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Abstract
Travel agencies in many African countries face
increasing pressure to handle large volumes
of customer inquiries with limited staff or, ei-
ther non-existent or outdated rule-based chat-
bots. To address this challenge, we develop a
conversational virtual assistant powered by a
Large Language Model (LLM) and enhanced
with a Retrieval-Augmented Generation (RAG)
pipeline. The system combines LLM reason-
ing, company-specific knowledge retrieval, and
real-time API (Application Programming Inter-
face) integration to deliver accurate, context-
aware responses through WhatsApp, the re-
gion’s most widely used communication plat-
form. A dedicated web interface enables staff
to upload and update internal documents, en-
suring that the assistant remains aligned with
changing service information. Demonstrations
show that the proposed solution improves re-
sponse speed, enhances user experience, and
reduces operational burden.

1 Introduction

The rapid evolution of artificial intelligence world-
wide has led to the emergence of Large Language
Models (LLMs), which demonstrate exceptional
abilities in natural language understanding, coher-
ent text generation, and task automation. These
models are becoming essential tools in various do-
mains, offering new opportunities for intelligent
decision-making and human–machine interaction.
However, despite this global progress, the effective
adoption of artificial intelligence (AI) technologies
in many African countries remains limited. Several
sectors continue to show reluctance toward inte-
grating and trusting AI systems, even though such
tools could significantly simplify operational work-
flows and contribute to economic growth and digi-
tal transformation across the continent (Azaroual,
2024).

In African contexts, and across varying levels
of digital innovation and automation adoption, AI

tools show an adoption rate of 41%, primarily fo-
cused on analytics, fraud detection and chatbots
King et al., 2025. Due to restricted access to ad-
vanced technologies and infrastructure, as well as
regulatory and policy gaps such as outdated regula-
tions and insufficient data King et al., 2025, chat-
bots struggle to support natural and flexible conver-
sations, often failing to deliver a satisfactory user
experience. As a result, their adoption remains low,
and organizations face increasing pressure to han-
dle customer requests manually leading to service
delays and operational inefficiencies.

These challenges are particularly visible in the
travel industry. In this study, we focus on a travel
agency offering a broad range of services, including
flight booking, visa assistance, tourism packages,
car rentals, and accommodation arrangements. Due
to the large volume of client inquiries and limited
human resources, the company often struggles to
respond promptly and accurately to customer needs.
This situation highlights the need for an adaptive
and intelligent virtual assistant capable of manag-
ing diverse customer queries in real time while
reducing the workload on agency staff.

In this paper, we address these challenges
through two main system components. (1) We
transform an existing rule-based chat-bot into a
fully conversational AI assistant powered by a
Retrieval-Augmented Generation (RAG) architec-
ture, enabling the system to produce accurate,
context-aware, and up-to-date responses grounded
in the agency’s verified documents. (2) We develop
a dynamic and secure web platform that allows
authorized staff to directly upload and update infor-
mation (text or PDF form) in the chat-bot’s knowl-
edge database, ensuring that the system remains up
to date, reliable, and aligned with changes in travel
policies or service offerings.

In general, this work provides a practical demon-
stration of how LLM-based conversational systems
can be effectively integrated into African service
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environments, offering a foundation for future ex-
tensions such as multilingual support and deploy-
ment in other sectors.

2 Related Work

Conversational agents have been extensively stud-
ied in artificial intelligence, progressing from early
rule-based systems to modern neural and LLM-
driven architectures. Traditional dialog systems
relied on hand-crafted rules and slot-filling ap-
proaches (Weizenbaum, 1966; McTear, 2002),
which limited their flexibility and naturalness. The
emergence of sequence-to-sequence models and
transformer-based architectures (Vaswani et al.,
2017) enabled more fluent responses, but these sys-
tems still required large task-specific datasets and
often struggled to generalize beyond their training
domain.

Recent advances in Large Language Models
(LLMs), such as GPT-3 (Brown et al., 2020), PaLM
(Chowdhery et al., 1), Llama-2/3 (Touvron et al.,
2023) and Mistral (Jiang et al., 2024), have signifi-
cantly improved conversational quality by leverag-
ing large-scale pretraining. These models possess
strong zero-shot and few-shot capabilities, enabling
them to support open-domain and task-oriented di-
alogue with minimal supervision. However, LLMs
are also prone to hallucinations (Maynez et al.,
2020) and often produce incorrect or unverifiable
information, making them unreliable for domains
requiring precise factual knowledge such as travel
regulations, visa requirements, and service policies.

To mitigate hallucinations, Retrieval-Augmented
Generation (RAG) approaches combine LLMs with
external knowledge sources (Lewis et al., 2020;
Izacard and Grave, 2021). Retrieval-based augmen-
tation has proven effective for grounding model
outputs, improving factual accuracy, and ensur-
ing up-to-date responses in dynamic domains, in-
cluding customer service and information retrieval
pipelines.

Within the African Natural Language Process-
ing (NLPs) research landscape, significant progress
has been made in addressing the scarcity of dig-
ital resources, datasets, and language technolo-
gies for African languages. Initiatives such as
Masakhane (Nekoto et al., 2020), the AfriBERTa
model (Ogueji et al., 2021), and the MasakhaNER
2.0 Africa-centric transfer learning or Named En-
tity Recognition (Adelani et al., 2022) efforts have
contributed to multilingual NLP resources for low-

resource African languages. Nevertheless, conver-
sational AI applications tailored to African service
industries remain under-explored. Existing chat-
bots deployed in African contexts often rely on
rule-based or template-driven designs (Marone and
Mbengue, 2025), leading to rigid interactions and
limited scalability.

Despite the growing availability of African NLP
resources, very few studies focus on LLM-driven
conversational assistants for industry-specific work-
flows, such as travel agencies, tourism or customer
support. Previous work on domain-specific as-
sistants focuses mainly on general-purpose RAG
pipelines (Gao et al., 2023) or enterprise knowledge
systems, but does not address the unique infrastruc-
ture, data availability, or adoption challenges faced
in African markets.

Our work contributes to filling this gap by
demonstrating a practical use case of LLM-driven,
RAG-based conversational assistance in an African
travel agency context. Unlike previous rule-based
systems used locally, we build a system capable of
natural conversation, grounded retrieval, and dy-
namic knowledge updates through a dedicated web
platform.

3 System Architecture

This section presents the architecture of the pro-
posed conversational chat-bot, designed to improve
the existing system with a more adaptive and scal-
able approach. The system integrates an LLM for
natural and fluid conversation, a RAG pipeline us-
ing a vector database and an embedding model to
provide to the bot precision on company-specific
knowledge, external API (Application Program-
ming Interface) for real-time information such as
flight options, and Meta Webhook integration to
enable conversations via WhatsApp.

3.1 Data Sources and Knowledge Database

To ensure the delivery of accurate and reliable in-
formation over time, our chat-bot relies on three
primary data sources.

General Knowledge of the LLM One of the
core sources of information used by our chat-bot
is the general knowledge embedded in our LLM.
Large language models are trained on vast and di-
verse corpora, including publicly available web
documents, code, images, audio, video, and more;
giving them broad world knowledge, linguistic pat-
terns, and strong reasoning capabilities (Google
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Figure 1: Initial Login Interface: The administrator accesses the system by entering authentication credentials,
including a username and password, in order to securely log in and manage system functionalities.

DeepMind, 2024a). This general-purpose knowl-
edge forms the foundational layer of our system
and enables the model to provide coherent, con-
textually relevant responses even when domain-
specific information is not available externally.

In this study, we use Gemini-2.5-flash, accessed
through its official API, as the primary LLM pow-
ering the chat-bot. Gemini-2.5-flash is part of the
Gemini family, developed by Google Deep-mind.
It is designed for efficient, real-time inference, mak-
ing it well-suited for interactive applications such
as chat-bots (Google DeepMind, 2024b). The use
of langchain community provide to the system an
internal memory which help to keep the history of
the conversation per user (Community, 2023).

To adapt the general knowledge of the LLM to
the specific context of our application, namely the
company domain, internal data, and user needs,
we rely on prompt engineering. Prompt engineer-
ing uses carefully designed instructions, context
templates, and query formulations to guide the
LLM toward producing outputs aligned with the
desired domain and style. This method has been
widely studied and shown to significantly enhance
the performance of LLMs across many tasks with-
out changing their internal weights (Li et al., 2023).

External API (Application Programming Inter-
face) An API is a set of rules and specifications
that enables different software systems to commu-
nicate and exchange data and functionalities (Post-
man, 2024). In our work, we use several APIs
provided by the company, particularly for retriev-
ing IATA (International Air Transport Association)
airport codes, fetching real-time flight availabil-
ity based on the destination and flight type (round

trip or one-way), and other operational informa-
tion. The integration of these APIs with the LLM
is achieved through the Model Context Protocol
(MCP), an architecture primarily composed of a
client–server interaction model that facilitates se-
cure and efficient communication between the chat-
bot and external services (Protocol, 2023).

Specific Knowledge of the Company Knowing
that LLMs only provide general knowledge, it is es-
sential to supply them with company-specific infor-
mation such as organizational activities, available
products, and up-to-date service details. To address
this need, we developed a dedicated web interface
for staff members (Figure 2). Access to this plat-
form is protected by an authentication mechanism
(Figure 1), ensuring that only verified employees
can upload, update, or manage internal company
documents.

Through this secure interface, employees can up-
load or update internal documents, including text
files and PDFs, containing information relevant to
the company’s services. Once uploaded, the docu-
ments are automatically processed, embedded, and
stored in a vector database. This controlled access
helps protect sensitive company information and
prevents unauthorized disclosure or manipulation
of internal data, while ensuring that the chatbot
consistently provides accurate and up-to-date re-
sponses during user interactions.

In addition, the system supports document man-
agement functionalities, including the deletion of
outdated or irrelevant documents and the computa-
tion of statistics to track the volume of documents
available in the database.These features further con-
tribute to data governance and privacy by allowing
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Figure 2: Web Knowledge Base Manager: Web-based interface for data management, allowing authorized staff to
upload content, manage existing data, and view vector database statistics.

administrators to maintain only relevant and cur-
rent information within the system.

To support this retrieval process, we rely on a
vector database, a system that stores data in the
form of high-dimensional numerical vectors. This
structure enables efficient similarity search, allow-
ing the chat-bot to retrieve the most relevant infor-
mation based on semantic meaning rather than sim-
ple keyword matching. Several vector databases
exist (e.g., Pinecone, Weaviate, Milvus), each with
distinct capabilities. In this study, we employ
Qdrant, an open-source vector database optimized
for high-performance vector similarity search and
scalable AI applications (Team, 2023). Qdrant
was selected because it offers strong support for
semantic search, delivers fast query performance,
and remains free and user-friendly, making it well-
adapted to our deployment constraints.

Before being stored in Qdrant, textual data must
be transformed into vectors using an embedding
model. This model converts text into numerical
representations that preserve semantic meaning,
allowing the system to compare and retrieve docu-
ments based on their conceptual similarity. For this
purpose, we use the BGE-M3 embedding model,
which supports dense and multi-vector retrieval as
well as multilingual processing (Chen et al., 2024;
Xiao et al., 2024). Our choice is motivated by its
balance of accuracy and computational efficiency:

the model is free, lightweight, and capable of gener-
ating rich embeddings that capture nuanced seman-
tic relationships. These characteristics are essential
for ensuring high-quality semantic search and, ulti-
mately, improving the chat-bot’s ability to deliver
reliable, context-aware answers.

3.2 System Implementation

The full system implementation is designed around
a hybrid architecture combining generation, re-
trieval, and real-time API interaction. Figure 3
shows an overview of the workflow, and the main
components are described below.

User’s Interface. To enable real-world deploy-
ment and effectively meet the operational needs
of the travel agency, the chat-bot has been inte-
grated with WhatsApp, which is the most widely
used communication platform in the region. This
choice ensures that users can interact with the sys-
tem through a familiar and accessible interface,
minimizing barriers to adoption.

The integration follows a structured workflow:
When a user sends a message to the agency’s What-
sApp Business number, the message is first for-
warded by the Meta Developer Webhook to the
backend server. The backend then processes the
query, leveraging the chat-bot’s natural language
understanding and retrieval capabilities to generate

174



User’s message

Intent Detection 

by the LLM

MCP System 

Activation

User Response 

Provides by the 

LLM

RAG System 

Activation

Tool’s Result 

Provide to the 

LLM

Sent via WhatsApp

Sent via WhatsApp Fligh Booking

Intent Detect

Retrieval to the Database

Anything not Related to 

Flight Booking

API Calling

Response Formatting

Figure 3: System Architecture: Our hybrid conversational assistant workflow combining intent-based routing,
Multi-Component Processing (MCP), and Retrieval-Augmented Generation (RAG). User messages received via
WhatsApp are first classified by the LLM; flight booking intents trigger API calls, while general travel queries
activate the RAG system to retrieve knowledge from the database.

an appropriate response. Once generated, the re-
sponse is transmitted back to the user through the
WhatsApp Cloud API, completing the interaction
cycle. This architecture not only guarantees real-
time communication but also ensures scalability,
reliability, and ease of maintenance. By leveraging
a widely adopted messaging platform, the system
provides a seamless and intuitive user experience
while supporting the agency’s operational objec-
tives and enhancing customer engagement.

Backend Service Once a user message is cap-
tured and forwarded to the backend server, it is first
processed by the Gemini model, which is respon-
sible for interpreting the message and performing
intent detection. If the query is general in nature,
for instance, greetings or requests for broad, non-
specific information, the model responds directly
using its pre-trained knowledge. However, if the
query pertains to the company’s services, the sys-
tem activates one of two specialized orchestration
pathways.

For flight-ticket booking intents, the Model Con-
text Protocol (MCP) system is triggered. In this
case, the external flight-booking API is not invoked
immediately. Instead, the Gemini model initiates a
clarification dialogue to gather all essential book-
ing parameters from the user, including destination,
number of travellers, travel dates, and flight type.
Once the information is complete, the MCP system
retrieves the corresponding results. These results
are then passed back through the Gemini model,
which reformats, verifies, or restructures the out-
put as needed before producing the final user-ready
response.

For all other service-related intents not involving
flight booking, the system activates a Retrieval-
Augmented Generation (RAG) pipeline. In this
workflow, the embedding of the user query is com-
pared against stored document embeddings within
the company’s vector database. The most relevant
information is retrieved (result from the RAG re-
trieval) and supplied to the Gemini model alongside
the original query. The model then integrates this
domain-specific context with its generative capabil-
ities to produce a precise, consistent, and contextu-
ally grounded response.

The entire orchestration is governed by care-
fully engineered prompts that direct the model’s
behaviour across different scenarios. This design is
further strengthened by few-shot prompting strate-
gies, which provide the model with concrete exam-
ples of expected behaviour, thereby enhancing its
ability to generalize across diverse queries while
ensuring accuracy, consistency, and alignment with
the company’s operational requirements.

4 Usability and Analysis

Travel companies often face a high volume of cus-
tomer inquiries while lacking sufficient customer
service staff, leading to long waiting times and
customer dissatisfaction. Existing procedural chat-
bots are limited by rigid, step-by-step interactions
that can be slow and cumbersome. To address this
issue, we propose a conversational chatbot that al-
lows customers to interact naturally via WhatsApp
and receive immediate, relevant responses without
human intervention. The system was developed
and deployed in collaboration with a real travel
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Figure 4: Dialogue State Management: Example showing the assistant’s handling of complex conversational
dynamics. The system manages a context shift (father to daughter), corrects initial assumptions (one-way to round-
trip), confirms multiple parameters through clarification questions, and seamlessly switches languages (English to
French) while maintaining contextual coherence.

agency experiencing these challenges and was de-
signed to handle all customer inquiries related to
the agency’s services, including bookings, pricing,
schedules, policies, and general support. This real-
world deployment demonstrates the practical appli-
cability of the solution and its potential to improve
response times, enhance customer service quality,
and reduce operational burden for travel agencies.

Figures 4 and 5 illustrates a typical interaction
with the proposed chat-bot. When a user restarts
a session, the system retains the context of previ-
ous conversations and offers the option to resume
where the dialogue left off. After the required in-
formation is gathered, the chat-bot initiates a flight
search only once the user explicitly confirms that
the collected details are correct. In addition, the
system seamlessly adapts to the user’s language
primarily (English and French), which are among

the most widely spoken languages in many African
countries. The response time is also remarkably
fast, giving the impression of an almost real-time
conversation with a human agent.

The example presented in this paper highlights
the chat-bot’s ability to remain aligned with the
intended domain whether the query concerns flight
booking or any other service offered by the com-
pany, while delivering a genuinely conversational
and context aware user experience.

Conclusion and Future Work

In this work, we present a conversational chat-
bot powered by a large language model (LLM),
equipped with a Retrieval-Augmented Generation
(RAG) system, and designed for a travel agency
offering a wide range of services. The virtual as-
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Figure 5: Example Conversation Flow: An illustrative WhatsApp exchange demonstrating the assistant’s flight
booking capability. The system extracts travel parameters (origin, destination, dates), proposes a return date, presents
multiple flight options with converted pricing (INR to XAF), and provides booking links.

sistant demonstrates the ability to understand user
queries, provide relevant guidance, and support
clients throughout the interaction, while maintain-
ing a smooth conversational flow thanks to its low
latency and user friendly tone. For future work,
we will focus on two main directions. First, we
plan to develop a voice-enabled version of the chat-
bot. This will include integrating speech-to-text
and text-to-speech models, enabling users to inter-
act through WhatsApp voice notes. Second,we aim
to integrate African languages into the system to
increase accessibility and cultural relevance. We
will begin with widely spoken languages such as
Swahili and Hausa, and gradually expand to others,
ensuring that the chatbot becomes more inclusive
and better aligned with the linguistic diversity of
the continent. Such a feature would significantly
improve accessibility, particularly for users with

low literacy levels or those who naturally prefer
voice communication. By supporting spoken inter-
action, the chatbot would become more intuitive
and adaptable to real-world user behaviors across
Africa.
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