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Abstract: Nowadays, the need to process large amounts of textual information, such as customer
reviews containing valuable insights, is rapidly increasing. In this paper, we propose an Al-based
simple and efficient system for review analysis based on vector-based retrieval. The system reads
input from CSV files, selects the reviews column, performs preprocessing steps, and maps the
preprocessed reviews into numerical vectors using an embedding model.

We store embeddings in a local FAISS vector database to allow efficient similarity searches. This
enables fast lookup of local embeddings to generate corresponding review content. We then use
semantic similarity search on the embedded reviews to retrieve high-quality review content, much
better than a simple keyword search could achieve.

For small-scale applications, our solution is lightweight, cost-efficient, and easy to deploy. If
extended with a Large Language Model to unlock natural conversation, it offers a straightforward
way to extract insight from review data using the latest Al technology.

Our research on Vector Database and Semantic Search has found applications in real-world
problems. For example, we used semantic search techniques to analyze millions of customer reviews
using Natural Language Processing (NLP) techniques and generated product recommendations for
thousands of customers.
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I. INTRODUCTION:

With the advent of the information era, there is a massive explosion of plain text
information. This plain text, including customer reviews, ratings, comments, and feedback, contains
descriptions, experiences, opinions, and feedback from users. Extracting useful information and
insight from such unorganized information is a very difficult task. Besides, traditional methods such
as keyword search and statistical methods are not sufficient to obtain the desired outcome from plain
text information.

Recent advances in Artificial Intelligence and Natural Language Processing (NLP) have
made it possible to more efficiently extract and analyze the semantic meaning of text. Most newly
developed methods embed textual information in a vector space so that efficient numerical
representations of context can be created. This has led to the wide adoption of semantic similarity
searches, which have replaced traditional keyword-based searching with more sophisticated
similarity searches based on text vectors.

In this paper, we examine a simple system to analyze customer reviews stored in a
CSV file. First, we read in the required column from the data, clean the text, and create word
embeddings using a pre-trained language model. These embeddings are then indexed in a FAISS
vector database so that similar data can be searched efficiently.

The system can first simulate user queries, then perform a similarity search over
stored review vectors to retrieve relevant reviews, which can be further enriched to human-readable
results by incorporating a Large Language Model (LLM). The system can also be extended
accordingly.
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Our solution for plain text analysis is cost-effective and simple to deploy for small- to
medium-scale environments. It utilizes the latest Al techniques for analyzing plain text and provides
users with actionable insights.

1. IMPLEMENTATION:

The system is built using Python, and it analyses the customer reviews provided in the
form of a CSV file. The Python code uses the Pandas library to load the data; it then selects the
review column and begins the process of analysis, initially carrying out basic data cleaning to
remove any null values and irrelevant information prior to further processing.

The extracted text first goes through a couple of preprocessing steps. First, we
optionally split the extracted text into smaller chunks to improve processing efficiency. Next, we
convert the extracted text into numerical values—text embeddings. These embeddings are generated
by an embedding model trained on a large corpus of human-written text, such as customer reviews,
and capture the semantic meaning of the text.

These generated embeddings are stored on the user's machine in a FAISS vector
database. The search index stores the vector embeddings and their corresponding text. When a user
submits a query, this query is embedded and a similarity search is performed on the index to retrieve
the relevant reviews.

The retrieved results are then displayed back to the user. If a Large Language Model
is present, results can be further processed. The code is simple, efficient, and designed with offline
usage in mind.

I1l. BLOCK DIAGRAM:

The proposed system processes customer reviews through a series of modular stages.
We first implement a streaming data pipeline that takes in a provided CSV dataset and processes the
data to isolate and pre-process the review content. We then convert the content into a vector space
format to feed into an embedding model.
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Fig 1: Block Diagram of Proposed system
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Fig 2: FlowChart of Proposed system

The generated review embeddings are stored in a local vector database using the
FAISS framework and can be used for efficient similarity search. When a query is submitted, it is
embedded and compared to the stored review vectors to find the most relevant reviews, which are
then displayed.

The system can also integrate an optional Large Language Model component to
generate summarised or context-relevant outputs. Our architecture is designed to keep processing
time low and is modular in nature, which allows future enhancements and efficient processing and
data retrieval.

Since it is optimized for local execution, it only requires relatively modest
computational resources and incurs low operating costs. The system is also easily extensible: one can
add sentiment analysis, more visualization tools, or even cloud storage at a later point without
modifying the fundamental features of the system.

IV. RESULT:

We tested the system on a dataset of 2678 customer reviews, processing all the data and
performing both sentiment classification and semantic retrieval via the FAISS vector database. The
system successfully extracted meaningful insights from customer reviews.

Our sentiment analysis reviewed 2678 reviews and found that 61.8% (1656 reviews)
were positive, 13.4% (358 reviews) neutral, and 24.8% (664 reviews) negative. Feedback patterns
show overall positive sentiment, though there are areas for improvement.
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interpret customer opinion percentages. The system also provides business insights and suggestions
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for action based on patterns within the reviews. In this case, several issues were raised, including
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Pie charts are used to highlight the distribution of sentiment, enabling users to easily

reliability of stock, compatibility issues, and the sale of counterfeit products.
The semantic search capability enables users to search for reviews based on meaning

rather than exact keywords. The system's findings include thoughtful recommendations for Amazon
sellers on areas for improvement, such as product documentation, quality control, and anti-
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Review Summary
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Fig. 4. Sentiment Distribution

Business / product recommendations

Prioritize QC & batch-tracing where failures spike; run root-cause analysis on returned/falled
units
Improve product page clarity: explicit device compatibility matrix (phone models, GoPro
modes), recommended formatting steps, and warnings about counterfeit sellers.

3. Strengthen anti-counterfeit labeling and include an easy authenticity check

4. Improve adapter fit tolerance and document adapter use cases

5. Use warranty/returns data to offer proactive replacement [/ extended warranty for customers

reporting early failure

Quick user-tacing takeaway
* Majority are satisfied (629), but persistent and repeated negative reports (~25%) around
reliability and compatibility are significant buyers should confirm compatibility and

consider purchasing from verified sellers; the vendor should address QC, documentation, and

anti-counterfeit measures

Fig. 5. Business Insights and Recommendations

V. CONCLUSION:

In this paper, we presented a practical approach for analyzing customer reviews
using a vector-based retrieval system. We first extract customer review data from existing CSV files
and then embed them into vectors. We efficiently store the resulting review vector data and perform a
fast similarity search by building a local FAISS database. The semantic search approach enables more
relevant results than traditional keyword-based methods.

Our architecture is built to be extensible, allowing the addition of advanced
components such as Large Language Models to generate more informed answers. By organizing
unstructured data and applying Al techniques, we can generate meaningful insights from customer
feedback.

Future work may include incorporating advanced sentiment analysis, real-time
data processing, and scalable cloud based storage to further improve the system's performance and
usability.
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