 

such answers to provide a single answer to the user.  

 

List questions 

List type questions require a list of entities and facts as answers. The entities can range 

from persons, organizations, facilities, dates and timelines, geopolitical entities, groups of 

people, numbers, quantities, and so on. The answers can be a simple unordered list or an 

entire table. some examples of list type questions are as follows: 

1. What are the counties of Florida? 

2. List the countries by population. 

3. List the presidents of the Florida Institute of Technology. 

4. Name the Astronauts who went to the moon. 

 

Descriptive questions 

Descriptive questions generally start with why and how. The answers are quite elaborative. 

The statements with reasons and explanations are typically the answers. The answers span 

from a single sentence to a paragraph or even documents. Some examples are as follows: 

1. Why is sky blue? 

2. How to install a smoke alarm? 

3. Why does the earth revolve around the sun? 
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4. How did French across the English Channel? 

 

Hypothetical questions 

These questions are related to some hypothetical events or matters. The answers could be 

highly opinionated or subjective. The answers are not very accurate however subjectivity 

makes the answer searching relatively more difficult than finding an answer to a factoid 

question. The questions generally start with texts such as “What would happen if ..” or 

“What would have happened if .”. Some examples are as follows: 

1. What would have happened if the British had not left America? 

2. What would happen if the sun does not set in the evening? 

3. What would you do if you were a lion? 

 

Complex questions 

The last category of the questions for the purpose of this research work is the complex 

questions. As the name suggests, complex procedures are required to answer these 

questions. Some general knowledge and inference mechanism are needed as well. 

Synthesis of information among sentences or paragraphs or documents may be needed to 

get the final answer. Some examples are below: 

1. How are the snowflakes formed? 

2. How do volcanoes happen? 

3. Why is Florida so vulnerable to hurricanes? 
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happen if..)

Complex (what are the 
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Figure 3: Question Categories 
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Enter question

Tokenize the question

Look for question words

Classify the question

 

Figure 4: Question Classification Process 

 

Questions spanning multiple categories 

For the purpose of this research work, the two major questions that can fall under multiple 

categories are: “what” and “how”. Although some “why” questions can be classified under 

descriptive as well as complex, the distinction for this question is not very clear. 
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“What” questions 

What questions are special kinds of questions dealt with in this work as they fall under 

many categories. The classifications of the questions with “what” keyword are given in 

Figure 5. Four of such categories are as follows: 

1. Factoid: This type of question has an answer in a short phrase or a single sentence, 

usually as a fact or an entity. For example, “What is the population of Florida?” 

2. Complex: This type of question often requires complex procedures to produce an 

answer. Inference mechanisms and synthesis of information from multiple 

sentences, paragraphs or documents may be required. For example, “What are the 

causes of air pollution?” 

3. List: The list questions require a list of entities and facts as answers. The answers 

may span from a simple unordered list to an entire table. For example, “What are 

the counties of Georgia?” or “What are the top five countries with the highest 

population?” 

4. Hypothetical: These questions deal with hypothetical events. The accuracy of the 

answers is generally low. Since many hypothetical answers are opinions, 

subjectivity processing is often required for these types of questions. For example, 

“What would have happened if dinosaurs had not gone extinct?” 
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Figure 5: "What" question classification 

 

“How” questions 

How questions are another type of questions that fall under multiple question categories, 

specifically factoid, descriptive, and complex. The process flow in Figure 6 shows the 

classification with “how” questions. 
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1. Factoid how questions: These how questions produce answers with facts or 

entities. The entities usually are the numbers, quantities, timeline, etc. For 

example: 

a. How many fingers does a monkey’s hand have? 

b. How long does earth take to revolve around the sun? 

c. How tall is a palm tree on average? 

2. Descriptive how questions: These questions generally are explanatory in nature. 

These may involve reasoning and elaborations about a topic. Some “how” 

questions describe procedures of performing an action. For example: 

a. How do you replace the tires? 

b. How to speak in front of a big audience? 

3. Complex how questions: These questions often require synthesis of information 

from multiple sentences, paragraphs or documents. Common sense reasoning and 

inference mechanisms are required to answer these types of questions. A single 

sentence is often not enough to provide an answer. Some examples of such 

questions are: 

a. How do volcanoes form? 

b. How does an ecosystem work? 
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Tokenize a question
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Figure 6: "How" question classification 
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Search Engine Selection 

This is another phase of the automatic question answering (AQA) system architecture. 

Normally, a search engine is selected in order to search for the information required by the 

question. A search engine is a software system that is designed to carry out the web search 

or to search the World Wide Web (WWW) in a systematic way for particular information 

specified typically in a textual search query. 

To retrieve information automatically from WWW, a search engine had to be selected. 

With a few observations among the three most popular search engines in the USA, it was 

found out that different search engines returned different results[2]. For selection purposes, 

the market share of the search engines was observed. While Google dominated the market 

share, Bing and Yahoo with the second and third most used Search engines in the United 

States respectively[95].  

For the same question, Google returned a certain number of links, while Bing and Yahoo 

returned different numbers of links. It is also noted that Google returns more results for one 

subject while Bing returns more results for another subject. This same behavior is observed 

for Yahoo as well[96]. Since each of them specialized in different subject areas, a decision 

was made to include all of them in the system. Based on the topic of the question, a search 

engine would be selected automatically.  

Since search engines were not the main focus of this research, it was decided to include a 

simple mechanism to automatically select our search engine. Figure 7 shows the process of 

the selection of the search engine. 
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Yes Yes

 

Figure 7: Search engine selection mechanism 

 

It is to be noted that in the fields of psychology, marriage, culture or tradition, Yahoo may 

not necessarily produce more or better results than others. On the same note, Bing may not 

necessarily return more or better results than other search engines in the areas of fiction, 

games or sports. These areas were selected for only one purpose: to facilitate an automatic 

selection of search engines based on a question asked. 

There are two major advantages of having this feature: 
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1. While many AQA systems deploy only one search engine for their information 

extraction, having an option to select from multiple search engines is an 

enhancement for this process.  

2. Some fields such as tourism utilize a metasearch engine concept. A metasearch 

engine may look like a single search engine but that metasearch engine may be 

powered by multiple search engines in the background. While this may add to the 

number of results returned, users do not have the freedom to select the search 

engine of their choice. 

 

Information Retrieval 

After receiving the links from the search engine results, it is necessary to gather 

information to search for an answer. The process for gathering information for one type of 

question may be different from the process of gathering information for another type of 

question. For example, a factoid question looks for an entity or a short fact related answer 

while a descriptive question may look for an elaboration of some topic. 

Figure 8 shows the process of gathering the sentences from the webpages of the links 

returned by the search results. Getting all the sentences is a crucial process of an AQA 

system as the answers would be located at one or more of these sentences. 
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Figure 8: Retrieving texts from search results 
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Getting links from the search results 

Since search results numbers are often huge, processing all of the results is not practical as 

it would require great processing power, huge storage unit and would take a huge amount 

of time. Thus, retrieving a manageable amount of data is desirable.  

A study showed that a human user would select only the first few results from the search 

engine, regardless of the total number of results returned [3]. For this work, a number of 

results had to be selected and the following considerations were made for that purpose: 

1. Some webpages from the links returned are not textual. These could be videos or 

pictures. 

2. Some links do not allow automatic retrieval of texts from those pages. Some 

companies have Information Technology (IT) policy to check whether the request 

came from a human or a software program and they would decline access if the 

request is from a software.  

3. Some links, usually from the news organizations, do not allow more than a certain 

number of navigations for a certain period of time. 

4. Some links would require a user to log in to get to the content. 

5. Some links were actually dead but they appeared in the search results because the 

search engines had them in their database previously. 

6. The processed links should have enough information to get the answer to the given 

question. 

With some experiments, it was decided that the system would retrieve three pages of 

search results. This is equivalent to the first thirty search results, approximately. This 

number although seemed high as compared to the number of results humans would select 

but the system was capable of processing these many results in near real-time and this 

number almost always guaranteed the discovery of the answers.   
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The links are saved to a local drive. These links are then retrieved by the system as an input 

to the remaining process of information extraction. 

 

Downloading the webpage contents 

The step after getting the links was to actually download the contents of the webpages from 

those links and save to the local drive so the texts can be processed to retrieve the 

answer(s). However, downloading was not as easy as it may sound. There were a few 

things to consider to be able to download the texts from the retrieved webpages: 

1. Some webpages rejected the automatic retrieval of information and thus the system 

would crash. A mechanism to skip those types of webpages had to be installed in 

the system. 

2. Some webpages contained no texts. These may have some pictures or videos. 

These needed to be skipped. 

3. Some webpages only had extraneous information. This may be some technical 

information on/about the webpage itself and did not contribute to answering the 

questions. Usually, the dynamically updated webpages with web programming 

scripts had this problem. These webpages needed to be skipped as well. 

4. Some webpages were not found. The links were returned because of their presence 

in the search engine database. But these were actually dead. These needed to be 

skipped as well. 

 

Getting sentences 

All of the texts from downloaded webpages need to be converted to sentences for 

processing. The answers will basically be in one or more of those sentences. Figure 9 
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shows the process of retrieving sentences from the text stream received from the 

downloaded webpages. 

Most of the webpages with errors and non-text contents are skipped in the previous step. 

However, all the webpages need to be converted to the text streams. Some texts may 

contain extraneous information such as “The requested URL was not found” or similar 

messages; these need to be discarded and not be counted among the sentences to be 

processed. 

When reading line by line, the new line characters may split some sentences into halves. 

Thus, in order not to make this happen, all the new line characters are converted to the 

spaces. This way, when the sentence tokenization happens, full sentences are retrieved. 

Sentence tokenization is a natural language processing (NLP) technique that produces 

individual sentences from a text. These sentences can then be analyzed for further NLP 

tasks. 

Some sentences may contain actual questions and these sentences are identified with the 

question mark (“?”) characters. These sentences do not contribute to the answers that the 

user is looking for. And thus these sentences need to be discarded as well. 

The sentences obtained in this step will be analyzed further to search for answers to the 

question asked. This analysis differs from one type of question to another. The remaining 

part of this section describes this process in detail. 
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Figure 9: Sentence retrieval 

 

Information retrieval for factoid question 

For a factoid question, the system exclusively looks for entities or facts for answers. The 

entity types are identified during the question classification phase. Table 1 shows the 
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entities and the factoid question words used in the system developed for this work. The 

entities recognized in the sentences are searched to obtain the answers to the question. 

For example, for the question “Who is the prime minister of Canada?”, the system will 

look for the entity type person. “Justin Trudeau” is a named entity of a person type and if 

found by the system, the sentences containing it will be considered for further analysis.  

 

Table 1: Entities for factoid question 

Entity type Factoid question 

Person (people) who 

Norp (Nationalities/religious/political groups) who 

Facility (Buildings, airports, highways, bridges, etc.) where 

Organizations (companies, agencies, institutions, etc.) who/where 

Geo-political entity (countries, cities, states) where 

Location (non-geo-political entity locations, mountain ranges, 

bodies of water) 

where 

Product (objects, vehicles, foods, etc.) what/which 

Event (named hurricanes, battles, wars, sports events, etc.) when/what/which 

Date/period/time when 

Percent (%) what/how much 
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Money (monetary values, including unit) what/how much 

Quantity (measurements of weight or distance) how much/how far/how 

tall etc. 

Ordinal (first, second, etc.) which 

 

Now that the information sources have been narrowed down to the sentences with intended 

entity types, the system then reviews the question for what it is asking. For the question 

“Who is the prime minister of Canada”, the words after “who” are observed. Here they are 

“is the prime minister of Canada”. The system then checks for the entity type and the root 

words of the remaining sentence after the “who” question word. This allows users to query 

any inflectional form of words/sentences and get relevant results. Getting the root or base 

words in natural language processing (NLP) is normally taken care of by the techniques 

called stemming and lemmatization[97]. In addition, optionally, “stop words” from the 

question are removed. Stop words are generally the most common words in a language that 

generally do not have any contribution to the meaning of the sentence(s). Some examples 

of the stop words in English are ‘the’, ‘at’, ‘on’, etc. 

The goal of stemming or lemmatization is to reduce inflectional forms and sometimes 

derivationally related forms of a word to a common base form. While stemming usually is 

a crude heuristic process that cuts off the ends of words in the hope of achieving the goal 

of getting the base/root word, and often includes the removal of derivational affixes, 

lemmatization usually is doing things properly with the use of vocabulary and 

morphological analysis of words, normally aiming to remove inflectional endings only and 

to return the base or dictionary form of a word called lemma.  

So, for the purpose of this research work, lemmatization was selected since stemming 

techniques use the mere practice of stripping of the prefixes and suffixes that have been 

added to a word’s form while lemmatization requires words to be categorized by a part of 
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speech as well as by inflected form. More detail on the lemmatization and stemming is 

mentioned in the appendix section Basic NLP techniques on page 102. 

Now that the lemmatization is selected, the question and all the sentences are lemmatized. 

The lemmas now formed are easier to observe and evaluate. The retrieved lemmatized 

sentences that have the identified entities and the lemmatized form of the question after the 

question word(s) are now marked as potential answers.  

For factoid questions, getting the entities, lemmas for the question and retrieved sentences 

is very crucial. Figure 10 shows the high-level process of getting potential answers for the 

factoid questions. 
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Yes

 

Figure 10: Potential answers for factoid questions 
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Information retrieval for “why” question 

The questions starting with “why” question words generally are descriptive or complex in 

nature. Both of these categories require an elaborative answer, often requiring the inference 

mechanisms. While descriptive questions have reasoning and procedural aspects, complex 

questions might require the synthesis of information among sentences or paragraphs or 

documents. 

While some of the procedures look similar to the factoid Information retrieval, Figure 11 

shows a general process flow for answering a “why” question encompassing both the 

descriptive and complex questions answering. 

Entities are not the focus of this type of question but the lemmas of the question text are 

very important. The sentences containing all the lemmas of the question after the question 

word need to be present for the processing. Finding the lemmas of the words, such as 

“because”, “that’s why”, “so”, “to” and so on is required that indicate some reasoning that 

a “why” question would look for. It is noted that many reasoning and elaborations can not 

be found in a single sentence. And thus the analysis is done on two sentences if they are 

not present in the same sentence.   

Thus if a sentence has all the lemmas of the question and the lemmas of words indicating 

the reasonings, specifically “because”, “so”, “to” or “that’s why”, then that sentence is 

marked as an answer candidate. If a sentence has the lemmas of the question but not the 

lemmas of the words indicating reasonings, the immediately following sentence is 

analyzed. If the following sentence has the words indicting reasonings, then both of these 

sentences are concatenated and considered as the potential answer. 

This procedure handles both the descriptive and complex questions starting with a “why” 

question word. For the synthesis of information, two sentences are used for this research 

work. 
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Figure 11: Potential answers for "why" questions 
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Information retrieval for hypothetical questions 

The implementation of hypothetical questions is similar to the “why” questions with some 

minor differences. While all the lemmas from the question after the phrases “what would 

happen if” or “what would have happened if” need to be present in the lemmas of the 

sentences to be further processed, a candidate sentence needs to have the lemmas 

indicating the hypothetical statements, such as “would”, “could”, “might have” and so on 

as well. Figure 12 shows a high-level process flow in answering a hypothetical question. 

Confirmation of all the lemmas in question (after the question phrases: “what would 

happen if” or “what would have happened if”) is required in order for a sentence to be 

considered for further processing. If that sentence also has the words indicating 

hypothetical sentences, then that sentence is considered to be the candidate answer. If that 

sentence does not have the hypothetical statement words but the immediately following 

sentence has them, then the two sentences are concatenated with each other and 

collectively considered a candidate answer.  

Since hypothetical events are not facts, the information sources are someone’s opinions. 

And thus the accuracy is not a relevant key performance indicator for these types of 

questions.  
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Figure 12: Potential answers for hypothetical questions 
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Information retrieval for complex questions 

Apart from some “why” questions for complex questions, some “what” questions looking 

for reasons, factors or causes can be classified as complex questions. For example, “what 

are the causes of air pollution?”. Some “how” questions can also fall under this category, 

for example, “how does eco-system work?”. 

These questions may or may not be answered in a single sentence so a synthesis may be 

required to get an answer. For the purpose of this research work, up to two consecutive 

sentences are considered for candidate answers. Figure 13 shows a high-level process flow 

for this category of question answering. 
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Figure 13: Potential answers to complex questions 
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Information retrieval for confirmation questions 

Confirmation questions are answered with yes or no forms. Since the answers are not 

directly a sentence or a concatenation of two the retrieved sentences, these questions 

require an inference mechanism and thus it is a complex process. Figure 14 shows a high-

level process flow for a confirmation question answering. 

Confirmation questions answering is not as straightforward as other questions answering, 

especially when subjectivity is involved. Sentiment analysis is required where the opinions 

of the author have to be analyzed. 

First of all, the question and the sentences need to be lemmatized. Now like in other 

category question answering, it is preferred to have all the lemmas in question in the 

retrieved sentence. However, all of these lemmas were not often found in the sentences 

during several experiments. So, 75% was chosen so there were not too few or too many 

sentences to process. This means if the sentence has 75% or more of the question lemmas, 

then that sentence is chosen for further processing. 

Following the lemma evaluation, sentiment analysis is performed to determine the opinion 

of the author on a particular subject[98]. Sentiment polarity score is generated for the 

sentiment analysis, ranging from -1 to +1, with +1 polarity meaning the author is totally 

positive about the topic and -1 polarity means the author is totally negative about the topic. 

Polarity score near 0 means the author is relatively neutral about the topic. Similar 

polarities with two subjects indicate a relatively similar opinion on those subjects. 

Again, in the polarity scoring case, multiple experiments were performed before a decision 

of 0.3 polarity difference was made. What this means is if the processed sentence (with at 

least 75% of the lemmas in question) is 0.3 or less polarity score apart, then the answer is 

determined to be a “yes”, otherwise it is a “no”. 

It should be noted that although these heuristic numbers were chosen for the purpose of 

this research, users have the option to change these parameters based on the topic selected 

and information sources used. 
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Information retrieval for list questions 

List questions have a list of facts or entities as answers. The answer can be very extensive, 

ranging from an unordered list to a bullet points list to an entire table. It was also found 

during this study that there was no pre-defined way to represent lists on the web. Thus it 

was decided that instead of searching on the whole Internet, a specific domain would be 

selected for the list type question. 

In order to find such domain, there were two criteria that needed to be met: 

1. The domain had to be one of the most popular domains in the world. 

2. The information source (the content of the domain repository) should be relatively 

big. 

With this, Wikipedia seemed to be a perfect solution for an information source. At the time 

of the system implementation, Wikipedia was among the top 10 websites ranked by 

Alexa[99]. Wikipedia is also a huge repository of information. 

The procedure for getting a list question’s answer is as follows: 

1. Search Wikipedia for the question – instead of a legacy search engine. 

2. If found,  

a. Return the URL of the webpage 

b. Return the content of the page – this includes the list searched for. 
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Figure 14: Potential answers for confirmation questions 
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Information retrieval for a “how-to” procedural descriptive questions 

The procedural “how-to” questions are very elaborative and require explanation. The 

answer can be quite extensive as in the list type questions. And thus, it was decided to use 

a video search engine; the video(s) from the search engine would have the procedures laid 

out well with clear instructions.  

Again the two criteria needed to be met: 

1. The video search engine should be one of the most popular websites 

2. The information from the search engine should be good enough for clear 

instructions to a layperson. 

YouTube was selected as the information source as it was among Alexa’s top five ranked 

websites[100]. The procedure of this type of question answering is as follows: 

1. Form a URL with YouTube query for the question 

2. Request the URL 

3. Parse the URL and get the following: 

a. “href” content. This content has the hyperlink reference to the content 

location 

b. “title” content. This content has the title of the video answer(s) 

4. Return the YouTube URL combined with the “href” content from the step 3.a. 

5. Select the top URL from the list generated from step 4. 
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Answer Extraction 

We have almost everything by now. We have a question, question category, search engine 

selection, links from the search, searched sentences, and potential answers. But we also 

have a computer program that does not know the exact answer, in fact, it does not know 

any of the answers. A computer is a machine that only follows some given instructions to 

do stuff. However, an answer to a question has to be selected and that is the only goal of 

any question answering system. 

There are no tags, no hints and no expertise in any field the question is from. There are just 

a bunch of candidate answers to select an answer from. This is where machine learning 

comes to aid. Machine learning is a field of the scientific study of algorithms and statistical 

models that gives computers the capacity to learn without being explicitly 

programmed[101]. However, in order to perform machine learning in the text, the text 

needs to be converted into vector representations so numeric machine learning can be 

applied. This process is called feature extraction or, vectorization, and is one of the major 

first steps toward language-aware analysis[102]. 

Vectorization can be performed on a word or a sentence or a paragraph or a whole 

document but the vectors are of uniform length regardless of the size of the text unit. Each 

property of the vector representation is a feature and the features of a document describe a 

multidimensional feature space on which machine learning methods can be applied[102].  

Now, with the vectorization, language is now a high dimensional semantic space, instead 

of a sequence of words. Points in the semantic space can be close together or far apart, 

tightly clustered or evenly distributed. This space is mapped in such a way that texts with 

similar meanings are closer together and those that are different are farther apart.  

For the purpose of this study, centroid models of clustering were selected where each 

cluster is represented by a single mean vector. This is because grouping similar texts 

together help outline the attributes of different groups[103]. This gives users an insight into 

the underlying patterns of different groups. The machine learning model will be able to 
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infer different classes without knowing anything else from the data. One of the most 

common clustering algorithms is the K-Means algorithm, which is easy to implement and 

very computationally efficient[104]. Two of the three answer extraction methods used in 

this system utilizes K-Means algorithms. 

 

Answer from a single cluster 

In this method, all the sentences (candidate answers) are vectorized. The vector 

representation consists of 300 dimensions[105]. The main idea is to consider a single 

cluster for all vectors and the closest vector to the centroid is considered the answer. Since 

we already have the candidate answers, which are very likely similar (semantically close) 

to one another, this method has turned out to be very effective. 

Figure 15 shows a high-level process flow for answering with a single cluster of text 

vectors. Potential answers are vectorized first. But doing calculations, and visualizing them 

is not possible in 300-dimensional space. This is where the principal component analysis 

(PCA) comes into play. PCA is a statistical procedure that uses an orthogonal 

transformation to convert a set of observations of possibly correlated variables into a set of 

values of linearly uncorrelated variables called principal components[106]. It is used in 

dimensionality reduction which is a very useful step for visualizing and processing high-

dimensional datasets, while still retaining as much of the variance property in the dataset as 

possible.  

After reducing the semantic dimensionality to two-dimensional space, the K-Means 

algorithm is performed. Figure 16 demonstrates how text vectors are placed in the two-

dimensional space. The blue dots denote the absolute position of the vector in the two-

dimensional space and the text above are the texts corresponding to those vectors. 

This process will gather all the vectors into one cluster and thus the centroid will be found 

out. The vector that is closest to the centroid is considered the answer to the original 

question. 
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Figure 15: Single cluster answer 
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Figure 16: PCA of text vectors 

 

Answer from two clusters 

This method is very similar to the single cluster method. The only difference is that this 

method considers two clusters in the analysis. The closest vector to the centroid of the 

denser cluster is considered to be the answer in this case. The main advantage of this 

method is that when there are outliers present in the answers, this method tries to eliminate 

them by ignoring the sparser cluster. The actual answers that are likely to be in a bigger 

number and semantically closer are very likely to be in the denser cluster. Figure 17 shows 

the high-level process flow of the finding answer using two clusters. 
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Figure 17: Answer from two clusters 
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Answer with plurality 

Answering the plurality is the third method used in the system developed for this research 

work. This is a simple method used to find an answer from a bunch of candidate answers. 

The idea is to pick the answer that occurs more often than any other. 

This method is very useful in the following scenarios: 

1. Factoid questions with multiple different answers 

2. Confirmation question with two possible answers – yes and no 

3. Reconciliation in the cases of highly subjective and conflicting answers 

For the purpose of this study, the plurality method has been utilized for both the factoid 

and the conformation questions. For other descriptive, list-type, complex, procedural or 

causal questions, answers are often long and elaborative (unlike entities/facts for factoid 

and binary answers for confirmation) and thus the plurality of answers is very often not 

achievable. 

For conflict resolution, two other methods were observed: 

1. Bayesian inference: This is a method of statistical inference in which Bayes' 

theorem is used to update the probability of a hypothesis as more evidence or 

information becomes available[107]. 

2. Dempster-Shafer method: This is a generalization of the Bayesian theory of 

subjective probability theory that allows for incomplete knowledge for reasoning 

with uncertainty[108]. The theory allows users to combine evidence from different 

sources and arrive at a degree of belief that takes into account all the available 

evidence. 

However, with a few observations, it was concluded that these two methods did not 

produce any better results than using just the plurality method. And thus, the plurality 
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method was adopted for the purpose of this study. Another advantage of using this method 

is the straightforwardness in the implementation. The plurality method is relatively easy to 

implement and as effective as the other ones.  

 

Answer Module 

The last module of the AQA system architecture is the answer module. After extracting the 

answer using clustering methods or the plurality method, an answer is returned to the user 

in natural language. The answers depending on the question types are as follows: 

1. Factoid question: the answer is returned in a single sentence. 

2. Confirmation question: the answer is returned in ‘yes’ or ‘no’ form. 

3. List question: the answer is returned in a link and a single Wikipedia page form. 

4. Descriptive question:  

a. Why question: the answer is returned in a single sentence or synthesized 

sentences. 

b. How question: the answer is returned in a link to YouTube video. 

5. Hypothetical question: the answer is returned in a single sentence or synthesized 

sentences. 

6. Complex question: the answer is returned in a  single sentence or synthesized 

sentences. 
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Answer Justification 

Often times it is important for the user to understand why and how the system came up 

with the answer that is displayed. The system allows users to trace back the answer to its 

source with the following method: 

1. The answer returned is found in the file containing the potential answers. 

2. The potential answers then are associated with the files with the sentences 

retrieved. This file not only carries the sentences but also the information about 

them 

a. Link number returned by the search engine 

b. Sentence number for the sentences retrieved 

3. The link number is then found in the file containing all the links returned by the 

search engine. 

In addition to tracing the answer, the system allows users to view the answers in two-

dimensional space along with the centroid(s) of the cluster(s). The answer closest to the 

centroid of the main cluster or the denser cluster is the answer determined by the system. 

For plurality, a simple count of the potential answers gives the user an opportunity to 

validate the answer returned by the system. 

 

Systems Engineering Approach to Question Answering 

The question answering system is itself systems engineering process-oriented, with each 

phase being is a systems engineering process. Systems engineering (SE) is a 

multidisciplinary approach and means to realize successful systems, that satisfy the needs 

of customers, users and other stakeholders[109]. Two related terminologies related to SE 

are: 
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1. Engineered system: This system is the major subject of the SE life cycle. 

2. Engineered system context: This context includes the engineered system along 

with its relationship with other systems.  

Since SE is typically associated with an engineered system, it is important to consider 

systems approach, which is a means of identifying complex problems and opportunities, 

synthesizing/analysis possible alternatives and selecting the best one, implementing and 

validating a solution, deploying and maintaining engineered system solutions[110]. 

Although the systems approach is a holistic approach spanning the entire life of the system, 

it is usually applied in the development and support of life cycle stages. It is a 

comprehensive problem-solving paradigm based on the principles, concepts, and tools of 

systems thinking. Systems thinking is a set of systems concept, principle, and pattern and 

considers similarities among systems from different domains.  

The system developed for this research work is an engineered system as it ensures the 

systems approach. The life cycle model is one of the key concepts of systems approach and 

engineering, and thus it is a very important concept for the developed system as well. A 

life cycle generally consists of a series of stages regulated by a set of decision gates[111].  

A generic life cycle model, a single-step approach for proceeding through the stages of a 

system’s life cycle, encompasses all stages – concept definition, system definition, system 

realization, system production, support and utilization, and system retirement. This model 

applies to the most common versions of pre-specified, evolutionary, sequential, 

opportunistic, and concurrent life cycle processes. Figure 18 shows typical stages in a 

generic life cycle model in systems engineering. 
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Figure 18: Life Cycle Stages 
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Since each phase of the question answering system is a systems engineering process, a Vee 

model was determined to be the most suitable life cycle model for each phase and all 

phases overall. The Vee model is a primarily pre-specified and sequential process model 

and its core involves a sequential progression of plans, specifications, and products that 

baselined under configuration management (CM)[112]. CM is a systems engineering 

process to establish and maintain consistency of a product’s attributes with the 

requirements, design and operational information. 

To classify a question, for example, the system-level specifications are produced, then sub-

system level specifications and gradually down to the lowest level specifications are made 

where the lemmatization and tokenization are performed. Then with the verification and 

validation along with the integration back gradually at each level, the system level question 

classification was made. A Vee-model adopted for the NLP process workflow for the 

system developed is shown in Figure 19. V&V in the diagram stands for verification and 

validation. 
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Question Answer

Preprocessing Preprocessing V&V

Structuring
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Structuring V&V

Transformation Transformation V&V

 

Figure 19: Vee model for NLP workflow 

However, once a prototype (initial capability) was made, then the iterative life cycle model 

was applied to produce successive deliveries to reach the desired system of interest 

(SoI)[113]. The diagram in Figure 20 shows the iterative processes adopted for the systems 

engineering of the system developed for this work. The goal was for each phase to result in 

some sort of useful product. The following reasons for selecting the iterative model were 

the following: 

1. It allowed the rapid exploration and implementation of a desired part of the system. 
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2. It allowed holding the SoI open to the possibility of inserting new features into the 

system. 

3. It also allowed multiple experimentations, and verification/validation to develop 

the successive prototype versions. 

Question-I 
Definition

Question-I 
Realization

Question-I 
Implementation

Question-I 
Verification/

Validation

Question-II Definition Question-II Realization

Question-II ImplementationQuestion-II Verification/Validation

 

Figure 20: Iterative Life Cycle Model for QA System 

 

Focused crawler for web mining 

A web crawler, also known as the spidering software, is software that systematically 

browses the Internet, typically for the purpose of web indexing. Typically used by web 

search engines, web crawlers update their web content or indices of other sites’ web 
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content. A focused web crawler is a web crawler that collects web pages that satisfy some 

specific property, carefully managing the hyperlink exploration process[114]. 

For the purpose of this study, a focused crawler has been developed to explore hyperlinks 

and get the contents from those hyperlinks present from the first few webpages returned by 

the search engine. The focused web crawler was developed but as a separate module. It 

was not included in the main program for the following reasons: 

1. Search engines already are using web crawlers. 

2. The results returned by the search engines were enough to be the information 

source for answering the question asked. 

3. There is a greater risk of being rejected by the web as downloading the contents by 

a program is faster and some websites do not allow automatic retrieval of their site 

contents. 

The main tasks performed by the focused web crawler developed for the system were the 

following: 

1. Select a webpage 

2. Explore the hyperlinks on the webpage 

3. Save the hyperlinks to a local drive 

4. Download the webpages related to the hyperlinks 

5. Repeat with the new webpage. 
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Dealing with Humor and Sarcasm 

Humor and sarcasm in text processing are hard to discern and be analyzed by computers. 

Humor is a funny or comic expression, while sarcasm is a form of humor that often tends 

to be negatively offensive. Both humor and sarcasm can be detected by humans but from 

the computer’s perspective, these are still streams of characters or words; thus, to get the 

meaning of humor and sarcasm is a very difficult task. Even the advanced commercial 

tools such as Google Home or Alexa are not able to detect humor and sarcasm accurately 

and consistently.  

It is to be noted that the system developed for this research work includes humor and 

sarcasm as well. The answers are reasonable for those types of questions. However, there’s 

no feature developed to specifically identify and understand these specialized contents. 

These are analyzed and processed like any other type of questions and information.  

An example of a question with humor is: “Why did the chicken cross the road?”. The 

answer returned by the system at the time of this writing was: “Darwin: Chickens, over 

great periods of time, have been naturally selected in such a way that they are not 

genetically dispositioned to cross the roads.” Another candidate answer was: “To boldly go 

where no chicken has gone before.” 

As evident by these answers, humor and sarcasm, although not treated differently, have 

been part of the solution developed by the system. Also, the key performance indicator for 

this kind of question is reasonability. Even when the topic can be highly subjective, the 

answers produced are very reasonable and the quality of the information sources selected 

by the system is very good. 
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Chapter 4: 

Results and Discussion 

The automatic questions answering systems take as input some questions, select some 

information sources, analyze them and extract answers. This whole process spans multiple 

fields in the research or industry arena. The question answering system developed in this 

work is a unification of five distinct yet overlapping fields: 

1. Natural Language Processing (NLP) 

2. Information Retrieval (IR) 

3. Information Extraction (IE) 

4. Machine Learning (ML) 

5. Computer Science (CS) 

 

Natural language processing (NLP)  

Natural language processing (NLP) is a branch of artificial intelligence that helps 

computers understand, interpret and manipulate natural human language. NLP is a 

combination of many disciplines, including computer science and computational 

linguistics. 
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Information Retrieval (IR) 

Information retrieval (IR) is salvaging documents/passages of an unstructured text that 

satisfies an information need from within large collections that are usually stored on 

computers. 

 

Information Extraction (IE) 

Information Extraction (IE) finds specific pieces of information in natural-language 

documents, thus extracting structured information from unstructured text. Named entity 

recognition is an example of IE. 

 

Machine Learning (ML) 

Machine learning is a branch of artificial intelligence where systems can learn from data, 

identify patterns and make decisions with minimal human intervention.  

 

Artificial Intelligence (AI) 

Artificial intelligence (AI) makes it possible for machines to learn from experience, adjust 

to new inputs and perform human-like tasks. Computers can thus be trained to accomplish 

specific tasks by processing large amounts of data and recognizing patterns in the data  
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Computer Science (CS) 

Computer Science is the study of computers and computational systems such as artificial 

intelligence, computer systems, and networks, security, database systems, human-computer 

interaction, vision and graphics, and so on.  

 

Question Analysis 

One of the major contributions of this work is the variety of questions the system handles. 

Based on the questions answering systems survey as a part of the study, there are no other 

questions answering systems that accept and process these many types of questions. 

1. Factoid questions (what/which/when/who/how): The factoid type questions 

typically begin with wh-word. These questions are fact-based that need answers in 

a single sentence or short phrase. For example, the factoid type question "What is 

the capital of Georgia?" asks for a city name reduces the search space for possible 

answers. The answer types for factoid type questions are generally named entities, 

such as organizations, persons, dates, and locations. 

2. List type questions:  The list type questions need a list of facts or entities as 

answers. For example, “List names of the US presidents since 2000.” asks for the 

list of named entities. The techniques applied in factoid type questions can work 

well for list type questions.  

3. Confirmation Questions (yes/no): Confirmation questions require answers in the 

form of yes or no. For example, the confirmation type question "Is the moon 

visible during an eclipse?", asks for the answer yes or no. Answering confirmation 

questions may require world knowledge, inference mechanism, and common sense 

reasoning. There can be opinion type confirmation questions that require 

subjective information about an event or entity.  
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4. Descriptive questions (why/how): The answers to descriptive questions are not 

named entities as factoid type questions. These questions need answers to 

descriptions about an entity or a topic. Answers are typical reasons, explanations, 

or elaborations related to particular objects or events. For example: “Why is 

professor Webster always smiling?”. These types of questions have descriptive 

answers which can span from sentences to paragraphs to a whole document. 

5. Hypothetical Questions: Hypothetical questions are associated with hypothetical 

events. These questions usually start with phrases such as “What would happen if”. 

The reliability and accuracy of these questions are low and depend on the users’ 

opinions and the contexts.  

6. Complex Questions: Complex questions such as "What are the causes of air 

pollution?" may require inferring and synthesizing information from multiple 

documents to get answers. Complex procedures are needed to answer complex 

questions.  

The question input to the system then goes through a few steps to reach the answering 

stage. First, the question is classified into one of the above categories. After the 

classification, the area the question is from determines the search engine to retrieve 

information from. This feature is an enhancement to most of the state-of-the-art 

questions answering systems. While these systems have search engine selection as a 

part of their process, it is mainly a static system. Only one search engine is available 

for their use. Since there’s an option in this system to automatically select a search 

engine, it adds a lot of flexibility and convenience, and it also expands the information 

retrieval source domain. 

After the search results are retrieved, the system automatically selects only a few 

documents from the potentially large number of search results. This process actually 

mimics human behavior. A human user selects the first few search results to look for 

information, this system does the same thing. The first three pages of search results are 
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retrieved. This amounts to up to 30 documents to look for the information for. This has 

been very manageable and has proven to be a sufficiently large source of information. 

In addition, the information source size is a parameter and thus can be increased or 

decreased based on the users’ needs. This selection of source for other questions 

answering system has been very arbitrary; either the whole corpus is searched for 

information or the pre-determined information sources are selected which may not be 

sufficient to answer the question. 

Once the information sources are selected, the next step is finding the right information 

to extract the answer and to find candidate answers. While this process depends on the 

type of question selected, the system developed uses the following analysis techniques 

for answer extraction: 

1. Syntactic analysis: This analysis includes part of speech tagging, detecting nouns 

and verbs as well as the subjects in a text 

2. Semantic analysis: This analysis includes text vectorization. Depending on the 

meaning of the words and sentences, vectors are created in a 300-dimensional 

space. This also allows machine learning to be applied in the text. 

3. Sentiment analysis: This analysis, also known as opinion mining, attempts to 

determine the user’s opinion or feelings about a particular topic. An opinion score 

is provided based on the intensity of the opinions. 

These analyses allow the texts to be analyzed in such a way that the answer extract 

becomes efficient and effective. This feature provides a clear advantage to this system over 

many other questions answering systems as other systems do not have such sophisticated 

analysis built-in. 

Once candidate answers are extracted, the next step is to select one from among them. 

While most other questions answering systems have either pre-defined heuristic rule-based 

or specific pattern-based or database mapping schemes to find an answer, this system uses 
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machine learning techniques to extract a single answer. The advantage of using this 

method is that the system does not need a database to maintain or heuristic rules or 

expertise in the field. This method has proven to be effective based on the experiments 

with many questions and the analysis of their answers.  

Since this system is capable of handling highly subjective questions and information 

sources, conflicting answers are often encountered. If half of the articles have one opinion 

and the other half has another, determining one answer is a challenging task. The answer 

reconciliation feature has been part of this system to deal with such a situation. 

Reconciliation of answers has not been found in other questions answering systems. 

Answers from this system are retuned in natural language. For the most type of questions, 

it is either one or two of the sentences from the corpus. This makes it easy for the user 

since the user is not only allowed to ask a question in natural language but also to receive 

an answer in the natural language that is comprehensible to him/her. Many other questions 

answering systems have pre-defined stock answers to choose from or only the binary 

selection of answers. A few questions and answers from the system are shown in Table 2. 

 

Table 2: Sample questions and answers 

Questio
n 

Answer 

Why did 
the 
chicken 
cross the 
road? 

Darwin: Chickens, over great periods of time, have been naturally selected 
in such a way that they are now genetically dispositioned to cross the 
roads. 

What 
would 
happen if 
British 
America 

America would have a better system of government if we'd stuck with 
Britain.   Honestly, I think earlier abolition alone is enough to make the 
case against the revolution, and it combined with less-horrible treatment of 
American Indians is more than enough. 
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did not 
revolt? 
Is travel 
faster than 
light 
possible? 

Yes 

What is 
the 
smallest 
country in 
the world? 

With an area of 0.17 square miles (0.44 km2) and a population right 
around 1,000, Vatican City is the smallest country in the world, both in 
terms of size and population. 

What 
causes a 
volcano? 

Inside the earth's core, there is a red-hot liquid rock, called magma. 
Volcanoes happen when magma rises to the surface of the earth, which 
causes bubbles of gas to appear in it. This gas can cause pressure to build 
up in the mountain, and it eventually explodes. 

Where 
was 
Marzipan 
invented? 

In fact, marzipan, a mixture of ground almonds and sugar worked to a 
paste, was invented in Persia and brought to Europe by the Crusaders. 

List the 
countries 
by 
population
. 

https://en.wikipedia.org/wiki/List_of_countries_and_dependencies_by_po
pulation 

 

As seen on this table, all answers to the question are very reasonable. Factoid question 

answers are as accurate as they can be based on the information retrieved. 

 

Research Contribution 

The system developed for this research work enhances all phases of a typical question 

answering system. When combined, all of these enhanced phases make the system very 

unique and efficient. It is now a new state-of-the-art question answering system. A 

thorough search of relevant literature and survey of over 70 available questions answering 

systems in the commercial industry and academia showed that there is no other question 

answering system capable of doing all four below: 

https://en.wikipedia.org/wiki/List_of_countries_and_dependencies_by_population
https://en.wikipedia.org/wiki/List_of_countries_and_dependencies_by_population
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1. Support these many varieties of questions and possess a framework for potentially 

answering more question types. 

2. Extract answers with advanced and effective but unsupervised machine learning 

techniques. 

3. Reconcile answers in case of conflicting answers. 

4. Provide a true open domain solution for both questions and answers without 

needing a local repository or linked data sources. 

In addition, the automatic selection of search engines, and the ability to auto-scale the 

information source (corpus) size are also other notable features. Syntactic analysis for part 

of speech tagging and dependency parsing, semantic analysis for language understanding 

and numerical features extractions as well as sentiment analysis for subjectivity and 

opinion mining are all built-in in the system. Moreover, the implementation of the system 

was done using systems engineering principles and life cycle models. This engineered 

system is thus a very significant contribution to the question answering systems 

community. 

The results from the system are very promising in indicating the possibility of a potential 

question answering system that will accept any kind of questions and answer them very 

efficiently and effectively. Since this system provides a framework for that purpose, this 

system is likely to be an excellent and meaningful reference for many future questions 

answering community members both in the academics or in the commercial industries.  
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Chapter 5: 

Conclusion and Future Direction 

Search engines are information retrieval tools; they return the links and documents related 

to the user’s queries. However, when a user wants a precise answer to his/her question, 

he/she is left with a potentially large number of documents to go through and extract the 

information. 

 An automatic question answering (AQA) system can help the user do the following tasks 

automatically, all within a very reasonable timeframe (typically a few seconds): 

1. Ask a question in natural language 

2. Select a search engine 

3. Retrieve the search engine results  

4. Select only a manageable number of documents to look for an answer 

5. Extract possible answers and select the best one (based on some criteria) 

The first AQA system was developed in the late 1950s. Since then, a number of AQA 

systems have been developed both for research and commercial purposes. Over 70 of them 

have been reviewed. However, below is what was found in the study: 

1. Many of them are found to be focused on answering factoid questions.  

2. Many others are found to be answering questions from the pre-established 

knowledge bases or the repository of the questions and/or answers.  

3. Some are maintaining the databases to map the questions and answers to select 

from there.  
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4. Some other question answering systems are only operating on the semantic web 

where the data were linked with one another based on some features. Most of these 

systems have a separate module to convert the natural language to the queries the 

underlying databases would understand. 

5. A significant chunk of the remaining question answering systems is domain-

oriented. These would perform really well with the questions within the domain 

but anything outside would be a problem. 

6. Most of the systems have pre-determined collections of answers to choose from. 

7. For conflicting answers, none of the questions answering systems provided a 

reconciliation method to choose the best one. 

8. Many questions answering systems do not have advanced analysis methods 

implemented to find the real meaning of the texts. These systems are only looking 

at certain patterns or rules. 

9. For many systems, the search mechanism is very primitive. Most of these systems 

use one type of search engine/program so the information diversity/size is very 

limited. 

A system was developed to fill the gap left out by these state-of-the-art question answering 

systems. This system accepts almost all types of questions, from factoid to complex or 

from a simple single word answer type questions to highly subjective questions. It is 

designed to work directly through the World Wide Web, so it does not require any specific 

mapping mechanism to a data framework and it is totally open domain and can answer 

questions from any fields. Advanced syntactic and semantic analyses built into the system 

has allowed the information extraction process to be very efficient. Questions are accepted 

in natural language and answers are provided in the natural language as well. No data 

repository or database needs to be maintained so the program is very lightweight. Answers 

are provided to the users in near real-time and the answers provided were very reasonable.  
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With these features, this system becomes a new state-of-the-art and makes a valuable 

contribution to the questions answering community. However, there are some limitations to 

this system. A few of them are listed below: 

1. List questions can be improved at the answering phase to return only the lists. 

Currently, it returns the whole web page that contains the list. The information 

source for the list question is now Wikipedia. 

2. For the procedural descriptive questions, the information source is currently 

YouTube and the answer is a video. 

3. There are some websites that do now allow automatic access to their webpages. 

There are other websites that do not allow more than a certain number of accesses. 

Although these can be skipped during processing, the current system does not have 

a mechanism to avoid them during the search phase. 

4. Since the system relies on a search engine for information retrieval, there’s no 

control over the consistency in document retrieval. A search engine can use its 

algorithm to favor a website to show up at the beginning and this system can not 

avoid this result. 

5.  There are many ways to ask a question. Currently, the system is designed to 

support only six types of questions. 

While future researches can be directed to eliminate these limitations, there is one area 

where questions answering systems have not touched yet – humor and sarcasm. Humor and 

sarcasm are very hard to detect in the text by machines. After detection, finding the 

meaning of the sentences with these specialized contents is another challenging task.  
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Appendix: 

Natural Language Processing (NLP) 

Nowadays, language is getting a lot of attention due to the usage of chatbots or 

conversational agents in several industries. A deep understanding of language is very 

important since we use it every day for communication. NLP is the application of 

computational techniques to understand and manipulate human language and speech. 

There are many tools used for NLP and machine learning (ML) is one of them[115]. Most 

of the current state-of-the-art NLP systems apply deep learning (DL) models[116]. Deep 

learning (DL) is a branch of ML or a subset of tools within the set of ML that makes use of 

a specific type of architectures or models such as neural networks to solve learning tasks. 

Although there are other algorithms such as genetic algorithms, DL is gaining popularity in 

the ML community due to the following reasons: 

1. They perform very well if there is a sufficiently large amount of training data that 

has been feasible at the present time. 

2. Better hardware with advanced computing ability such as Graphics Processing 

Units (GPUs) and Tensor Processing Units (TPUs) are nowadays available. 

 

NLP vs. Computational Linguistics (CL) 

CL is often confused with NLP as these are closely related fields. While CL is a more 

theoretical field that develops computational methods to answer the scientific questions 

from the point of view of linguists[117], NLP formulates solutions to the engineering 

problems related to natural language. Both NLP and CL relate to the Computer Science 

(CS), Linguistics, and ML areas. 
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NLP Challenges 

Although NLP is an interesting field, NLP has its own challenges that are unique and 

different from other fields such as computer science or machine learning. 

Ambiguity and Synonymy  

In a language, words are unique but can have different meanings depending on the context 

being analyzed or interpreted. In another context, there can be different combinations of 

words but can have the same meaning. Synonyms are multiple terms in a language that can 

express the same idea. 

For example, the word ‘back’ can be a noun, adjective or adverb depending on the context. 

Similarly, the two different words ‘motive’ and ‘intention’ can mean the same thing. 

Syntax  

The syntax is structure in a language, which follows certain rules. But the inconsistent 

syntaxes create challenges in interpreting the language. 

Coreference 

Although humans can deduce specific contexts or meanings from the references mentioned 

in earlier sentences, this phenomenon called coreference is another challenge NLP 

faces[118]. 

Normalization vs. Information 

Language needs to be normalized in order to use it in a generalized way. These may 

include lowercasing words, or singularizing words, or using different forms of the same 

verb depending on the context being evaluated. Two popular examples are stemming and 

lemmatization. However, when we normalize language, we may lose some part of the 

information[119].  
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Representation 

Representing may mean expressing the language in a stream of characters ranging from ‘a’ 

to ‘z’ or transforming words into vectors called word embeddings. Also, in some scenarios, 

different intentions and styles may change the meaning of the words. Some examples 

include humor and sarcasm. Representing a natural language in the desired manner is a 

challenge for a computer performing an NLP[120]. 

 

Basic NLP techniques 

Sentence Tokenization 

Sentence tokenization, also known as sentence segmentation, divides a stream of written 

language into its component sentences. The main challenge for this task is to find the 

sentence boundaries. While most of the time, finding the full stop character may be 

sufficient, this character can be used at times other than ending a sentence as well. For 

example: 

Original text: I am running late. I must activate plan B. 

Sentence tokenization: {‘I am running late.’, ’I must activate plan B.’} 

 

 Word Tokenization 

Word tokenization or word segmentation divides a stream of language into its component 

words. Although using a space character may be sufficient most of the time, this character 

can often be found in noun phrases. And thus this is also not a trivial task. For example: 

Original text: I am running late. I must activate plan B. 

Word tokenization: {‘I’, ‘am’, ‘running’ ‘late’, ’I’, ‘must’, ‘activate’, ‘plan’, ‘B’} 
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Text Lemmatization and Stemming 

The goal of both stemming and lemmatization is to normalize words and reduce 

inflectional forms and derivationally related forms of a word to a common base form. 

Stemming usually removes the ends of words or derivational affixes to return normalized 

form called stem. Lemmatization usually uses vocabulary and morphological analysis of 

words, to return the form of a word called lemma[121]. For example: 

Table 3: Stemming vs Lemmatization 

Original Text Stemming Lemmatization 

Drove drove drive 

Better better good 

Playing play play 

 

Stop Words 

Stop words usually refer to the most common but irrelevant words such as “and”, “the”, 

“a” in English. These are viewed as noise to the machine learning application to text. 

 

Regular Expression 

A regular expression, regex, or regexp is a sequence of characters that define a search 

pattern[122]. These expressions specify the patterns for special characters, words, and 

numbers. 
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Bag-of-words 

In order for the machine learning to work on the text, the text needs to be converted into 

vectors of numbers. This is called feature extractions. Bag of words is one of the most 

popular techniques for feature extraction[123]. This technique requires vocabulary 

designed and the count of the known words. 

 

TF-IDF 

Term frequency-inverse document frequency (TF-IDF) is a statistical measure used to 

evaluate the importance of a word to a document in a collection or corpus[124]. The TF-

IDF score increases proportionally to the number of times a word appears in the document, 

but offsets by the number of documents that contain the word. 

 

Overview of NLP workflow 

Preprocessing 

The data that we consume daily can be roughly divided into two main categories: 

structured and unstructured. 

1. Structured data: Structured data has a pre-defined structure. A good example is a 

database table where data is structured and related through different columns. 

Structured query language (SQL) is a standard language for storing, manipulating 

and retrieving data in databases.  

2. Unstructured data: This data does not have a well defined systematic structure. A 

good example is a natural language. A universal structure or an invariable range of 

values can not be specified for a sentence. 

NLP can be viewed as a set of tools that can be applied in order to structure natural 

language for different purposes. The preprocess phase may include removing the 
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unnecessary words called stop words, splitting language with word/sentence tokenization, 

normalizing using stemming or lemmatization, etc. All of these tasks help in the data 

preparation for further processing. 

 

Structuring 

Structuring includes organizing the corpus in a useful way or selecting the elements to be 

identified. A corpus is a dataset used in NLP. Depending on the goals, this may include the 

extraction of several things, including the following: 

1. The entities that are present in the text.  

2. The intents or actions of the users.  

3. Part Of Speech (POS) tagging such as verbs and nouns. 

4. The syntactic role of each element in the corpus. Dependency parsing is used to 

detect subjects in the corpus 

5. The topics present in the corpus. Topic modeling can be used to find topics. 

6. The feelings present in the text. Sentiment analysis can be used for his purpose. 

 

Analysis 

Is the analysis step, extract different features are extracted in order to meet the objectives 

of the NLP task. This step may include counting down the different elements such as 

sentiments to get an insight into the overall feeling, or translating entities into vectors and 

so on. 
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Transformation 

The purpose is to translate the obtained information into an interpretable source in order to 

make our decision, observe it or analyze it. This step may include outputting the 

conclusions visually by representing the obtained vectors as points in two or three 

dimensions. 


