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Abstract - Artificial intelligence (AI) has been increasingly adopted to improve knowledge 

retrieval and decision-making in enterprise environments; however, proposal preparation in 

the pre-sales stage still relies heavily on manual searches across fragmented document 

repositories and heterogeneous file formats. This study addresses this gap by proposing a 

retrieval-augmented generation (RAG)-based system that automates the retrieval, 

summarization, and generation of proposal-related information from both internal repositories, 

such as OneDrive and SharePoint, and external web sources. The proposed system integrates 

Azure Blob Storage, Azure AI Search, Azure OpenAI, and Bing Search within a RAG 

framework, supported by a web-based interface developed using React/Next.js. Unlike 

conventional keyword-based search tools, the system interprets user intent and delivers 

consolidated, relevant information to support proposal drafting. Experimental evaluation in a 

pre-sales use case demonstrates a reduction in manual information retrieval effort and 

improved content relevance, while achieving an average response generation time of 102 

milliseconds, enabling real-time interaction. Overall, the findings demonstrate how secure, 

enterprise-grade cloud integration and RAG-based conversational systems can transform pre-

sales workflows by allowing professionals to shift their focus from manual information 

gathering to higher-value strategic content development. 
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1. Introduction 
Artificial intelligence (AI) is reshaping enterprise operations by enabling automation, real-time analytics, and contextual 

decision-making. In large corporations that operate using a business-to-business (B2B) model, proposals are a key 

medium of communication. Proposal development is essential for establishing and maintaining professional partnerships, 

conducting contract negotiations, collaborating on projects, and addressing issues [1]. In the pre-sales stage, it is necessary 

to prepare high-quality proposals that align technical capabilities with client needs. However, current practices require 

the manual retrieval of information from distributed repositories, such as OneDrive and SharePoint, often in 

heterogeneous formats, including Word, PowerPoint, PDF, and Excel. This leads to prolonged preparation time, 

inconsistent proposal quality, and a higher risk of outdated or inaccurate information being included. Addressing these 

challenges, human intervention can be reduced through automated solutions that can identify and utilize data across 

multiple systems efficiently [2]. From the perspective of current technological advancements, AI-based modelling is 

recognized as a key driver of automated, intelligent systems, shaping the future of businesses by improving, accelerating, 

and enhancing the accuracy of processes [3]. This study proposes an AI-powered chatbot system that automates the 

extraction and retrieval of proposal-related information. The solution leverages Large Language Models (LLMs), Natural 

Language Processing (NLP), and Generative Pre-Trained Transformers (GPT) to assist users during proposal generation. 

It integrates Azure OpenAI for language understanding, Azure Blob Storage for secure data storage, Azure AI Search for 

semantic retrieval, Vercel AI for orchestration, and Bing Search for external knowledge supplementation. Front-end 

frameworks such as Next.js and React.js have gained significant popularity for developing modern applications [4], 

particularly for delivering high-performance, interactive, and dynamic chatbot interfaces [5]. Additionally, studies have 

shown that GPT-4o, when integrated with the Next.js App Router, can be used to develop highly effective, context-aware 

conversational chatbot systems [6]. For storing large volumes of unstructured data, Microsoft Azure Blob Storage is 

regarded as a suitable hybrid cloud solution due to its cost-effectiveness, security, and scalability [7]. 

Furthermore, Azure AI Search plays a crucial role in enhancing data retrieval performance, particularly through the 

integration of AI and NLP, which improves search quality and speed [8]. At the core of orchestrating these components 

is the Vercel AI SDK, an open-source library that enables conversational and streaming interactions within JavaScript 

and TypeScript applications [9]. Meanwhile, Azure OpenAI embedding models can be used to perform searches and 

query a knowledge base for the most relevant documents [10]. To complement internal data gaps, Bing Search, which 

currently holds a substantial portion of the global search engine market share [11], provides real-time external insights. 

Through the Bing Search API, developers can retrieve structured search results and integrate them directly into 

applications [12], making it an effective tool for enriching proposal generation with up-to-date information. Rather than 

treating proposal preparation as a conventional document search task, this study positions it as a knowledge-intensive 

pre-sales workflow that requires intent-aware retrieval and content synthesis across heterogeneous data sources. To 

address the limitations of existing keyword-based and repository-specific tools, this research proposes an end-to-end 
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retrieval-augmented generation (RAG)-based conversational system that integrates enterprise documents and external 

knowledge sources within a unified interface. The significance of this work lies in demonstrating how a RAG-based 

approach can be operationalized in a real-world corporate setting to reduce manual information handling and support 

more efficient proposal development. 

This study aims to identify suitable AI-driven models and cloud components to ensure accurate and efficient 

information extraction and retrieval within a RAG-based pre-sales proposal generation framework. Building upon this 

foundation, it seeks to design and develop a conversational system that integrates internal enterprise repositories with 

external search capabilities, thereby automating proposal-related information retrieval and content synthesis. Finally, the 

research involves implementing a responsive, interactive web-based interface using React or Next.js to facilitate real-time 

user interaction and seamless proposal generation. This paper is structured as follows: Section 2 reviews related work on 

enterprise search, conversational AI, and retrieval-augmented generation; Section 3 presents the methodology, including 

data processing and system implementation; Section 4 discusses the experimental results and analysis; and Section 5 

concludes the paper with insights and directions for future research. 

2. Literature Review 
Artificial intelligence and machine learning have introduced new approaches to organizational knowledge management, 

particularly in tasks involving text classification, summarization, and content generation [13]. The development of 

generative AI and large language models has pushed natural language processing to higher levels of semantic 

understanding [14]. These advancements enable organizations to handle complex proposal documents using automated 

systems rather than manual review. Despite the advancements in NLP, LLMs, GPT models, cloud-based storage, 

augmentation and generation systems, and conversational UI frameworks, existing research and implementations have 

not focused on applying these technologies specifically to the pre-sales proposal development process. Current solutions 

either address general conversational assistance or generic document retrieval, without supporting the domain-specific, 

lengthy, and frequently updated proposal documents used. Additionally, the integration of internal organizational 

knowledge and external, real-time information sources remains limited in prior work. Therefore, this study addresses 

these gaps by integrating GPT-4o, Azure Blob Storage, Azure AI Search, Vercel AI SDK, React/Next.js, and Bing Search 

into a unified AI-powered chatbot system tailored to automate information extraction and retrieval during proposal 

generation. Table 1 summarizes previous studies that address the research gap in this study. Retrieval-Augmented 

Generation is an architectural paradigm that integrates information retrieval mechanisms with large language models to 

generate responses based on external knowledge sources. Rather than relying solely on static knowledge acquired during 

model pre-training, RAG systems retrieve relevant documents at query time and feed them into the generation process, 

enabling more accurate, context-sensitive, and up-to-date outputs. Previous studies have highlighted that this retrieval-

generation coupling effectively mitigates common limitations of stand-alone LLMs, particularly hallucinations and stale 

responses, by generating responses adaptively to the evidence obtained rather than probabilistic inference alone [31]. 

The RAG paradigm is well suited for domain-specific and knowledge-intensive environments where information is 

distributed across internal repositories and is subject to frequent updates. Applied research shows that RAG improves 

reliability and efficiency in closed domain settings by enabling contextual intent retrieval and synthesis from organization-

specific documents, reducing reliance on manual search and generic conversational assistance [32]. As a result, RAG 

provides a solid theoretical foundation for systems that aim to automate enterprise information extraction and content 

synthesis, particularly in workflows such as pre-sales proposal development that require accurate, timely domain-based 

responses. 

Table 1. Summary of literature review and identified research gaps 

Related Study Focus Area / Key 

Findings 

Research Gap How the Current Study Addresses the 

Gap 

Olutimehin et al. [15] AI integration in business 

for efficiency and 

innovation 

Lacks practical NLP application 

in proposal generation or 

retrieval systems 

Applies GPT-4o and NLP for real-

world proposal generation and 

automated retrieval 

Huang [16] Human-AI collaboration 

for coaching 

Focuses on mentoring, not 

document automation 

Uses adaptive LLM for contextual 

proposal generation 

Lin and Jie ([17] GPT-3.5 Turbo for 

translation and 

summarization 

Limited to translation without 

UI or multi-source data 

integration 

Integrates GPT-4o for retrieval, 

summarization, and generation in 

proposal context 

George et al. [18] GPT-4 for corporate 

communication 

No integration with document 

storage or external search 

Combines GPT-4o with Azure AI 

Search, Bing Search, and Blob Storage 

Roumeliotis et al. [19] LLMs for sentiment 

analysis in tourism 

Focuses on sentiment tasks, not 

retrieval-based generation 

Leverages GPT-4o for context-based 

proposal information generation 

Agarwal and Prasad 

[20] 

Azure Blob storage 

benchmarking 

No AI or retrieval integration Integrates Blob storage for secure data 

management and retrieval 

Gnanasekaran et al. 

[21] 

Azure Cognitive Search 

for data retrieval 

Does not integrate generative 

AI 

Combines Azure AI Search with GPT-

4o for semantic retrieval and generation 

Danushka [22] LLM evaluation for 

historical text 

Focuses on historical data, not 

proposal automation 

Adapts GPT-4o for contextual proposal 

generation and retrieval 
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Table 1. continued 

Related Study Focus Area / Key 

Findings 

Research Gap How the Current Study Addresses the 

Gap 

Sekhar Emmanni [23] Full-stack freelance 

application 

No AI or cloud-native 

scalability 

Implements React/Next.js UI with 

Azure Functions for scalability 

Harrison Oke 

Ekpobimi [24] 

SPA framework 

comparison 

Frontend-focused, not AI-

integrated 

Combines React/Next.js with AI for an 

interactive proposal system 

Rathore et al. [25] Next.js for high-

performance web apps 

No AI or retrieval system 

integration 

Uses Next.js to build an intelligent AI-

driven chatbot interface 

Mohan et al. [26] Next.js-based delivery 

management 

Focused on the logistics 

domain 

Extends Next.js for intelligent document 

workflow automation 

Gangi Reddy et al. 

[27] 

Collaborative search with 

summarization 

No generative or Azure 

integration 

Integrates Bing Search and GPT-4o for 

enhanced proposal insights 

Patil [28] Chatbot with Bing Search Conversational only, lacks 

proposal generation 

Integrates Bing Search with GPT-4o for 

proposal data retrieval and insights 

Jovanić and Čarapina 

[29] 

Real-time inventory using 

Vercel AI SDK 

Focuses on stock management 

only 

Uses Vercel AI SDK for real-time 

proposal chatbot generation 

 Workorb Blog [30] AI in web content 

creation 

Limited to content generation, 

no data retrieval integration 

Combines Vercel AI SDK with Azure AI 

Search and Blob Storage 

3. Methodology 
The framework consists of tools designed to ease and automate information retrieval during proposal generation. It utilizes 

cloud-based services and artificial intelligence technologies to facilitate optimized data search and document access, while 

also driving AI-based insights. The sequence diagram in Figure 1 illustrates the end-to-end interaction between users and 

the proposed AI-powered solution development tool, designed to support the pre-sales process. This could help users 

streamline the extraction and retrieval of the relevant information through a conversational interface. The process begins 

when the users upload documents, such as technical specifications, templates, and brochures, which are stored securely 

in Azure Blob Storage, forming the system’s internal data ingestion and knowledge base. Compared to traditional file 

management systems, this framework can transform raw documents into semantically searchable data by integrating with 

intuitive components.  

   

 

Figure 1. Sequence diagram of the AI-powered proposal generation workflow 

To enable the content to be queryable, Azure AI Search then indexes and embeds the uploaded document. During this 

phase, Azure OpenAI’s embedding model is utilized to convert the text into numerical vectors, enabling Azure AI Search 

to perform semantic matching rather than simple keyword lookup. Azure AI Search stores these embedded vectors, 

allowing users to receive context-aware and intelligent responses to their queries. After the data ingestion and 

vectorization process, the question-and-answer phase is also included in the framework. This interactive question-and-

answer phase between users and the chatbot UI occurred on the front end using React and Next.js tools. React/Next.js is 

not utilized for UI; instead, it is integrated with the back end using Vercel AI to orchestrate the system workflow. This 

integration between the front-end and back-end enables users to chat on the UI and retrieve relevant and accurate answers 

from AI-driven tools that obtain responses from internal and external web-based data, thereby enhancing the chatbot's 

effectiveness.  



Aqilah Maisarah Azizi et al. │ Data Analytics and Applied Mathematics │ Vol. 7, Issue 1 (2026) 

journal.ump.edu.my/daam   34 

For example, when a user queries the UI front-end, the query is sent to Vercel AI via OpenAI. Vercel AI calls Azure 

AI Search to gather the internal query-related information and then sends it back to Vercel AI. Azure AI Search returns 

embedded and indexed information that is stored in it. When the information is insufficient or outdated, Vercel AI will 

retrieve external query-related data from Bing Search to enrich the responses and access real-time web data. The responses 

are sent back to Azure OpenAI for advanced natural language generation. After uniting the information from internal and 

external sources, an AI-generated response is compiled. This extract is then presented back to the chatbot interface via 

Vercel AI. Overall, this framework demonstrates an intelligent and automated process that assists users in extracting 

essential information to generate proposals efficiently and effectively. The integration of multiple AI-driven tools enables 

the chatbot system to not only retrieve relevant data but also provide enriched, accurate, up-to-date, and contextually 

relevant content to support decisions made by users in pre-sales activities. 

3.1 Data Collection 
The study utilized company-supplied internal documentation. The data consisted only of internal documentation typically 

used during pre-sales activities. The data provided includes PowerPoint files, for example, containing service trial details 

and proposal content. Next, Excel files, for example, contain those technical configurations and schedules. Lastly, the 

CSV files contain structured operational data. 

3.2 Data Preparation 
This is a crucial phase of the data preparation process that can directly impact the performance and accuracy of the AI-

driven proposal generation tool. All relevant data would be uploaded, ingested, embedded, and indexed appropriately to 

enable a seamless querying and data retrieval experience during the proposal generation process. Since Azure’s system 

automates this process, it has eliminated the traditional processing step, making the system more effective. 

3.3 Data Ingestion  
The initial step, creating an Azure Blob Storage account, was done in a designated resource group, which served as the 

primary point for data ingestion. Five documents related to proposals, like past proposals, templates, and brochures, were 

uploaded in formats such as PowerPoint, Excel, and CSV. Once data has been stored, it has been ingested into the allocated 

container, which is well-structured and easily accessible for subsequent processes, such as indexing and embedding, to 

prepare the data for efficient retrieval during proposal generation. 

3.4 Data Embedding 
To enable semantic search and context-aware responses, each document chunk underwent vector embedding using the 

Azure OpenAI Embedding API. The embedding process converted textual content into high-dimensional numerical 

vectors representing meaning rather than keywords. These vectors were stored in Azure AI Search vector indexes, 

supporting similarity-based matching between user queries and document content. By using embedding models derived 

from GPT-4o, the system achieved a robust understanding of technical terminology and cross-document context. 

 

 

Figure 2. API response times compared with GPT-3.5 turbo, GPT-4o mini and GPT 4o [31] 

3.5 Data Indexing 

Following embedding, data indexing structured the information into retrievable clusters. Indexes included metadata such 

as document title, author, source type, and timestamp. Each index entry was linked to its corresponding embedding vector 

to support hybrid (keyword + semantic) queries. Azure AI Search automatically refreshes indexes when documents are 
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updated in Blob Storage. This ensured the chatbot could consistently retrieve the latest validated content, reduce manual 

curation, and ensure information accuracy.  

3.6 Implementation 

After reviewing multiple transformer architectures, GPT-4o was selected as the optimal model due to its multimodal 

capability, high context window, and efficiency in corporate environments. Compared to GPT-3.5 Turbo, GPT-4o 

provided faster inference and improved comprehension of mixed technical and natural-language queries, also supporting 

multilingual interaction. The model’s integration was fine-tuned through Azure OpenAI endpoints. Figure 2 shows the 

API response times compared with GPT-3.5 turbo, GPT-4o mini and GPT 4o. 

The React/Next.js framework was adopted to develop the chatbot interface due to its modularity, performance, and 

server-side rendering capabilities. The interface comprises chat input, response display, and message-stream components 

linked to Vercel AI’s API routes. React hooks manage state synchronization, while Tailwind CSS ensures responsive 

design. Next.js supports server-side rendering, which enables faster load times and enhances SEO, making the solution 

scalable for enterprise use. The project integrated several AI-driven tools: 

i) Azure Blob Storage: central data repository enabling secure storage and fast retrieval. 

ii) Azure AI Search: vector-based semantic retrieval engine. 

iii) Azure OpenAI: embeddings model and generative responses. 

iv) Vercel AI SDK: orchestrator connecting front-end and back-end processes. 

v) Bing Search API: supplements internal data with verified external information and real-time industry insights. 

Together, these tools form a unified ecosystem for intelligent information extraction and retrieval in proposal 

development. 

3.7 Deployment 
A RAG-based proposal-generation system was deployed to users via a web application with a custom domain. The front-

end of the web application was built with React and Next.js, enabling users to experience a responsive, dynamic interface 

for information extraction and retrieval during the proposal generation process. Cloud infrastructure was used to deploy 

this chatbot, ensuring scalability, availability, and secure data management. Then, for security concerns, users have secure 

access to the system, which only authorized users can access sensitive proposal data and interact with the AI-driven tools. 

They are required to log in through Azure Entra before accessing the chatbot. The system’s cloud-based architecture not 

only ensures it can meet users’ needs by interacting with multiple tools simultaneously but also maintains data security 

and performance. 

4. Results and Discussion 
The implementation phase transformed the research framework into a functional RAG-based system for pre-sales 

proposal support. The system was designed to automate information retrieval, augmentation, and generation by 

integrating a domain-specific AI model, a responsive front-end interface, and cloud-based services. GPT-4o was selected 

as the core AI model due to its advanced natural language understanding and generation capabilities. Internal proposal 

documents are securely stored in Azure Blob Storage and indexed using Azure AI Search, which generates semantic 

embeddings for intent-aware retrieval. External knowledge is accessed through Bing Search to complement internal data, 

ensuring up-to-date information. The system follows a retrieval-augmentation-generation pipeline. In the retrieval stage, 

relevant internal and external documents are identified based on semantic similarity to the user query. During 

augmentation, retrieved documents are combined with the query to form a context-enriched prompt. Finally, GPT-4o 

generates coherent outputs tailored for proposal drafting. The entire workflow is orchestrated via the Vercel AI SDK, 

which facilitates seamless communication between the front-end and backend services. 

The front-end interface, developed with React and Next.js, enables conversational interaction and real-time query 

handling. Azure Entra authentication ensures secure, role-based access, while audit trails maintain compliance with 

enterprise data governance standards. The system architecture supports scalability, modularity, and secure deployment as 

a centralized web application, providing a robust platform for automating the retrieval and synthesis of proposal-related 

information. Upon completion of the implementation phase, the RAG-based system was fully deployed as a secure web 

application, enabling pre-sales professionals to interact with internal and external data sources via a responsive 

conversational interface. With the system architecture and retrieval-augmentation-generation workflow established, its 

performance, effectiveness, and impact on the proposal generation process were evaluated in a real-world use case. 

The deployed system successfully integrates internal enterprise documents with external web-based knowledge, 

providing a comprehensive platform for automated proposal support. User queries submitted through the React/Next.js 

interface is processed in real time by GPT-4o, which synthesizes retrieved content into coherent, contextually relevant 

outputs. Azure Entra authentication ensures secure access, while role-based permissions and audit trails maintain 

enterprise compliance. Unlike general-purpose chatbots, which rely solely on public datasets, the proposed system 

combines internal vector databases with external retrieval, ensuring both accuracy and currency of information in a 

domain-specific, enterprise-ready environment. 

Performance evaluation demonstrates an average response generation time of 102 milliseconds, as shown in Figure 3, 

confirming the low-latency capability of the RAG pipeline and supporting real-time interaction suitable for dynamic pre-
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sales workflows. The semantic embeddings generated through Azure AI Search enable intent-aware retrieval of internal 

documents, while augmentation incorporates external information to enrich query context before generation by GPT-4o. 

This workflow ensures that outputs are accurate, relevant, and structured for direct inclusion in proposal drafts, 

significantly reducing the manual effort and inconsistency associated with conventional document searches. 

 

 

Figure 3. Terminal output while the query is processed in real time 

By consolidating heterogeneous sources and automating information synthesis, the system allows pre-sales 

professionals to focus on strategic content development, rather than repetitive data gathering. The hybrid architecture, 

combining retrieval, augmentation, and generation, represents a novel contribution to enterprise knowledge management, 

delivering a secure, scalable, and context-aware solution tailored for proposal preparation. Overall, the results demonstrate 

that integrating cloud-based AI services within an RAG framework can significantly enhance efficiency, accuracy, and 

productivity in pre-sales operations, providing a practical and innovative tool for corporate decision-making. 

5. Conclusions 
This study successfully developed a retrieval-augmented generation-based system to automate the retrieval, 

augmentation, and generation of proposal-related information in the pre-sales process. The system integrates multiple 

Azure cloud services, including Azure Blob Storage for document storage, Azure AI Search for semantic retrieval, Azure 

OpenAI for content generation, and Bing Search for external knowledge enrichment, enabling efficient access to both 

internal and external data sources. A web-based conversational interface built with React/Next.js provides a responsive 

platform for users to submit queries and receive real-time, context-aware responses. 

A key contribution of this work lies in the augmentation stage, where retrieved documents are dynamically combined 

with user queries to construct enriched prompts that preserve contextual relevance before response generation. The 

generation stage, powered by GPT-4o, synthesizes the augmented information into coherent and task-specific outputs, 

supporting proposal drafting rather than simple document retrieval. The adoption of the Vercel AI SDK further facilitates 

real-time communication between the front-end and back-end, ensuring low-latency interaction and efficient data 

processing. Overall, the proposed RAG-based system streamlines proposal generation by reducing manual information 

handling and enabling users to focus on strategic content creation, demonstrating the effectiveness of combining cloud-

based AI services with modern web technologies in enterprise pre-sales workflows. 

Future research will focus on extending the proposed system through automatic scaling and event-driven processing 

by integrating Azure Functions, thereby enabling greater flexibility, resilience, and resource efficiency across varying 

user workloads. In addition, multimodal data handling will be explored to enable the chatbot to process and reason over 

images, tables, and graphical content alongside textual data, thereby supporting richer, more comprehensive proposal 

generation. These enhancements are expected to improve system scalability and broaden its applicability to more complex 

enterprise documents and real-world pre-sales scenarios. 
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