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Abstract

The demand for cosmetics has grown recently, especially in the area of skincare, around the globe. Consumers have
traditionally relied on top-selling items or suggestions from the counter while shopping in-store. These are not reliable ways
to determine if a product will work with a particular user because everyone has a distinct skin condition. The main goal of
this proposal is to develop a system for recommending skincare products based on the user's skin type and the makeup of
the product. To determine a product's chemical makeup and locate products with comparable constituent compositions,
content-based filtering is utilised. If a user doesn't know what a product is or hasn't discover they like, they may also enter
their desired beauty impact instead of a product name using this approach.
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I.  INTRODUCTION

As a title state itself the method is used to recommend the cosmetic product on the basis of ingredients present
in it. As more people began visiting the cosmetics counter to receive product suggestions, there was a
corresponding increase in the requirement for advanced technologies. However, this method is time consuming
and frequently unsuccessful. Users have found it challenging to make the right decisions as a result of the
overwhelming amount of information that is available online. It is seen to be beneficial that there is a wealth of
product information and reviews. However, it also limits users from selecting pertinent data and making
decisions in accordance with their needs. The urgent demand for tailored solutions that might make it easier to
obtain data has been sparked by this problem.

To address the issue of information overload and streamline the decision process, researchers have suggested
several recommender systems [7]. Collaboration-based filtering and content-based filtering are the two
approaches that are used the most frequently. Recently, a hybrid strategy that combines the two strategies was
developed in an effort to optimise the advantages of both approaches while addressing their shortcomings.

Which method is most effective for determining how well a product is suited to a particular buyer is still up for
debate. In spite of the fact that each customer's skin condition is different, many online cosmetics retailers
nevertheless suggest bestsellers to clients. The recommender systems for personal care goods therefore require
additional research and development.
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This suggestion offers an approach to recommendations that is content-based and assesses how comparable
products' constituent compositions are. The new algorithm makes product suggestions across numerous
categories as opposed to only just one category to provide more useful recommendations. Additionally, it offers
the user the choice to provide as little information as possible to receive skincare product recommendations. By
comparing the system's performance to the product ratings, it will be proven to be accurate.

It is a complicated matter to make a cosmetic recommendation for skin problems. There may be a small group
of persons with remarkably identical cosmetic preferences. Additionally, by using user collaborative filtering,
we are able to make product recommendations based on the ranking metrics of this nearby group. A more
delicate and difficult issue than just suggesting your evening's movie is a person's skin type and facial features.
Focusing on the actual contents of each product, or its ingredients, and drawing comparisons based on them is
necessary to ensure the recommendation's dependability and stability.

Il. LITERATURE REVIEW

This paragraph will contain the prior research that has been done earlier. Here, we will discuss upon the research
that has been done on the cosmetic recommendation based on similarities in products, ingredients, reviews and
ratings, skin type filtering. Collective filters make use of user-provided data like purchase, likes, clicks, etc.
Despite having a cold-start issue, they perform well when given enough data information [1]. Collaborative
filtering studies think that finding similarity measure can assist match customers with the right product ideas.

Both Matsunami and Okuda used the method of determining user similarity to examine reviews of cosmetic
products [9, 10]. They extracted not only ranking but also actual reviews with individual preferences and
opinions using algorithmic grading and k-means cluster analysis [8,12]. Ye also employed collaborative
filtering, but she concentrated on addressing the shortcomings of the conventional approach [2,13]. Ratings are
used to confirm the results even though it doesn't filter items based on them.

In order to adapt skincare product recommendations quite as much as possible, Putriany used content-based
mapping in their study [3,14]. The system was designed around the certain user. She concentrated on the user
account but also took into account aspects like skin tone, utilization, pricing, description, and photographs for
better suggestion [4,15].

In order to solve this issue, Jeong created a recommender system that is based on the components of cosmetics
[5,16,17].

She reasoned that because people's skin kinds and components are more intricate and delicate, suggesting
skincare items should be kept apart from promoting movies. Like Jeong, Honma et al. adopted a strategy to link
different skin types to different cosmetic chemicals [6,7,11].

lll.  GENERAL ARCHITECTURE
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Figure 1: General Architecture

Depending on the item the user enters at the initial stage, the suggested system provides content-based filtering.
A user chooses an item from among six categories (moisturiser, cleanser, facial treatments, face mask, sun
protection and eye treatment) and specifies one of five skin tones (combination, dry, oily, normal and sensitive)
[18,19,20].

The information includes cosmetics from many companies. Only six of the many individual care types were
chosen in order to concentrate on beauty products. These 6 categories including cleansers, facial mask, eye
treatment, moisturizers, sun screen cream, and facial treatments. The dataset comprises of 1472 products and
contains details about each item's name, brand, rank, price, skin type, and chemical ingredients of product
[21,22,23,24].

While components are taken from the item, the skin type is directly mapped to the recommendation system.
Then, data, which contains details on other goods, is given to the content-based recommendation systems along
with the user's skin tones and the item's ingredients [25,26].

With this approach, product recommendations are given for each of the six categories. The system will generate
k numbers of recommendations to each of the n product kinds after analysing the comparison of constituent
composition among items.

IV. METHODOLOGY
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Figure 2: Flow Chart of methodology

Our data includes five various kinds of skin (dry, normal, combination, sensitive and oily) and six product
categories (eye creams, face masks, cleansers, moisturizers, and suns cream). Considering that each person's
skin type and product needs are unique.

We must first perform certain pre-processing activities and bookkeeping of the original words in each product's
components list before we can reach our final objective of comparing the contents in each product. Tokenizing
the list of components in the component column will be the first stage. We'll create a binary collection of words
after tokenizing them. A dictionary will then be made using the components.

Each cosmetic item will here be compared to a doc, and each chemical component will be compared to a term.
As a result, the matrix might be considered a matrix of “cosmetic ingredients." We will first generate an empty
matrix initializing with 0. The overall number of cosmetic items in the data is represented by the rows in the
matrix. The overall number of ingredients is represented by the columns in the matrix.

We construct a method to calculate total number of tokens for each row. The matrix must be filled with either
1 or 0; if an ingredient appears in a cosmetic product, the value will be 1, otherwise it will remain 0. We will
now update the values for each row of this matrix by using the method to the tokens in the corpus. Thus, the
outcome will reveal the components of each product. For instance, the results of a cosmetic product including
glycerine, water, propanediol, butylene glycol, betaine and so on will be shown here.

Water Propanediol Butylene Glycol Betaine Hexyl-

decanol
P1 1 1 0 0 0
P2 1 0 1 1 1

Figure 3: Product-Ingredients Matrix

The updated matrix has the dimensions (190, 2233), which indicates that our data has 2233 features.
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We must reduce it into 2D for visualization. Here, we'll apply t-SNE to reduce the data's dimensions. The
nonlinear dimensionality reduction algorithm t-distributed Stochastic Neighbour Embedding (t-SNE) is useful
for embedding high-dimensional data for visualization in a low-dimensional environment of 2D or 3D
dimensions. By reducing the dimension of data while maintaining the commonalities between the cases, this
technique can decrease the dimension of data specifically.

As a result, we can vectorize and create a plot on the two - dimensional plane. The distances between the points
will show the commonalities between the beauty products in our data, which will vectorized into 2D coordinates.

We may plot all of our things on the two - dimensional plane using the t-SNE values. The best part about this is
that it will display the brand name, product name, price, and ranking of each item. Let's use Bokeh to create a
scatter graph and add a hovering element to display that data.

V. EXPERIMENTAL RESULT

Analyse the result using the graph we have created. The many plot points are represented by the various cosmetic
products. A t-SNE plot's axes are difficult to understand in the context of the initial data. The t-SNE visualization
technique allows you to plot high to low dimensional data environment. As a result, a quantitative interpretation
of an t-SNE plot is undesirable.

Instead, we may determine the distance between the points on the graph (which points are near and which are
far). The two objects' compositions are increasingly similar the closer apart they are. As a result, this allows us
to examine the products without having any prior knowledge of chemistry.
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Figure 4: The above graph showing the similarity between the products

VI.  CONCLUSION

Any kind of scope can use recommendation focuses on product features. It might also apply to a suggestion for
a wine or a book. With the characteristics of the product, we may create numerous charts. We can more easily
comprehend the relationships between the things by visualizing them on a map.
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We can go closer to providing services that are more precise using this analysis. It could display the product's
pictures and customer reviews or offer a straight link to the purchase page. An alternative layout with axes that
show chemical properties is also an option. We can adjust the axes for water retention or toxic effect, for
instance, if we add any expert chemical information. Then, it will then be able to determine the level of toxicity
of each product. These applications will provide a more in-depth level of product evaluation.
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