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Abstract: Middlemen are critical in the distribution of goods in the Fast Moving Consumer Goods (FMCG) sector. This paper
describes a scheme where a hybrid recommendation system uses a combination of content based filtering and collaborative
filtering through user ratings to recommend products to middlemen. The system allows the middleman to enter a product they
deal with, then provides them with relevant recommendations. User ratings facilitate the recommendation process. Results from
experiments show the product discovery capabilities of the system.
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I. INTRODUCTION
In the world of fast-moving consumer goods (FMCG), which includes drinks, snacks, and majorly products with a shelf life,
middlemen like wholesalers, distributors, and retailers play an important role. They are faced with multiple issues since they can
decide whether to stock and market any product from a selection of numerous products competing for their attention. Their decision
can have serious repercussions on their profitability so having a wide product portfolio is not an automatic solution to their
challenges.
Whilst recommendation algorithms are universal in consumer platforms such as online shopping or streaming services, the majority
are tailored to personal preferences rather than the complex, business-centric decisions middlemen have to make. Traditional
approaches such as content-based methods of recommending items do it by simple feature comparisons like brand or category and
user experience is not part of the equation. On the other hand, collaborative filtering, which depends on user ratings patterns, has its
own shortcomings when it comes to new or less popular products.
To fill these gaps, we suggest a hybrid recommendation system that incorporates both content-based and collaborative filtering. It
enables intermediaries to input a product they are currently working on which returns constantly updated recommendations from
users’ ratings. This approach mitigates both methodologies’ common challenges, for instance, the cold-start problem, and facilitates
improved decision-making with more precise suggestions regarding which products to acquire.
In subsequent subsections, we investigate literature on recommendation systems, outline our approach, and experiment with actual
FMCG data. Then, we analyze the system's tangible effects, bounded scope, and other directions of research expected.

Il. BACKGROUND

The benefits from Fast-Moving Consumer Goods (FMCG) goods sales such as food, beverages, and even personal care products are
achieved in a very active manner with their retail outlets experiencing a faster rate of churn. As these products are purchased, used
and consumed on a daily basis, the sheer volume of products available around bewilder both the end consumer and intermediaries
such as wholesalers, distributors, and retailers.

Advanced recommender systems have surfaced in recent times to aid in the intricate product selection processes by making tailored
selections and performing stock optimization. Therefore, the goal of this project is to develop a hybrid recommendation system
which utilizes content-based filtering (that utilizes product features such as brand, category, ingredients, etc.) in conjunction with
other filtering approaches that rely on users’ rating and behavioral patterns. The primary objective of combining these approaches is
to resolve common difficulties encountered such as the cold-start issue, data sparsity, and others to form better and more precise
product recommendation paradigms in the FMCG industry.
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I1l. LITERATURE REVIEW
Currently, research focused on Fast-Moving Consumer Goods (FMCG) areas emphasizes the increasing relevance of
recommendation systems for enhancing customer relations and stock control. Basic content-based approaches depend on
characteristics of a product to provide recommendations and work best in cases with insufficient user information, whereas a
collaborative filtering approach uses the behavior of other users to recommend items based on their popularity. All of these methods
have weaknesses: content-based filtering is too focused and lacks diversity, while collaborative filtering has problems with new and
seldomly rated items.
Some scholars have attempted to construct hybrid models that integrate both approaches to increase coverage in terms of
personalized preferences and general demand. Most literature also indicates some problems that remain unsolved such as sparsity of
data, cold-starts, and real-time sentiment analysis. In addition, more recent work focuses on the application of sustainability
indicators and lean approaches that address product requests from eco-sensitive and region-specific consumers as well as used in
marketing product recommendations.
In response to these issues, the hybrid system outlined in this paper attempts to use social media data, alongside environmental data,
in real time to incorporate both recommendation strategies in an effort to improve recommendation precision. This approach shall
provide better automated decision support to FMCG distributors to help them determine the most suitable, economically viable, and
environmentally friendly products to promote in the market.

IV. SYSTEM DESIGN AND METHODOLOGY
In this section, we describe the architecture and methodologies employed in our hybrid recommendation system. The system
integrates multiple components, including dataset preparation, content-based filtering, collaborative filtering, and a hybrid approach,
all orchestrated within a unified system architecture.

A. Dataset Preparation

Product data is sourced from an Excel dataset comprising attributes such as product name, type, and company. Preprocessing
involves data cleaning—eliminating duplicate entries and handling missing values—and feature engineering. A combined feature is
constructed by concatenating key product attributes, which is later used for text-based representation. Additionally, user ratings are
collected and stored in a SQLite database. These ratings are normalized to a common scale (0-5) to ensure consistency when
integrated with content-based measures.

B. Content-Based Filtering

The content-based filtering module leverages the engineered product attributes. Textual data is transformed into numerical vectors
using the Term Frequency-Inverse Document Frequency (TF-IDF) technique. Cosine similarity is then computed between these
vectors to quantify the similarity between products. The system identifies products with the highest similarity scores relative to a
queried item, thereby recommending items with comparable attribute
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Fig. 1 Cosine Similarity Heatmap
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C. Collaborative Filtering

To capture community-driven insights, the collaborative filtering module analyzes user ratings. For each product, average ratings
are computed from stored user feedback. This module not only highlights popular products but also addresses issues like the cold-
start problem—uwhere products with limited interaction data are supplemented by baseline values or content-based insights.
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Fig. 2 Distribution of Product Ratings

D. Hybrid Approach

The hybrid approach amalgamates the strengths of content-based and collaborative filtering. A weighted score is computed for each
product by combining:

1) A content score, derived from cosine similarity,

2) Arating score, based on normalized average user ratings.

A weighted sum (70% content similarity and 30% rating score) is used to generate a final hybrid score. This approach mitigates the
individual limitations of both methods and yields a more balanced and accurate recommendation.
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Fig. 3 System Architecture
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V. IMPLEMENTATION
A. Environment Setup
The system is built in a virtual environment using Python on a Windows environment. Key libraries include:
1) Flask: For API development.
2) Pandas and NumPy: For data manipulation.
3) Scikit-learn: For TF-IDF vectorization and cosine similarity.
4) SQLite: For lightweight user ratings storage.
5) Matplotlib/Seaborn: For visualizations during evaluation.

B. System Modules

1) Dataset Preparation:

« Data Sources: An Excel file provides product information, and a SQL.ite database stores user ratings.

« Preprocessing: Duplicate entries are removed, and a combined feature (product name, type, company) is generated for text
vectorization.

2) Content-Based Filtering:

e  TF-IDF converts the combined product features into numerical vectors.

«  Cosine similarity is computed between these vectors to identify similar products.

3) Collaborative Filtering:

o User ratings are aggregated and normalized from the SQL.ite database.

« This module provides a baseline popularity score to aid products with sparse rating data.

4) Hybrid Recommendation:

e A weighted scoring mechanism (e.g., 70% content similarity, 30% normalized rating) combines both filtering methods to
produce final recommendations.

5) API Integration: The Flask application exposes several API endpoints that facilitate interaction with the recommendation
system.

i. Index Endpoint (/):
1.Renders a simple HTML home page for testing.

ii. Product Listing Endpoint (/products):
1.Purpose: Lists products (ID and name) for search and selection.
2.Functionality: Returns product data in JSON format.

iii. Recommendation Endpoint (/recommend):
1.Purpose: Returns ranked product recommendations.
2.Functionality:
a. Accepts a product_name query parameter.
Computes cosine similarity via content-based filtering.
Incorporates collaborative ratings for refinement.
Outputs a JSON array with hybrid scores and average ratings.

e oo

iv. Rating Submission Endpoint (/rate):
1.Purpose: Accepts user product ratings.
2.Functionality:
a. Receives a POST request with a JSON payload (product IDs and ratings).
b. Updates the SQL.ite database with new ratings.

VI. RESULT
The proposed hybrid recommendation system was evaluated on an FMCG dataset comprising 392 training entries and 98 test entries.
The average product ratings from the training set were comparable to those from the test set, suggesting a consistent distribution
across splits.
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For evaluation, we employed Precision@5, Recall@5, and F1@5 metrics to assess the quality of the top-5 recommendations.
Different products showed varied performance, with average scores across the test queries as follows:

e Average Precision@5: 0.68

e Average Recall@5: 0.50

e Average F1@5: 0.49

These results indicate that while the system is effective in recommending relevant items (as seen from the high precision in several
cases), there is room for improvement in retrieving a larger fraction of all relevant items (recall).

Evaluation Metrics per Test Product
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Fig. 4 Grouped bar chart displaying Precision@5, Recall@5, and F1@5 scores for each test product

VII. CONCLUSIONS

This paper presented a hybrid recommendation system designed for FMCG middlemen that combines content-based and
collaborative filtering techniques. By leveraging TF-IDF vectorization and cosine similarity for product attribute analysis, along
with user ratings for enhanced relevance, the system effectively addresses common challenges such as data sparsity and the cold-
start problem. Evaluation using metrics such as Precision@5, Recall@5, and F1@5 demonstrated promising performance, with an
average Precision@5 of 0.68, though improvements in recall are needed to capture a broader range of relevant products.

Overall, the hybrid approach provides a balanced framework for personalized product recommendations, facilitating more informed
decision-making in the competitive FMCG market. Future work will explore the integration of additional features, such as sentiment
analysis and real-time data, to further refine recommendation accuracy and improve system robustness.
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