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Abstract

The Singapore Government first released its
digital government blueprint in 2018 with the key
message for all agencies to be "digital to the core and
served with heart”. With this push, agencies are
moving towards human-centric digital services to
handle the surge in inquiries from individual citizens.
One solution that is widely adopted is the use of
chatbot technology that directly interfaces with the
customer. However, several organizations have faced
backlash from the citizens when such chatbots are
unable to answer or give inappropriate answers to the
questions. Hence this research explores a different
approach to address this challenge using a question
answering (QA) system that supports the CSOs to help
answer the citizen inquiries more efficiently.

This paper shares our preliminary learnings from
the implementation of the pilot QA system, the Citizen
Question Answering System (CQAS), and proposes
areas for future work to enhance QA systems. This
research work contributes to the body of artificial
intelligence (Al) applied research in a government
setting.

Keywords: Question
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Answering, Digital

1. Introduction

The Digital Government Blueprint (2020) that the
Singapore Government has advocated since 2018
strongly emphasized the need to enhance citizen
satisfaction rate by leveraging data and technology to
respond to citizens' needs promptly and efficiently.
COVID-19 further propelled various government
agencies in Singapore to accelerate the use of data and
technology aligned with the message of "Digital to the
Core and Serve with Heart" (Niculescu et al., 2020;
Klievink &Janssen, 2010). The roll-out of various
COVID-19 initiatives by the Singapore Government
resulted in more incoming inquiries from citizens to
respective agencies through telephone, in-person, and
email. Even with frequently asked questions (FAQS)
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published on government websites, the number of
inquiries still surged. This surge overwhelmed the
Customer Service Officers (CSOs), and they were
unable to meet the demands of the citizens. Creating a
government chatbot such as AskJamie that is
developed and used widely by Singapore Government
is one of the solutions to increase citizen satisfaction
rate (Niculescu et al., 2020; Klievink &Janssen, 2010).
However, such chatbot solutions were not always very
successful due to incorrect and inappropriate answers
given to citizen inquiries (Todayonline, 2021; Wolff,
Hobert & Schumann, 2019). Therefore, a more viable
solution is through the introduction of a self-service
element for the CSOs, where instead of having to
approach subject matter experts to retrieve answers, a
software system can help the CSOs respond to citizen
inquiries (Stephen, 2021; Arias & Macada, 2018).
Thus, the respective government agencies began to
consider the use of question answering (QA) systems
to assist the customer service officers (CSOs) in
handling the citizens' surge in inquiries.

With the greater push on citizen engagement and
satisfaction, there is a pressing need for governments
worldwide to leverage QA systems as part of their
digital transformation (Lindgren & Veenstra, 2018;
Luna-Reyes, Gil-Garcia & Mansi, 2011; Akkaya &
Kremar, 2019). QA systems involve the analysis of a
question phrased in natural human speech and then
locating a recommended answer to that question
within a database of documents (Bilotti & Nyberg,
2008). With such systems in place, there is potential
operational effectiveness that can be achieved within a
customer or citizen service setting. CSOs using the QA
system would likely reply more promptly and
appropriately to the customers or citizens. This
improvement in response speed, in turn, will increase
customer or citizen satisfaction rates.

Although the QA system is a widely researched
area, the system's effectiveness depends a lot on what
data is being input into the system. In the current
context of the government agency, data is available in
several forms namely frequently asked questions
(FAQ) articles, government policies, support
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documents and citizen inquiries in the form of case
records. The challenge is that these are not crafted in
the same structure, yet nevertheless, all are needed for
developing the knowledge base of a QA system. For
example, citizens tend to send in inquiries in the form
of long writing, while government policies or support
documents tend to be lengthy to ensure details are not
missed out. In such situations, it is prudent to use an
incremental trial and test approach when developing
the QA system in a government context so that citizen
service can be delivered promptly and appropriately.

The overarching goal of this research is to elicit
the potential issues and possible solutions when
implementing a hybrid question answering system
(CQAS) that combines techniques of Information
Retrieval QA, Natural Language Processing QA and
Knowledge Based QA. The data is based on a
collection of documents provided to the customer
service officers in a government agency. This
collection includes website information, FAQs, policy
documents in word, pdf or PowerPoint format. The
outcomes of this research will serve as a pre-empt to
the government agencies before they embark on QA
systems.

The paper is structured as follows. Section 2
presents a review of relevant prior literature and
provides an overview of different types of QA
systems. Based on the literature, we also discuss the
proposed QA system, CQAS, in the context of a
customer service centre of a government agency.
Section 3 describes the methodology adopted for
building CQAS and the relevant data set used. In
Section 4, we present the evaluation of CQAS, discuss
the results, highlight the limitations, and propose
solutions to address the limitations of our work. In
Section 5, we conclude with a high-level summary of
the key insights from the pilot QA system and
directions for future research.

2. Literature Review

Question Answering (QA) systems allow users to
ask questions and retrieve answers for them
automatically, rather than browse through documents
or FAQs to find answers. Because of the potential
value that it could bring to society, the QA system has
evolved into a fast-growing research area that brings
together research techniques from Information
Retrieval, Natural Language Processing, and
Information Extraction (Ravichandran & Hovy, 2022).
Research work started from Simmon in 1965 and
Waltz in 1978 whereby they both tried to build a
question answering system using an English language
relational database, to current research works that not
only proposed novel approaches to the creation of QA

system (He et al., 2021), but also the attempts to build
QA systems based on different languages (Alwaneen
et al., 2022). While it has huge potential, the
complexity is that these research techniques cut across
multiple research domains, making it hard for
researchers to apply these techniques when building a
QA system (Wang, 2006). This further explains why
the real-world QA systems such as virtual assistants or
knowledge management library that are embedded
within a Customer Relationship Management System
(CRM) would not be able to deploy all the techniques.
The more pragmatic approach must be to consider
which technique would be more suitable based on the
context within which the QA system is being deployed
and the structure of the documents within the chosen
domain (Voorhees, 2001; Magnini et al., 2006; Sasaki
atal., 2005).

2.1 Structure and Types of QA Systems

A QA system structure comprises three
components (Allam & Haggag, 2012): question
classification, information retrieval and answer
extraction. Question classification focuses on ensuring
the questions are first processed and classified
according to the different topics of relevance.
Information retrieval focuses on finding the most
relevant documents within the collections of
documents that could be mapped to the topic that the
question falls under. Finally, answer extraction
focuses on assembling the answer to the question
asked.

To better understand the types of QA systems that
are built using the above structure so that we can
decide on the QA type for our pilot system, we draw
insights from existing QA research based on the four
main types of QA systems suggested by Soares and
Parreiras (2020), i.e. (i) Information Retrieval QA, (ii)
Natural Language Processing QA, (iii) Knowledge
based QA and (iv) Hybrid QA.

2.1.1. Information Retrieval QA

This type of QA system uses search engines to
retrieve answers, apply filters, rank the answers, and
recommend the answer to the user (Aberg &
Shahmebhri, 2001). The strength of this type of QA
system is to process enormous amount of information
content (Allam & Haggag, 2012). However, the
downside of relying only on information retrieval to
build QA systems is that using only cosine similarity
between the documents and inquiries may lead to
documents being retrieved even when not all
keywords in the question are present in the document.
This is often referred to as the term mismatch issue
(Carpineto & Romano, 2012). Hence the subsequent
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ranking of the answers might not be accurate
(Kolomiyets & Moens, 2011; Lamperts, 2004). For
example, when we consider the following question
posted to a QA system:
Question: "How long is the AABB initiative"?

The information retrieval could have only focused
on the cosine similarity for the keyword "AABB" and
searched for all documents containing "AABB" on the
Internet. Hence it might return a ranked answer
unrelated to the duration.

2.1.2. Natural Language Processing QA

This type of QA system uses linguistic intuitions
and machine learning methods to extract answers. The
questions presented to such QA systems are usually
analyzed using NLP techniques, which are then used
to construct a standard database query. The strength of
this type of QA system is that it leverages on
sophisticated algorithms to go down to the level of
syntax and semantics of questions (Hirschman &
Gaizauskas, 2001). That said, there are still limitations
to this approach, whereby the knowledge stored in the
structured database can only answer questions asked
within the restricted domain. On the flip side, such a
QA system will be good to handle specific contexts
(Clark, Thompson & Porter, 1999). Using the same
example question:

Question: "How long is the AABB initiative"?

Repeated training of questions with the term
"AABB" in an NLP QA system will allow the QA
system to build a database catered solely for the
AABB initiative. This approach can increase the
accuracy of the answers extracted to reply to the
questions related to this topic. Hence an alternative
question such as the following will likely return the
same correct answer as the previous question:

Question: "How many months will the AABB
initiative last"?

2.1.3. Knowledge-Based QA

This type of QA system retrieves answers based
on a structured data source and standard database
queries used to replace word-based searches. It is
meant to leverage on the use of ontologies, on top of
NLP QA approaches (Lopez, Pasin & Motta, 2005).
The strength of such QA system is that it would be able
to handle complex reasoning and retrieve required
information if the metamodel in place is clear (Fiertier
et al., 2020). However, this also means the natural
incompleteness of a knowledge-based QA system
limits the question scope that it can answer, hence the
high reliance on the person who develops it to update
its data source and database of queries (Xu et al.,
2016). However, this limitation also guarantees the
quality of the answer so long the question can be found

in the database. Taking the same question as an
example:
Question: "How long is the AABB initiative"?
If the structured data source has various
differently phrased questions but with the same
meaning, the answer provided to all these questions
will be correct.

2.1.4. Hybrid QA
This type of QA combines the techniques from the

three types of QA systems namely Information

Retrieval, Natural Language Processing and

Knowledge Based to enrich the answers generated for

the inquiry. Such hybrid QA helps to overcome some

of the limitations of the earlier discussed QA systems.

An example of such a QA system is the IBM Watson

(Ferrucci, 2012), whereby deepQA techniques are

used and experimented with "Jeopardy”. The system

has proven to have high accuracy in answering the
questions asked. Another example is using the same
question:

Question: "How long is the AABB initiative"?

Within a hybrid QA system, the question will be
processed with natural language processing to derive
the context that the question is set in, while
knowledge-based processing and information retrieval
techniques will be further combined to retrieve
possible answers from various data sources. The
outcome will be a list of ranked recommended answers
to the same question, allowing one to consider various
answers to one question.

However, a basic requirement for building such
Hybrid QA is the availability of multiple sources of
data in different formats.

Based on the analysis of the literature review,
Hybrid QA was chosen as the preferred approach for
building the Citizen Question Answer System (CQAS)
due to the following reasons:

e The hybrid QA provides higher accuracy when
answering questions to user queries.

e  The data requirements for building a hybrid QA
are satisfied through the availability of a
collection of policy documents in different
formats along with case details of past citizen
inquiries that were recorded by the customer
service officers verbatim.

3. Methodology
3.1 Business Context and Data

The objective of this research work is to build and
evaluate a pilot question answering system, CQAS, to

support a customer service centre of a Singapore
Government Agency. As mentioned in Section 2.1.4,
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the key rationale for using hybrid QA system to build
CQAS is that it would leverage on the strengths of all
3 types of QA systems, while mitigating the
limitations of each. To ensure that we have the right
dataset to test this pilot QA system, we use real world
data, that have the following characteristics:

o  Case details that are recorded in verbatim, i.e.

how the citizens say it

e Complexity in the different structure of FAQ

To further elaborate on the context of the dataset,
the agency uses an external customer service centre

r'Q'O"Q‘*. Enquiry (Telephone, Email, etc.)
[ *

o Answer
Citizens +

Citizen Enquiry _

o
. ﬁ‘_‘ﬁ
CS0s

that caters mainly to individuals and companies who
have inquiries about training-related programmes and
initiatives that this agency manages. Figure 1 shows
the citizen inquiry process flow. The citizen sends an
inquiry through one of the different mediums such as
telephone or email. The CSO inputs the inquiry into
CQAS, which then retrieves a ranked list of relevant
answers. The CSO can decide to either select an
answer or adapt from the list, which is then sent to the
citizen.

O

Ranked List of Answers

Citizen Question Answering System
(caas)

FAQ and other policy
documents written for
human consumption

Case Records:Past Enquiries from Citizens
phrased in natural human language.

Figure 1. Citizen Inquiry Process Flow.

CQAS uses two types of pre-processed data,
namely past inquiries from citizens that are captured
in case records and information from FAQ and other
policy documents. The fields of the case records are
depicted in Table 1, and a mock-up of the values for
each field is shown in Table 2.

received such an email, and yet |
cannot login. How do | login? Please
advise asap!

Table 2. Sample Case Record.

The collections of documents available in Word,
PDF or PowerPoint were pre-processed into the
structured format as shown in Table 3 and a mock-up
of the sample values is shown in Table 4. This format
forms the structured data source that a knowledge-

\Variables Description

Description Brief general description of the case
Problem \A more detailed description of the
Description case

Table 1. Data Dictionary of the Dataset.

\Variables

Sample Input

Description

Unable to login to the portal

Problem
Description

Since August, after | received an
lemail to say | can login to the portal. |
had tried logging in to the portal.
However, despite resetting my
password, | am still unable to login. |
had also tried to login using different
browsers. This is ridiculous that |

based QA system requires.

\Variables Description

Pre-formatted question found in the
Question documents
Recommended [Proposed replies provided by the
Answer subject matter expert from the agency

Table 3. Fields found in Pre-Processed Structured

Data Source.
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\Variables

Sample Input

Question

How can 1 login into the portal?

Recommended [You will need to have a SingPass
account to login to the portal.

Answer

Table 4. Sample Values in the Pre-Processed

Structured Data Source. 3.

Step1

|/i. LDA text analytic technigue s 3
used 10 process each case record
(enguiries) and ereate the list of

features for that case record.

. Question

Classification: Natural
Language Processing

Step 2

Feature Extraction:

Knowledge Based
Processing

1. Use a Python script to extract
relevant text from the collections
of question-answers contained
in the documents (e.g, policy
documents, FAQ, efc,),

2. The guestion-answers palrs are
then processed to derive

\ rélevant features, _/)

L.

3.2 QA Techniques Used

The CQAS is built using the Hybrid QA
technique. Figure 2 depicts the different techniques
used. A brief explanation of how the techniques is
applied follows and an example of the complete
process flow using sample data is presented in Figure

Step 3

',;. Using word-based search with A
cosine similarity the feature
extracted from Step 1 and Step
2.2 are marched and the
relevant answers from the
question-answer pairs from Step
2.1 are recommended as
answers to the enquing.

Answer Extraction:

Information Retrieval

Figure 2. Overview of the Hybrid QA Technique used in CQAS.

Step 1

Step 2

Case Record X: How lang is the
AABE prorgromme® | do not know
arfything about thal.

Features Derved: 4483, lang

GEAT:

Winal i the duation of AABB Programma? Courses
unidar the AABR pragramme commenced from eory
Full 2020, with new courses apening lor enralment
throwgh ba Mar 2021,As anncunced during Budget
2021.the AARR Progromme will e extended for
anathar year long to Mor 2022.and the cowrse have
the commence by 31 Mar 2022,

Fealures Derved: AAEB, Long, year, course

QaA 2

Hew daes the AABE Pregramme diller frarm fhe AA
Traireeship and AA Mid-Coresr Pathwoys Programmes
= Company Atfochments lounched by XXGE The AABR
Programme comprises ful-time reskdlling ond upskiling
courses delivered by CET Centres (including the
Institutes of Higher Learming . These couwrses are
designed lo help rainees acquire indushrg-relevant
skills Fhat can imgrave heir employobilly.

Features Derived: AABR, courks, coaisers

Step 3

Ranked | Recommended Answer: Counsa: under the
AMBB programme cammenced fram eorly Jul

W20 wilh new courses opening lor enralment hrough
e Mar 2021.As onnounced duing Budpet 2021, 1he
aAMBE Pragramme wil be extended for anather year
kong o Mar 2022.0nd the course have the
commance by 31 Mor 2022,

X

Ranked 1 Recommended Answer: The 2480
Programme compnses full-ime reskling and upskiling
counes dalvered by CET Cantras (inzluding the
Irnstibuhess af Higher Leanming). These courss ane
designed to helo frainees acquire indusing-relevant
skils thot can imprave their emplovabifty. .

Figure 3. Example showing how the Hybrid QA Technique is applied.
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3.3 Question Classification (Natural
Language Processing Technique): Step 1

CSOs record the citizen inquiries as case records
verbatim in text format. This unstructured data,
comprising the  "Description and  Problem
Description™, as shown in Tables 1 and 2 is processed
using Natural Language Processing algorithms to
prepare the data and derive the features from the
processed text. For example, text pre-processing is
necessary to remove irrelevant words such as "is",
"to", "the", etc., and convert some texts into bi-gram
and trigrams. The reason for using n-grams and
tokenization is because some words might not have
meaning on its own, however, when combined with
other words, the meaning is revealed. For example, the
word “stood” is just stand, but the 2-gram phrase of
“stood up” has a totally different meaning. It is after
preprocessing, then Latent Dirichlet Allocation (LDA)
is applied to the processed text to extract the relevant
features from the textual description of the case
records.

3.4 Feature Extraction (Knowledge Based
Technique): Step 2

Given that the collections of documents are in
several formats including word documents, PDF and
PowerPoint, there is a need to restructure these
documents into a structured data source. Hence Python
script is used for extraction of the relevant textual
information from the documents and then structure
them as Question-Answer pairs. The questions and the
answers are The question-answers pairs are then
processed to derive relevant features that can be used
during matching at the answer extraction step.

3.5 Answer Extraction (Information Retrieval
Technique): Step 3

The features derived from the question
classification step are matched to the features derived
from the feature extraction step using a word-based
and cosine similarity approach. After a match is
detected, the corresponding ranked recommended
answers are then extracted from the structured data
source and shown to the CSO. The CSO uses this
ranked list of answers to reply to the customer and
subsequently updates the case record.

4. Findings and Discussion

Before trying out CQAS on the full data set, an
initial test was conducted with a total of 50 case
records and the complete set of 168 questions with
recommended answers was used to test the CQAS. Out
of 50, 40 case records had the correct recommended
answers matched, giving a very high accuracy of 80%.
Subsequently, a total of 261,811 case records
submitted by the citizens in 2020 were used for the
Question Classification Stage. The same complete set
of 168 questions with recommended answers created
from the collections of documents was processed at
the Feature Extraction and Answer Extraction stages.

4.1 Accuracy of CQAS

Despite the original accuracy of 80% for the test
model, the final pilot model built using the full set of
case records and structured data source only had an
accuracy of 33%. To determine the cause for the low
model accuracy, a preliminary manual screening was
done to see if the recommended answer matched the
case records after being processed by CQAS. The
outcomes were split into three categories: Accurate,
Relevant, and Irrelevant. Examples of the categories
are shown in Table 5. This also helps to ascertain if the
use of knowledge-based QA approaches had really
helped to handle the complexity in the case details
database as stated in Section 2.1.3 as key strength of
this type of QA system.

The establishment of the "Relevant” category is
important to future assessment of CQAS as it will
reveal how many of the case records had been matched
as "close but not accurate™ answers. This category
could indicate that while feature matching had done its
job, there might not have been ample questions and
recommended answer pairs to provide an accurate
answer. The preliminary manual evaluation indicated
that there were many data points that did fall under the
"relevant” category. This also implied that while the
use of knowledge-based QA approach had helped to
handle to a certain level, there is need to further review
this aspect. Hence, future work will be directed at
using the CSOs to assess the recommended answers
that fall under the "Relevant™ category from the CQAS
and then apply human judgement and prepare an
appropriate reply to the citizen's inquiry. Such an
approach will work in the context of the research
undertaken in this paper since we are not using a
chatbot to directly interact with the citizen, but rather
the CQAS supports the human, namely CSO, to help
answer the inquiry posted by the citizen.
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Problem Description in Case Records

Recommended Answer from CQAS

Accurate — Recommended Answer will be able to answer the inquiry by the citizen

Customer enquired on the credit claim that was rejected
for the course that he had submitted.

If you have already made an initial self-payment for a
course in full, you will not be able to use the Credit for this
course. If you had been rejected, there is no appeal. You
may use your Credit for subsequent courses.

Relevant — Recommended Answer belongs to the same col

lection of documents that the inquiry is based on

Customer enquired on the full certificate in his digital X
cert Passport. Customer mentioned that the Training
Provider has submitted the assessment to the agency on 8
January 2020.

Information provided in the company approved training
organization/non-X cert training organization's profile
affects the funding your company/ training organization is
eligible to receive

Irrelevant — Recommended Answer does not address the inquiry, neither belongs to the same collection of documents

Customer enquired on how her client can make XXX
payment online. Customer mentioned that the client has
foreign employees.

Disbursement records from ABC Support Grant payment
details are interfaced on-demand.

Table 5. Examples of outcomes to ascertain accuracy of CQAS.

4.2 Accuracy at Question Classification stage
is not sufficient to ensure Accuracy of CQAS

It was observed that the coherence score for the
question classification stage was 71%, which means
that the number of topics extracted to represent each
case record has a 71% accuracy. The topics are likely
to reflect the content of the inquiry from the citizens.
Despite this, the accuracy at the answer extraction
stage was still not ideal since only 33% matched
correctly to the case records. A possible reason for this
is that there could be more inquiries beyond the
collections of documents, i.e., 168 questions with
recommended answers. These collections of
documents generally only get updated within the first
three months of implementing the new initiatives
rolled out by the agency. Subsequent inquiries from
citizens that are not found within these documents are
generally not included as there is currently no
systematic approach to capture this source of answers.
Further as discussed in Section 2.1.1., the virtue of
information retrieval QA system, it ideally should
have an enormous database to do term matching,
hence with the inquiries going beyond the question-
answer pairs, accuracy is bound to go down.

To better handle this issue, we propose having a
loopback component in the QA system, which allows
CSOs to key in their final resolution into the structured
data source at the Feature Extraction stage so that
matches can be enhanced with new recommended
answers. Further mechanisms to tag the case records
to the recommended answers can be implemented at

the Answer Extraction stage to help train the QA
system.

4.3 Presence of feedback-related statements
increased complexity of CQAS

Upon reviewing the case records that had fallen
within irrelevant or relevant categories (refer to Table
5), we observed that the case records were generally
not a clear-cut textual value of only questions but also
included feedback. An example is depicted below:

Case Record: We have received your claim however
you have submitted the claim for the wrong course
reference number. As the course had started, i will be
grateful if the error can be amended and my claim
can be successful.

As we can see in the example, feedback-related
statements such as "I will be grateful"”, etc., are found.
When included in the question classification stage,
such a statement is likely to lead to the questions being
wrongly identified (See, Liu & Manning, 2017). A
proposed approach to handling this issue will be
through introducing a task for CSOs to manually
identify the question being asked or allow the CSOs to
read the case and then key in the question instead. This
approach might facilitate better accuracy during
answer extraction later if the question was elicited
correctly (Xia et al., 2019; Hermjakob, 2001).

4.4 Review of Typology for Questions that
had failed

Additionally, to better understand how the low
accuracy of CQAS comes about, we also studied the
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typology of the questions that had failed to get an
accurate recommended answer. Generally, questions
can be defined by the type of answers expected. Based
on this school of thought, there are four key question
types: factoid, list, definition, and complex question
(Kolomiyets & Moens, 2011). Going by the definition
of a complex question, which is about information in
a context and the answer required, will likely be a
merge of retrieved passages (Garcia-Cumbreras,
Martinez-Santiago & Urena-Lopez, 2012). Many of
the case records that had failed to get an accurate
answer fall into this category of complex questions.

We further investigated this by classifying these
case records in accordance with the typology proposed
by Shah et al. (2012) so that it can help to elicit insights
on proposed solutions to deal with the different
question types. Examples of the case records and
proposed solutions are presented in Table 6.

5. Conclusion

In this paper, using real-world data sets, we
presented our experience in building and evaluating a
pilot QA system, CQAS for a government agency's
customer service centre. This system uses a collection
of documents and case records from the do-main of
training-related government initiatives. CQAS is a
hybrid QA system that combines techniques from
Natural Language Process QA, Knowledge based QA
and Information Retrieval QA.

Our initial assessment showed that despite the
high coherence value at the question classification
stage, the overall accuracy of CQAS was significantly
lower. We did a deep dive into both the case records
and the collections of documents and presented the
following four key learnings which can be considered
for future research work when further enhancing
CQAS QA systems:

intended information-
seeking goal.

Category Definition [18] Example of a Case Record Proposed solution

[18]

Ambiguity | Question is too vague or too | "Appeal for course" Create a minimal word count or
broad, and for this reason, is maximum word count on the
misunderstood or causes input field for the citizen so that
multiple interpretations. overly broad or vague inquiry can

be minimized.

Lack of Not enough information "I would like to re-appeal for Implement an additional feature

information | exists to identify the asker's | my previous case" in the inquiry portal so that when

the citizen submits the inquiry,
the system can prompt the citizen
to indicate his or her case number.

Poor syntax

Question syntax is ill
formed, has typos, or has
Internet slang that hampers
understanding.

"I have een rying to caim
credit for a cours but just
cannot because system not
working. Can you pls assist?"

Introduce autocorrect feature on
the portal to help the citizen
amend the typos in the inquiry.

Too
complex
and/or
overly
broad

Question is too complicated,
and a few people have the
ability and/or the resources
necessary to provide
answers, even though
enough details are provided
to identify the asker's
intended information-
seeking goal.

"I was refunded in full, but I
have not yet received my
certificate and two weeks have
already passed. Has my appeal
been approved? Also why is
my school not paid yet?"

Introduce an additional dialogue
management feature in CQAS to
store and split the sentences until
individual questions are being
elicit [17].

Relatedness

Title and/or content poses
more than one question
(although they are related),
so the respondent may be
confused in interpreting the
asker's intended
information-seeking goal.

"Can | find out how to appeal
for AB765 course? Can | also
know how | can use my credit
for it?"

Introduce a local and general label
to the collections of documents so
that inter-connected questions
with its corresponding answers
can be surfaced when such
question types are sent by citizens
[24].

Table 6. Question Typology for Failed Case Records and Proposed Solutions
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1. Rather than relying purely on the category
"Accurate”, it is important to establish an
additional category named "Relevant" for the case
records when assessing the accuracy of a QA
system, as it can help to draw insights if the
questions and recommended answers pairs are
sufficient though they are not accurate. This is
particularly significant in QA systems that have a
human in the middle before responding to the
customer. The decision of adopting the
"Relevant™" answers is left to the human, in this
instance, the CSO.

2. Inclusion of a feedback loop system so that CSOs
can indicate their resolution to inquiries and tag
them as recommended answers. This will help to
build a more robust QA system, rather than
building one based on a legacy dataset. This
specifically significant since, the questions and
recommended answers pairs are derived from
FAQ documents which are meant for human
consumption and not machine consumption.
Therefore, inclusion of such feedback loop
system will help to restructure answers in a format
that is for machine consumption.

3. Inclusion of manual question classification
mechanism so that CSOs can indicate within the
system which part of the case record is a question
and thus improve the question classification
capability of the QA system.

4. Establishing a question typology for the failed
questions that did not have an ac-curate answer
could be recommended as a reply to citizens. This
will help the people developing the QA system to
further enhance it to specifically cater to the
different question types (e.g., ambiguity, poor
syntax, etc.) that the CSOs might encounter.

This research contributes to the body of Al
applied research in digital government and more
specifically, to QA systems to support CSOs
responding to citizen inquiries. Future work will be
aimed at addressing the four learning points discussed
and implementing them in the future version of CQAS.
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