Grenze International Journal of Engineering and Technology, January Issue
Scientific Society

NLP Chatbot for Answering Local Civic Queries

Harshdeep Saini!, Deepesh Vyas?, Arvind Kumar? and Sapna Aggarwal*
“4Chandigarh University, Mohali, Punjab
Email: harshdeepsaini2757@gmail.com, 22bcs1275@cuchd.in, 22bcs12615@cuchd.in er.sapna.aggarwal@gmail.com

Abstract— The efficient availability of the municipal information is one of the keys to increased
citizen engagement and decreased administration workload. The article is a design and
development of a chatbot based on NLP to answer civic questions locally. The system employs
the techniques of natural language processing to comprehend the will of the user, identify the
correct entities and answer to the common questions to several municipal services
appropriately. The modular architecture is adopted and comprises of modules such as intent
classification, entity recognitions and response productions, inmates of a civic knowledge base.
As it is experimentally proven, the chatbot is able to deliver prompt and dependable
information and makes it faster than the traditional helpdesk system. Its findings indicate that
it can be used to improve the accessibility of services, simplify civic support operations, and be
used as a scalable digital helper in the launch of smart governance endeavors.

Index Terms— Natural Language Processing, Chatbot, Citizen Engagement, Civic Queries,
Conversational AI, Municipal Services, Automated Helpdesk, Intent Classification, Knowledge
Base, Smart Governance.

1. INTRODUCTION

Over the last few years, it has been observed that there has been an increasing call to achieve citizen-centric
governance where emphasis is put on transparency, efficiency, and the accessibility of public services. Citizens
are becoming more and more demanding in seeking fast and efficient access to information about municipal
services, policies, and civic processes because digital-based technologies have been widely adopted.[1]
Conventional civic helpdesks, though, can find it difficult to deal with this demand because of a large number of
reiterated questions and can lead to delays, workload and decreased satisfaction among the citizens.[2]
Conversational systems have been developed to overcome this problem by utilizing intelligent conversational
systems. Chatbots based on Natural Language Processing (NLP) are able to respond automatically and
comprehend user queries, meaning that it does not rely on a person to be operational and it will provide 24/7
services.[3] These systems do not only enhance response time but also increase efficiency of the civic
administrations as it automates routine operations.[4] This research aims to develop and deploy an NLP-based
chatbot that could respond to questions on civic-related issues with high accuracy and answer them correctly.[5]
The suggested system makes use of intent classification, entity recognition, and integration of the knowledge
base to deliver relevant and easy-to-use responses. The chatbot helps to enhance the satisfaction of the citizens
and enhance the digital governance efforts as it simplifies access to the information and minimizes the redundant
workloads.[6] As indicated in this study, conversational Al is important in the government, which has a potential
to improve service delivery, gain engagement, and aid the vision of smart governance.
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II. RELATED WORK

The fast digitalization of the government has seen the development of different civic service websites that aim at
enhancing citizens access to the municipal information. The existing systems such as web portals and mobile
applications are good sources of information but they are low interactivity as their information is stagnant and
low real time responsiveness. [7] This has resulted to the people being forced to use traditional helpdesks, which
may be slow and ineffective in the process of responding to routine questions. Other researchers into the theme
of Natural Language Processing based chatbots have demonstrated that it can offer good interactive and
automated responses in different sectors; medicine, education and even when attending to customers.[8] Several
studies indicate the potential of such systems that can lower the level of human workload and offer 24/7
availability.

However, they have actually been infrequently utilized and in the civic arena, almost solely in small format as
FAQ applications.[9] In terms of governance, numerous investigations are devoted to smart governance and e-
governance which concerns the significance of the digital tools to achieve greater transparency, efficiency, and
citizen participation.[10], [11] Digital civic engagement platforms are now being considered to play an important
role in the modern governance but they lack functionality because of resolutions to scale, contextual adaptation
and populations.[12], [13] accessibility between various Despite these developments, there exist massive gaps.
The currently available civic chatbot systems are not generally effective in offering robust support of localised
languages, culture and technical terminologies.

In addition, the majority of them fail to provide contextual interpretation of queries that lead to generic or
unrealistic responses. Scalability is also another issue, as the existing solutions may fail to accommodate high
populations of simultaneous users. These limitations present the need of an NLP-based chatbot with a definite
civic intent, through which certain capabilities will assist the linguistic plurality, situational accuracy, and
receptiveness to the local governmental structures.[9]

III. METHODOLOGY

A. Data Collection

It is a system based on various sources of information such as the database of faq availed by the municipal
portals digitized information of the services and synthetically generated query to represent a more diverse range
of potential user queries.

The hybrid-type data will guarantee diversity and at the same time enhance the capacity of the chatbot to respond
to a non standard and regular question.

B. Data Preprocessing

Text preprocessing is necessary in order to improve model performance. The stop-words are removed, the query
is tokenized and lemmatizing of words is performed so as to normalize the words to base form. The specific
emphasis is on doing local language processing and local expression, which takes into consideration a language
specific tokenizers and transliteration strategy to admit a bilingual and code mixed input.

C. Model Design

The chatbot architecture components are:

» Intent Detection: BERT, RNNs, or Transformer-based architectures are machine learning and deep learning
systems, which can be applied to classify user query as one of the defined intents (e.g., service request,
complaint, information query).

» Entity Recognition: Named entity recognition (NER) module is developed to identify civic-specific object
such as location and type of services and identity of citizens so as to be useful in responses.

» Response Generation: A hybrid system is implemented and tied with deterministic responses (depending on
rules) like office timings, application processes and retrieval-based processes in accessing the corresponding
information in the municipal knowledge base.

D. Training and Evaluation

The models are trained using annotated datasets and hyperparameter tuning is performed to optimize the
performance. Evaluation measurements include accuracy, precision, recall and F1-score to check effectiveness of
classification and reliability of entity recognizing. In order to authorize the improvement, performance is
compared with baseline models.
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E. Deployment

The final system is deployed on cloud based system or on premises municipal servers, based on the type of data
governance. It is an easy to use chatbot and it is developed both over the web and mobile platform and hence it
can be accessed on any device. The implementation enables real time query management, time-based user
management, and feedback in learning.

IV. PROPOSED SYSTEM

The proposed system is an NLP-based chatbot that will be specifically trained to respond to local civic inquiries.
Unlike the traditional services of an FAQ type, the solution will be integrated with the power of natural language
processing, languages and municipal data accessibility to provide real time, accurate and contextualized answers.
It is new in the sense that it can host localized language variation, combine rule based and retrieval based
approaches and offer numerous types of services, FAQs, tracking complaint and many others.

A. System Architecture

The general architecture of the chatbot is built out of four layers:

»  User Interaction Layer- Citizens will place their queries (in a natural language) on a mobile/ web interface.

» NLP Engine - The engine takes the query and it parses the query using tokenization, intent classification and
entity recognition modules.

» Response Generation Layer- It involves the incorporation of the rule based approach with the retrieval
approach to develop the right response.

» Data Access Layer - Interacts with municipal databases and APIs in order to gain access to real time data
regarding complaints, service policies, and contact details.

This is a scalable architecture that incorporates the aspect of scalability, maintenance and easy integration with

the already existing e-governance platforms.

B. Query Classification

The chatbot is able to read queries of the user, through intent recognition and entity extraction:

intent Recognition: FAQ, complaint registration, service inquiry or status tracking Deep learning models are
trained on query classification.

Entity Extraction: Named Entity Recognition (NER) identifies civic-specific entities of the type of names of
places, names of services, complaint numbers or names of citizens, etc., to react to the context.

C. Response Generating and Natural Language Understanding

NLU module interprets semantic meaning of queries and the variations in lexical differences or local language
representations are well apprehended. The generator of responses is based on:

Structured information like working hours, addresses and deadlines will be applied to Rule-Based Responses.
Similarity analogous to Retrieval-Based Responses analogous and searching knowledge base during modifying
and less predictable queries.

Such a composite system gets rid of accuracy and flexibility.

D. Database/API Integration

The chatbot will incorporate municipal databases and open API in order to provide the real-time accuracy.
Examples include:

Complaint Management System: Get the status of the complaint or to create a new problem.

Service Portals: Enquiry of the service availability, documents that are needed, or due dates. General Civic
Information: Making contacts with the ward, garbage collection time or water/electricity blackout.

E. Multilingual Support

One of the most innovative features of the system is support on local and regional languages. The chatbot can:
Accept orders in English, local lingos and Hindi. Code-mixed input in processes (e.g. water ka bill due date
batao).

Translators and language-specific tokenizers should be inclusive.

F. Features

Availability: Sources civic information and services 24*7. Full Query Processing: Responding to frequently
asked questions, accepting of complaints, status and general civic enquires.
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Simple Interface: It is simple and user-friendly since it can be used both on the web and the mobile platform.
Scalability: It is capable of supporting multiple users at the same time. Feedback: It uses the continuous user
feedback to improve accuracy and coverage.
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Fig 1: Workflow

V. IMPLEMENTATION AND CASE STUDY

A. Pilot Deployment

To determine the effectiveness of the proposed system, pilot implementation on one of the municipal areas
chosen has been adopted. The chatbot was deployed on a cloud-based server and linked to a prototype municipal
knowledge base of information on services such as waste management, payment of taxes, water supply, and
redressal of grievance. The chatbot would not only be accessible to the citizens through a web interface in a
mobile format, but also through a chat platform.

B. Example Queries

The chatbot was tested against the most common questions, which were asked by the citizens, such as:

» What is the time of garbage collection of Ward 12?

» What would be my tax payment on property online?

» Complaining of water supply disruption in my area.

»  Which documents are needed to make an application to take birth certificate?

The chatbot could identify the intent and extract relevant entities (e.g., the ward number, the type of service) and
provide the relevant responses of each query. Complaints were related to queries to which municipal complaint
management system was appended.
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Fig 2: Interaction Workflow
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TABLE [: COMPARATIVE ANALYSIS

Query Type Average Helpdesk Response Time Chatbot Response Time Accuracy of Chatbot Responses
Garbage collection info 15-20 minutes <5 seconds 95%
Tax payment queries 20-30 minutes < 5 seconds 92%
Water supply complaints 30-40 minutes <10 seconds 90%
General civic information 10-15 minutes < 5 seconds 96%

VI. RESULT AND DISCUSSION

A. Performance Analysis

The chatbot was tested on several dimensions to determine how effective the chatbot is in providing answers to
local civic queries.

Accuracy in intent Classification: The system was found to have an average of 93% in the major intent
categories (FAQ, complaint, service inquiry, status tracking). False classifications were mostly witnessed on
overlapping intent queries.

Response Relevance: Response relevance was rated as high (91) by human evaluators whose most of the
responses were rated as appropriate and helpful within the context.

User Satisfaction Metrics: A pilot survey of 100 individuals revealed that 87 per cent of those surveyed found
the chatbot answers fast and accurate and 82 per cent of those surveyed said they would use the chatbot regularly
as opposed to the traditional helpdesks.

These findings confirm that the proposed NLP-based chatbot is capable of providing effective, precise and
convenient civic assistance.

B. Benefits

The implementation of the chatbot proved to have a number of useful advantages:

Less Workload on Civic Staff: With the automation of the repetitive queries, the workload on the helpdesk staff
was reduced and the staff could concentrate on the more complex and case-specific queries.

Faster Response To citizens: The average response time decreased by 15-30 minutes helpdesk and subsequently
to less than 5 seconds chatbot.

Regional User Inclusion: Support Multilingualism helped to establish a fruitful communication with the citizens
speaking the local or code-mixed language, and to remove the digital divide.

Scalability and Availability: The system could accommodate multiple users simultaneously without any issues
and there was a 24/7 availability.

C. Challenges

Though successful, the study has shown that there are certain challenges existing and that they should be taken
into account in more detail:

Unclear Queries: Sometimes confused queries included a vague wording in the query (e.g., I have an issue in my
area), which meant that the feedback was not finished or applicable.

Dynamic Data Maintenance: It was essential to maintain the municipal databases as the most recent (e.g.
schedules, statuses of complaints) to make sure that the information is correct.

Privacy & Security: Since the system will have a possible access to sensitive information of citizens in the
country there must be a high degree of adhering to the practice of data protection and data encryption.

Context Retention: Occasionally context was lost because of a long/ multi-turn conversation which had an effect
on the quality of responses.
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D. Discussion

Overall, the chatbot worked quite successfully in the sphere of mediating citizens and municipal services. Its
ability to enhance the responsiveness and access through it has dramatically improved is also indicative of its
potential as one of the key facilitators of the smart governance programs. However, these issues as the ones
associated with handling ambiguity, database synchronization, and privacy will need to be undertaken to render
it large-scale. The systems can also be enhanced with the addition of more advanced techniques such as
contextual embeddings, lifelong learning, and federated privacy-preserving NLP, which can be expected to
enhance the performance of the systems in the future.

VII. FUTURE WORK

The chatbot in question can be improved to become more complex features and a greater range of the application
of smart governance. The introduction of Large Language Models can be introduced in the timely manner to
provide a more natural and contextually aware conversational skillset in order that the system would be capable
of answering more complex queries with more specificity. Voice interfaces may also make it inclusive, as it can
provide greater access to low-literate or disabled citizens. Real time sentiment analysis can be incorporated to
determine urgency among the queries that the user would be having and the municipal authorities will be
prioritized in the issues that are of importance such as disruption of water supply or emergency. Besides, the
system can be extended to operate within the broader smart city settings to extend its services not only to the
municipal applications but also to the traffic control, medical care and disaster management. The integration with
e-governance dashboards and IoT devices can lead to the data-driven and real-time service delivery and
consequently transform the chatbot into a key component of smart citizen-centred governance in the future.

VIII. CONCLUSION

The provided study provided the design and deployment of a chatbot architecture based on NLP to respond to
local civic queries. The intent recognition, entity extraction and hybrid response generation could be discussed as
efficient processes applied by the system to answer the most popular questions, make complaints and follow the
status and accept multilingual inputs.

The chatbot discussed was rather effective in terms of reducing the response time, improving the relations with
citizens, and making the work of municipal workers easier. To the fact that it is available 247 and it is regional in
its use of language is a plus of its use as an inclusion tool to establish greater accessibility and openness in
governance.

In conclusion, this paper has shed some light on whether conversational Al could be used to transform the
process of delivering municipal services and increasing the proximity of citizens and the government. The
proposed chatbot is a step towards the intelligent Al-driven system of civic support, which is consistent with the
overall vision of digital governance and smart city ecosystems.
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