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ABSTRACT 

 

Pregnancy brings significant physiological changes that affect skin health, with nearly 70% 

of pregnant women developing melasma and up to 90% experiencing hyperpigmentation. 

Despite the growing skincare market projected to reach USD 224.83 billion by 2034, pregnant 

women face challenges in identifying safe and effective products due to harmful ingredients 

such as retinoids, hydroquinone, and phthalates. Current solutions remain fragmented, 

requiring manual ingredient checks without integrated product recommendations. 

This research develops a comprehensive recommendation system for pregnant women’s 

skincare needs, using a two-component approach: (1) keyword-based classification to identify 

pregnancy-unsafe ingredients and categorize products by safety and therapeutic benefits for 

pregnancy-related skin conditions, and (2) content-based filtering with TF-IDF and cosine 

similarity to generate personalized safe alternatives. 

The dataset comprises 26.266 products scraped from the Skinsort platform, with evaluation 

on 1.042 unsafe products across eight categories. The quality performance evaluation showed 

cosine similarity scores ranging from 63.94% to 82.61%, with the highest in cleansers 

(82.61%), treatments (82.26%), and moisturizers (82.04%). The user evaluation using the 

ResQue framework, conducted with 10 participants, produced an overall mean score of 4.65 

out of 5, categorized as “very high” across all dimensions. The highest ratings were obtained 

for perceived usefulness (4.8), attitudes (4.6), and behavioral intentions (4.78), reflecting the 

system’s effectiveness in supporting product selection.  

This research meets three objectives: implementing ingredient classification based on 

pregnancy safety and skin condition relevance, developing a content-based recommendation 

system using cosine similarity, and demonstrating effectiveness in meeting pregnant users’ 

skincare needs from both objective and user perspectives. The system offers a reliable, safe, 

and user-friendly solution enabling pregnant women to maintain effective skincare routines 

while ensuring safety, with strong potential for real-world application in supporting informed 

skincare decisions during pregnancy. 

 

Keywords: pregnancy skincare, recommendation system, content-based filtering, cosine 

similarity, ingredient classification, TF-IDF, ResQue evaluation.  
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GLOSSARY 

 

API a set of definitions and protocols that enables 

communication between software applications. 

Classification the process of categorizing items into predefined. 

Cold Start a challenge in recommendation systems due to limited data 

on new users or items. 

Endocrine Disruptor chemicals that interfere with hormonal systems. 

Framework a conceptual structure used to guide system development 

or evaluation. 

Hyperpigmentation a skin condition characterized by darkened areas or 

patches due to excess melanin production. 

Melasma facial skin discoloration during pregnancy triggered by 

hormonal changes. 

One-hot Encoding a technique that represents categorical data as binary 

vectors 

Pilot Evaluation a small-scale initial test to identify design or usability 

issues. 

Preprocessing preparing and transforming data before analysis. 

Prototype a preliminary version of a system or application used for 

demonstration, testing, and design validation purposes. 

Regular Expression a sequence of characters that defines a search pattern, 

commonly used for matching and extracting text. 

Teratogenic substances that can disturb the development of an embryo 

or fetus, potentially leading to birth defects. 

Vector a numerical representation of data, often used in machine 

learning. 
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CHAPTER I 

INTRODUCTION 

 

 

1.1 Background 

As the body’s largest organ, the skin serves as a crucial barrier against external elements 

while also regulating temperature, enabling sensation, and maintaining hydration. Maintaining 

healthy skin is essential to overall well-being, with proper skincare routines helping to sustain 

both its performance and appearance, thereby enhancing quality of life (Zhang et al., 2020). 

The global skincare industry has experienced steady and significant growth in recent years. A 

shown in Figure 1.1, in 2024, the skincare industry is projected to reach a market value of USD 

115.69 billion, nearly doubling by 2034 to USD 224.83 billion. This growth is driven by rising 

consumer awareness, advancements in product innovation, and a growing preference for 

preventive and functional skincare solutions. These trends highlight the rising role of skincare, 

not just for health maintenance, but also as an integral part of modern self-care and lifestyle 

routines (Kayıran et al., 2021). 

 

 

Figure 1.1 Skincare market size 2024 to 2034 

 

Maintaining healthy skin relies heavily on a consistent and effective skincare routine. 

Research by Young (2023) emphasizes that neglecting sunscreen can result in both immediate 
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effects, such as erythema, and long-term conditions, including skin cancers, particularly in 

individuals with poorly melanized skin. This contributes to increasing healthcare burdens due 

to rising skin cancer rates. Sunscreens effectively mitigate both acute and chronic effects of 

solar UVR exposure, potentially reducing skin cancer risk. Additionally, air pollution has been 

shown to play a growing causal role in various common skin disorders such as acne, 

hyperpigmentation, atopic dermatitis, and psoriasis (Roberts, 2020). It causes oxidative stress, 

disrupts skin barrier function, and accelerates visible signs of aging. Given that nearly 90% of 

the global population is exposed to daily pollution, incorporating protective skincare routines 

becomes increasingly essential to mitigate these environmental impacts and preserve overall 

skin health. Studies have demonstrated that appropriate skincare regimens produce significant 

improvements in various skin parameters, decreasing oxidative stress while enhancing skin 

structure and function (Makino et al., 2018). 

Pregnancy brings about profound physiological changes that affect nearly every aspect 

of a woman’s body. Lasting approximately 40 weeks from the last menstrual period (LMP), it 

is divided into three trimesters, each marked by distinct developmental and hormonal changes 

(Obrowski, 2016). During this period, significant metabolic, immunological, and hormonal 

fluctuations influence not only internal systems but also the skin. Elevated levels of estrogen 

and progesterone directly impact skin appearance and function, resulting in conditions such as 

hyperpigmentation, melasma, dryness, acne, heightened sensitivity, and stretch marks (Tyler, 

2020; Musaei, 2023). Studies indicate that nearly 70% of pregnant women develop melasma, 

while up to 90% experience hyperpigmentation during the first and second trimesters (Musaei, 

2023). These skin changes are largely driven by hormonal fluctuations during pregnancy that 

stimulate melanocyte activity, increasing the likelihood of post-inflammatory 

hyperpigmentation (PIH) (Bevilacqua et al., 2024). Beyond melasma, other skin conditions are 

also prevalent during pregnancy. A comprehensive study examining 295 pregnant women with 

acne found varying degrees of severity: 56.6% presented with mild acne, 29.5% with moderate 

acne, 1.2% with severe acne, and 1.7% with very severe acne (Kutlu et al., 2020). These skin 

changes, although common, can cause psychological distress and diminish confidence, 

prompting many women to seek skincare solutions tailored to their unique needs. 

Although the need for specialized skincare during pregnancy is evident, many expectant 

mothers still struggle to find products that are both safe and effective. Skincare safety during 

pregnancy is a critical issue, as several ingredients commonly found in skincare products are 

associated with risks ranging from endocrine disruption to potential teratogenic effects (Marie 
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et al., 2022). Hydroquinone, for instance, poses potential risks during pregnancy due to its 

higher absorption rate and concerns from animal studies indicating carcinogenic and 

teratogenic effects (Bio & Cies, 2017). Similarly, phthalates and parabens have been linked to 

hormonal disruption, and in some cases, to developmental abnormalities. Other substances like 

benzophenones, microplastics, and heavy metals have also raised alarms due to their ability to 

cross the placental barrier and affect fetal neurodevelopment (Brzezinski et al., 2022; 

Bommarito et al., 2021). Despite increasing awareness, even products labeled as “natural” or 

“organic” may contain potentially harmful compounds (Li et al., 2019). This highlights the 

importance of providing expectant mothers with accessible guidance on safe and effective 

skincare options. 

This creates a complex decision-making environment where pregnant women must 

evaluate lengthy ingredient lists containing dozens of scientific terms without specialized 

knowledge. As shown in Figure 1.2, the mental burden of researching each product 

significantly contributes to pregnancy-related anxiety, leading many women to abandon their 

skincare routines entirely rather than risk potential harm. Others switch to alternative “safe” 

products without examining the ingredients of the previous unsafe product, which sometimes 

causes skin breakouts. This situation highlights the importance of providing expectant mothers 

with accessible guidance on safe, effective skincare options that identify problematic 

ingredients while suggesting suitable alternatives. 

 

 

Figure 1.2 Skincare use drops in pregnancy due to safety doubts and limited guidance 

 

Current solutions available on the market still require improvement in addressing the 

specific skincare needs of pregnant women. Although platforms such as Gravida Beauty and 

15MinuteBeauty offer useful resources, their functionalities remain limited. For example, 



4 

 

15MinuteBeauty provides article-based lists of skincare products categorized as pregnancy-

safe or unsafe, but these are static and manually curated, lacking real-time ingredient evaluation 

or personalization. Similarly, Gravida Beauty allows ingredient checks but does not offer 

integrated product recommendations, requiring users to find ingredient lists from external 

sources. These limitations underscore the need for a more centralized and intelligent system 

that not only evaluates product safety but also offers personalized suggestions based on 

pregnancy-related skin conditions. 

To address this unmet need, understanding consumer purchasing behavior is essential for 

developing comprehensive solutions to skincare challenges during pregnancy. A 

recommendation system could help expectant mothers find safe alternatives to potentially 

harmful products by comparing ingredients and features across different options. Research 

reveals that efficacy is the primary driver of skincare purchases, with 46.36% of consumers 

prioritizing product effectiveness over other factors. This finding underscores the importance 

of not merely identifying unsafe products but also providing highly effective alternatives that 

maintain similar benefits, thereby enabling pregnant women to continue their skincare routines 

safely without compromising results. This finding is further supported by recent market 

research as shown in Figure 1.3 and Figure 1.4, which found that product efficacy (91.0%) is 

the most important factor in skincare product selection, followed by functional benefits 

(87.6%) and clean and safe formulations (78.8%). 
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Figure 1.3 Top 10 factors driving skincare purchases in 2025 

 

 

Figure 1.4 Product selection criteria (n=1.250) 

 

Based on these insights, this research proposes the development of a recommendation 

system specifically designed for pregnant women. The proposed system has two key 

components: 

a. Safety classification: The system will utilize a keyword-based classification approach to 

categorize products based on their safety for pregnant women. This addresses limitations 
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of machine learning techniques that may lack human expertise or fail to handle nuanced 

safety data (Chau et al., 2020). 

b. Recommendation engine: To provide safer alternatives for products identified as unsafe, 

the system employs a content-based filtering approach. TF-IDF (Term Frequency–Inverse 

Document Frequency) is used to extract key features from product attributes and 

ingredients (Jalilifard et al., 2021), while cosine similarity (Singh et al., 2024) calculates 

the degree of similarity between products. To improve personalization, the 

recommendation engine also incorporates pregnancy-related skin condition as 

recommendation system attribute and additional filtering criteria. These skin conditions 

are processed using rule-based classification to ensure that the recommended products are 

relevant to the user’s specific needs during pregnancy. 

The proposed system aims to deliver an end-to-end experience where users can input 

their specific skin conditions, search for products by name, receive comprehensive safety and 

effectiveness information, and immediately access suitable alternatives when a product is 

flagged as unsafe. The visualization of this system will be implemented as a mobile-based 

application, providing pregnant women with convenient access to personalized skincare 

recommendations wherever they are. The system’s effectiveness will be evaluated using the 

ResQue framework, which focuses on user-centric testing and can demonstrate improvements 

in personalization, usability, and safety assurance (Pu et al., 2011). 

 

1.2 Research Questions 

Based on this research background description, the problem formulation is as follows: 

1. How can ingredients be classified based on pregnancy safety and pregnancy-related 

skin conditions? 

2. How can a content-based filtering approach using cosine similarity be developed to 

provide personalized skincare suggestions? 

3. How is the system’s effectiveness in addressing pregnant users’ skincare needs 

evaluated from a user-centric perspective? 

 

1.3 Research Objectives 

Based on this research background description, the research objective is as follows: 

1. To implement a classification system for skincare ingredients based on pregnancy 

safety profiles and their efficacy for common pregnancy-related skin conditions. 
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2. To develop a content-based recommendation system that uses TF-IDF and cosine 

similarity to generate personalized safe skincare alternatives for pregnant women. 

3. To evaluate the usability and effectiveness of the skincare recommendation system in 

addressing pregnant users’ specific skincare needs. 

 

1.4 Scope 

To ensure that the discussion remains focused and effectively meets the research 

objectives, the following limitations will be outlined: 

1. The dataset for this research comprises user reviews collected through scraping the 

Skinsort platform, including 26.266 skincare product data points updated in December 

2024. 

2. The evaluation will be conducted as a pilot evaluation with 10 participants who are 

pregnant or have experienced pregnancy. This limited sample size is appropriate for 

pilot evaluation but will not provide comprehensive statistical significance for broader 

populations. 

3. The recommendation system suggests products based on type, ingredients, features, 

and effectiveness for pregnancy-related skin conditions. It excludes considerations 

such as price, brand preference, regional availability, ingredient concentration, and 

trimester-specific safety due to limited data and literature. 

 

1.5 Methodology 

The implementation methodology consists of five distinct phases: 

1. Literature Study 

This phase involves reviewing relevant literature to identify ingredients considered 

unsafe during pregnancy and understand common skin concerns such as acne, 

melasma, and dryness. It also explores previous studies on recommendation systems, 

particularly those employing keyword-based classification and content-based 

filtering, which inform the design of the system’s safety module and recommendation 

logic. 

2. Data Collection and Preprocessing 

Product data, including ingredients, descriptions, and user reviews, is collected by 

scraping the Skinsort platform. The dataset is cleaned to remove inconsistencies, then 
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processed using rule-based classification to classify products by skin concerns, and 

keyword-based classification to detect unsafe ingredients for pregnant users. 

3. System Development 

The core engine uses TF-IDF to extract features from product text and cosine 

similarity to identify similar items. The classified database, which includes labels for 

ingredient safety and pregnancy-related skin conditions, is then used to support the 

filtering functionality within the system. 

4. Application Development and Integration 

The system is built as a mobile application using Flutter. FastAPI serves as the 

backend to handle data processing, while a Python module integrates the 

recommendation engine, enabling real-time, personalized results within the 

application. 

5. Evaluation 

A pilot study involving ten participants evaluates the system using the ResQue 

Framework, which measures user satisfaction, perceived safety, usefulness, and trust. 

Cosine similarity scores are also analyzed to assess recommendation accuracy. 

6. Result Analysis 

Findings from the evaluation phase are analyzed to provide insights and inform 

potential improvements in future development stages. 

 

1.6 Benefits 

The expected benefits of this research are as follows: 

1. To understand how this research contributes to the development of a skincare 

recommendation system specifically designed for pregnant women, addressing the 

population gap in current literature by focusing on product safety and skin-related 

conditions that occur during pregnancy. 

2. To recognize how this research contributes valuable insights into the use of hybrid 

approaches combining rule-based classification and content-based recommendation 

for health-oriented applications. 

3. To acknowledge how this research opens new opportunities for future studies in 

recommendation systems for underrepresented user groups, especially those with 

specific health considerations such as pregnancy, lactation, or chronic skin conditions. 
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1.7 Writing Systematics 

To facilitate a clear and complete understanding of the discussions within this thesis, a 

structured outline serves as a guide for the writing process. The organization is as follows: 

CHAPTER I INTRODUCTION 

 

This chapter provides an overview of the research, including the 

background of the problem, the formulation of the research questions, the 

objectives, the significance of the study, the scope and limitations, and 

the organization of the research report. 

CHAPTER II LITERATURE REVIEW 

 

This chapter presents a deductive analysis of fundamental concepts and 

theories related to the research. It also includes an inductive review of 

previous studies that are relevant to the research at hand. 

CHAPTER III RESEARCH METHODOLOGY 

 

This chapter outlines the research steps undertaken based on the selected 

research methodology. It covers the research subjects and objects, data 

types and sources, data collection methods, preprocessing techniques, 

and analytical approaches. A research flow diagram is also provided to 

illustrate the overall process. In addition, this chapter describes the data 

collection process and the development of the mobile application 

interface. 

CHAPTER IV ANALYSIS AND DISCUSSION 

 

This chapter contains the analysis and the implementation of the 

processed data, based on the methods and techniques outlined in previous 

chapters. The findings are discussed to address the research questions 

formulated earlier. 

CHAPTER V CONCLUSION AND RECOMMENDATIONS 

 

This final chapter summarizes the conclusions drawn from the analysis, 

directly addressing the research questions posed in the introduction. It 

also provides suggestions for future research based on the findings. 
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CHAPTER II 

LITERATURE REVIEW 

 

 

2.1 Theoretical Basis 

2.1.1 Recommendation System 

Recommendation systems are powerful tools that help users navigate the overwhelming 

amount of content available online by providing personalized suggestions tailored to their 

interests. These systems analyze various factors, including user interaction history, item 

features, and demographic information, to generate recommendations that feel relevant and 

engaging (Castells & Jannach, 2023). As our digital landscape has expanded over the past 

twenty-five years, these systems have evolved significantly, drawing from fields like machine 

learning and human-computer interaction. Today, platforms like Amazon, Netflix, and 

YouTube rely heavily on these systems to enhance user experiences by suggesting items that 

align with individual preferences (Geetha et al., 2018). 

Recommendation systems can be categorized into several types, each employing 

different methodologies to tailor recommendations based on user preferences and behaviors. 

The following sections outline the primary types of recommendation systems. 

 

Collaborative Filtering 

Collaborative Filtering operates by analyzing user interactions and behaviors to generate 

item recommendations. This approach harnesses the collective patterns of user behavior, 

identifying relationships within user interactions to suggest relevant items. While collaborative 

filtering performs effectively with large datasets, it faces challenges when user interactions are 

sparse or limited. The method encompasses two primary approaches: memory-based and user-

based techniques. Memory-based methods calculate relationships between users and items, 

generating preference scores that predict the likelihood of future user engagement with specific 

items. Conversely, user-based methods create recommendations by measuring similarity 

between users. The GroupLens system pioneered the first automated user-based collaborative 

filtering approach (Kaur & Rani, 2021). 

Despite its effectiveness, collaborative filtering encounters several significant challenges. 

The sparsity problem emerges when insufficient interaction data exists to generate meaningful 

recommendations (Van Dat et al., 2021). The cold start issue occurs when new users or items 
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lack any rating history, making initial recommendations difficult (Deldjoo et al., 2018). 

Additionally, the gray sheep problem affects users whose preferences don’t align closely with 

any substantial user group, resulting in poor recommendation quality (Cami et al., 2018). 

 

Content-Based Filtering 

Content-based filtering recommends items by analyzing a user’s preferences and 

comparing them to the features or descriptions of available items. It focuses on identifying 

items similar to those the user has liked before, making it particularly useful when no 

collaborative data is available, for example, with new users or products (Castells & Jannach, 

2023). These systems leverage user profiles and item characteristics to suggest relevant items 

based on content similarities, continuously updating recommendations to enhance user 

engagement and satisfaction (Beel et al., 2015). This approach is known for its simplicity and 

efficiency, which can enhance user satisfaction and engagement (Ridwansyah et al., 2024). The 

mathematical foundation of content-based filtering is presented in Equation ( 2.1 ).  

 

f(ui) = score(ContentBasedProfile(u, Content(i)) ( 2.1 ) 

 

Where, f(u,i) predicts how relevant an item i is for a user u by scoring the similarity 

between the user’s content-based profile and the item’s content representation. In practice, item 

descriptions are often encoded using Term-Frequency Inverse Document Frequency (TF-IDF), 

which converts them into vectors where each term’s value reflects its importance. A user’s 

preferences are represented by averaging the vectors of items they have liked, and 

recommendations are generated by comparing these profiles to item vectors using measures 

like cosine similarity. Content-based systems excel in domains like news recommendation, 

where articles can be analyzed based on topics and categories, or movie recommendations 

using genres, directors, and actors as features. 

Content-based offers several key advantages. The approach effectively tailors 

recommendations to individual preferences and performs well for new items with rich 

metadata. Additionally, it provides transparency, as users can understand why specific items 

were recommended based on clear content similarities. However, the method faces significant 

limitations. Unlike collaborative filtering, which can introduce users to new and diverse content 

by drawing on the preferences of others, Content-based filtering often suggests items very 

similar to what the user already knows, limiting discovery potential (Adomavicius & Tuzhilin, 
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2005). The system recommends only items that have attributes comparable to those the user 

has previously evaluated (Valcarce et al., 2019). Additional challenges include cold-start 

problems when relying solely on user preferences or item similarity (Mouhiha et al., 2024), 

over-specialization where users become trapped in filter bubbles receiving only similar content, 

and difficulty capturing subjective qualities that influence user preferences but aren’t easily 

quantifiable (Geetha et al., 2018). While TF-IDF and cosine similarity methods are simple and 

effective, more advanced techniques, such as using embeddings to capture relationships 

between items better or relying on simpler measures like shared attributes, can enhance the 

quality and flexibility of recommendations (Castells & Jannach, 2023). 

A hybrid recommendation system method is a recommendation system method that 

combines to cover the limitations of each method. The most prevalent and commonly adopted 

approach to address these limitations is integrating collaborative filtering with alternative 

recommendation methods (Jakomin et al., 2018). These systems employ various combination 

strategies, including weighted approaches that blend scores from different algorithms, 

switching methods that select different techniques based on available data, cascade systems 

that progressively refine recommendations, and mixed approaches that present results from 

multiple methods simultaneously. 

By combining more than a single approach, the quality can be improved, especially for 

cold start users and unpopular items, which can adapt to user preferences and behaviour 

changes, and integrating other strategies can provide more reliable recommendations (Kolli et 

al., 2024; Laglil et al., 2024). However, implementation challenges include increased 

computational complexity, the need for careful parameter tuning across multiple algorithms, 

and sophisticated system architecture requirements to manage different recommendation 

components effectively (Biswas & Liu, 2022; Laglil et al., 2024). 

 

2.1.2 Skincare 

The skin is the largest organ of the body and requires dedicated care to maintain its 

moisture and address various skin concerns. One of the most effective ways to achieve this is 

through a consistent skincare routine, which is essential for keeping the skin healthy and in 

optimal condition. It is crucial to customize routine according to the skin type, whether it is 

oily, normal, dry, or combination, since each type has distinct needs and challenges (Youn, 

2015). Understanding skin’s condition and symptoms is key to identifying your skin type and 

choosing the right products. 
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Skincare practices have roots in ancient civilizations, particularly in Egypt and India. Early 

skincare products included natural substances such as castor oil (used as a balm), beeswax (as 

a skin cream), olive oil, and rose water (Mawazi et al., 2022). Today, advancements in 

technology have made it easier than ever for individuals to access information about skincare 

products, helping them understand their skin type and determine the best options for their 

needs. 

Skincare encompasses a comprehensive system of products and practices designed to 

maintain and improve skin health. Based on Goh et al. (2024), the holistic skincare routine 

consists of four essential steps: cleansing to remove impurities and excess oils, toning to 

balance the skin’s pH levels, moisturization to maintain the skin barrier, preventing dryness 

and irritation, treatment to address underlying skin condition, such as acne treatment using 

benzoyl peroxide or retionids, and photoprotection which is a sun protection to prevent UV 

damage and premature aging. 

The contemporary skincare industry has evolved to incorporate scientifically backed active 

ingredients that address specific skin concerns. Retinoids promote cell turnover and collagen 

production to combat aging signs, while vitamin C provides antioxidant protection and 

brightens skin tone (Zerbinati et al., 2021; Draelos, 2007). Hyaluronic acid delivers intense 

hydration by attracting and retaining moisture, and niacinamide helps regulate oil production 

and reduce inflammation (Al-Halaseh et al., 2022). Chemical exfoliants like alpha-hydroxy 

acids (AHA) and beta-hydroxy acids (BHA) improve skin texture by promoting cellular 

renewal and unclogging pores (Draelos, 2007). 

Despite these advances, skincare faces several significant challenges that underscore the 

critical need for comprehensive consumer education. Product overload has become a major 

concern, as consumers may use incompatible ingredients or excessive numbers of products, 

potentially leading to irritation or compromised skin barrier function (Jaffer et al., 2024). 

Individual variation in skin response means that products effective for one person may not 

work for another, highlighting the importance of personalized approaches and proper education 

about skin types and product ingredients. Additionally, the complexity of skincare science and 

the prevalence of misinformation on social media create barriers for consumers seeking reliable 

information, emphasizing the need for accurate consumer education and collaborative efforts 

between skincare brands, regulatory bodies, and educational institutions to provide accessible, 

unbiased guidance that empowers informed decision-making (Nelson et al., 2023). 
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2.1.3 Pregnancy 

Pregnancy, often referred to as gravidity or gestation, is the period during which a woman 

carries one or more developing babies. On average, pregnancy lasts approximately 40 weeks, 

calculated from the Last Menstrual Period (LMP), which the expectant mother is typically 

aware of, and concludes with childbirth. The duration of pregnancy is generally divided into 

three distinct trimesters. The first trimester covers weeks one to twelve, starting with 

conception, which occurs when sperm successfully fertilizes an egg (Obrowski, 2016). During 

the early stages of pregnancy, the developing human is called an embryo, and after this initial 

phase, it is referred to as a fetus. Most pregnancies yield a single fetus, though multiple births 

can also occur. According to the World Health Organization, the standard gestation period is 

recognized as ranging from 37 to 42 weeks (Musaei, 2023). 

During pregnancy, the importance of skincare becomes even more pronounced due to 

significant metabolic, immunologic, and hormonal alterations (Tyler, 2020). As levels of 

estrogen and progesterone rise, they directly impact skin function and appearance. These 

hormonal changes can lead to increased melanin production, resulting in many pregnant 

women facing a variety of skin challenges. Key skin changes during this period include skin 

lightening, pimples, acne, darkening, birthmarks, pregnancy-related varicose veins, spider 

veins, warts, dryness, itching, heightened sensitivity, and stretch marks (Tyler, 2020). 

 

2.1.4 Web Scraping 

Web scraping is a technique used to extract unstructured data from websites and transform 

it into a structured format. Also known as web extraction or harvesting, this process allows 

data to be collected from the World Wide Web (WWW) and stored in a file system or database 

for later use, such as analysis or retrieval (Zhao, 2017). 

The web scraping process typically involves two main steps: acquiring web resources and 

extracting the required information from them (Bisht et al., 2023). It begins with the web 

scraping program sending an HTTP request to access a specific website. This request can take 

the form of a URL with a GET query or an HTTP message with a POST query. If the website 

processes the request successfully, it sends the requested resource back to the program. The 

retrieved resources can come in various formats, such as web pages structured in HTML, data 

feeds in XML or JSON, or even multimedia files like images, audio, or video.  

Once the data is downloaded, the extraction phase involves parsing, reorganizing, and 

formatting the data into a structured form. A web scraping program typically consists of two 
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key components: a module for sending HTTP requests, such as Urllib2 or Selenium, and 

another module for parsing and extracting information from the raw HTML, such as Beautiful 

Soup or Pyquery (Zhao, 2017). 

 

2.1.5 Keyword-based Classification 

Keyword-based classification is a lightweight approach proposed to categorize text 

documents by focusing on specific keywords rather than analyzing the entire textual content. 

This method mimics human heuristics in document classification, where readers often identify 

key terms to infer the document’s category (Huynh et al., 2020). It typically relies on a set of 

label-keyword pairs, where each class label is associated with a predefined list of keywords. 

Documents are then assigned to a label based on the presence or dominance of these keywords. 

This method allows for text classification without requiring labeled training datasets, which 

can be costly and time-consuming to obtain (Li & Fan, 2021). Because the classification 

decisions are grounded in explicit keyword matches, the approach remains highly interpretable 

and transparent. However, its effectiveness may be reduced in cases involving synonyms, 

contextual ambiguity, or domain-specific vocabulary variations. 

 

2.1.6 Rule-based Classification 

Rule-based systems, also known as production systems or expert systems, are among the 

simplest forms of artificial intelligence (Grosan & Abraham, 2011). These systems use rules 

as the foundation for knowledge representation, with the encoded rules serving as the basis for 

the system’s operation. A rule-based system is typically constructed using a set of assertions 

and a collection of rules that determine how to process those assertions (Grosan & Abraham, 

2011).  

In classification tasks, rule-based systems function by associating specific conditions with 

class labels. This makes them part of the symbolic learning paradigm, where decision logic is 

explicitly encoded rather than inferred from data. A basic rule in a rule-based classifier is 

presented in Equation ( 2.2 ). 

 

IF P THEN Q ( 2.2 ) 

 

Which can also be written in formal logic notation as shown in Equation ( 2.3 ). 
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P ⇒ Q ( 2.3 ) 

 

Each rule defines a mapping from a condition P (premise) to a conclusion Q (class label).  

A typical rule-based system consists of three main components: a set of IF-THEN rules, a 

fact base, and an inference engine that applies the rules to the known facts (Grosan & Abraham, 

2011). Expert systems, a specific subtype, aim to replicate the reasoning of human experts by 

encoding their knowledge into a structured rule set. When presented with similar data, the 

system is expected to infer conclusions in line with expert-level reasoning. 

Rule-based classification is particularly relevant in domains requiring decisions that are 

transparent, consistent, and governed by strict expert knowledge. Unlike statistical classifiers 

that depend on large training datasets, rule-based classifiers rely on domain logic, making them 

suitable for scenarios with limited data availability or well-established decision criteria. 

This method has proven effective in high-stakes domains such as healthcare and 

biomedical text processing. Karystianis et al. (2017) demonstrated the capability of rule-based 

classification in extracting structured information from clinical texts, underscoring its 

suitability for environments where interpretability and accuracy are both essential. 

Despite potential scalability limitations in complex domains with large rule sets, the 

interpretability and strong alignment with domain-specific constraints make rule-based 

classification a viable and effective solution for well-defined classification tasks. 

 

2.1.7 Term Frequency-inverse Document Frequency 

Term Frequency-Inverse Document Frequency (TF-IDF) is a method used to evaluate the 

relevance of a word within a specific document relative to its frequency across a collection of 

documents. This approach combines two key concepts: term frequency (TF) and inverse 

document frequency (IDF). By doing so, TF-IDF assigns higher weights to words that are 

significant within a document but uncommon across the corpus, effectively filtering out generic 

terms like articles and prepositions (Ramos, 2000). According to Irvandani et al. (2020), the 

TF-IDF method calculates word weights by considering the frequency of a word in a specific 

document and the inverse frequency of documents containing that word. 

TF reflects the frequency of a term (“t”) within a document (“d”), based on the assumption 

that frequently occurring terms in a document are more important. However, TF only considers 

the local frequency of a term within the document, limiting its ability to distinguish relevant 
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documents from irrelevant ones across a broader collection. This limitation arises because TF 

ignores the term’s frequency in the entire document corpus (M. Lan et al., 2009). To address 

the limitations of TF, Inverse Document Frequency (IDF) was introduced. IDF incorporates 

the concept of collection frequency, enhancing the term’s discriminative power for text 

classification. Document frequency (DF), which measures the number of documents in the 

corpus where a term appears, forms the basis of IDF. The IDF calculation adjusts weights to 

penalize terms that appear frequently across many documents, thus reducing the influence of 

generic words and emphasizing distinctive terms. The formula for TF-IDF is presented as 

Equation ( 2.4 ) (Kim et al., 2020).  

 

TF −  IDF(t, d, D) = tf(t, d) ∙ idf(t, D) ( 2.4 ) 

 

Here: 

tf(t, d) : The term frequency, representing the count of term t in document d, 

idf(t, D) : The inverse document frequency, which quantifies the rarity of term t across the 

document corpus D. 

 

Document frequency (DF) is defined in Equation ( 2.5 ). 

 

DF(t, D) =
t(n)

D(n)
 ( 2.5 ) 

 

Here: 

t(n)  : The number of documents containing the term t. 

D(n) : The total number of documents in the corpus. 

 

To avoid infinite values when a term does not appear in any document, the logarithm of the 

inverse document frequency (IDF) is applied. Equation ( 2.6 ) shows the original formula, while 

Equation ( 2.7 ) presents the formula implemented using the TfidfVectorizer in scikit-learn. 

 

IDF(t, D) = log (
D(n)

t(n)
) ( 2.6 ) 
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IDF(t, D) = log (
1 + D(n)

1 + t(n)
) + 1 ( 2.7 ) 

 

A TF-IDF score is calculated by combining the term frequency (TF) and inverse document 

frequency (IDF) values. This score increases for terms that occur frequently in a specific 

document but are uncommon across the entire corpus. TF-IDF reduces the influence of generic, 

less informative words and assigns higher importance to terms that play a significant role in 

defining the document’s content. 

 

2.1.8 Cosine Similarity 

In recommendation systems, three main techniques are commonly used to measure how 

similar two users are: cosine similarity, adjusted cosine similarity, and Pearson similarity 

(Alhijawi & Kilani, 2020; Jadon et al., 2024). Cosine similarity, in particular, is a popular 

method for identifying how closely related a target dataset is to another dataset. This method 

calculates the cosine of the angle between two vectors in a multidimensional space, effectively 

measuring their similarity while accounting for differences in scale or size (Armadhani & 

Agung Toto Wibowo, 2023). As explained by Yunanda et al. (2022), the formula for cosine 

similarity is shown in Equation ( 2.8 ). 

 

similarity(A, B)  =  cos(θ)  =
  A ∙ B

 ||A||||B||
 =

∑ AiBi
n
i=1

 √∑ Ai
2n

i=1    √∑ Bi
2n

i=1  

 ( 2.8 ) 

 

Where A and B represent the vectors of the two datasets being compared, and θ is the angle 

between these vectors. The closer this angle is to zero, the more similar the two datasets are. 

This method is particularly suitable for content-based recommendation systems and text-based 

data, as it focuses on patterns of feature presence rather than absolute values. For instance, in 

datasets where users have different rating scales or products vary slightly in concentration 

levels, cosine similarity can still capture the underlying preference or ingredient patterns 

accurately (Jadon et al., 2024). 

Several studies have highlighted the effectiveness of cosine similarity compared to other 

similarity measures. Hajeer (2012) reported that cosine similarity outperformed seven other 

methods, including Euclidean, Manhattan, Jaccard, and Dice, in both precision and recall, 
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across multilingual datasets. On the Arabic dataset, cosine achieved a precision of 38% and a 

recall of 53.2%, while on the English dataset, it achieved 25% precision and 65% recall. In the 

context of clustering, Subhashini & Kumar (2010) found that cosine similarity resulted in 

higher purity compared to Jaccard and Euclidean distances. 

Given its computational efficiency and capability to handle high-dimensional or sparse 

data, such as product ingredient vectors, cosine similarity is a strong candidate for 

implementing similarity-based recommendation systems, especially in domains like 

pregnancy-safe skincare, where content features are crucial to ensuring safety and relevance. 

 

2.1.9 Proportional Sampling (PS) 

Proportional Sampling (PS) is a test allocation strategy derived from partition testing, where 

the number of test cases selected from each subdomain is proportional to the size of that 

subdomain (T. Y. Chen & Yu, 2000). This strategy ensures that all subdomains are sampled 

fairly relative to their size, reducing the risk of undersampling less frequent but potentially 

significant categories. Formally, proportional allocation is satisfied when Equation ( 2.9 ) is 

fulfilled. 

 

n1

d1
=

n2

𝑑2
= ⋯ =

n𝑘

𝑑𝑘
 ( 2.9 ) 

 

Where ni denotes the size of that subdomain. This condition implies that each subdomain 

receives a test allocation proportional to its representation in the input domain. 

T. Chen et al. (2001) proved that a partition testing strategy is universally safe, meaning it 

will perform at least as well as random testing regardless of the failure-causing input 

distribution, if and only if it satisfies the proportional sampling (PS) condition. This makes PS 

the only partition testing approach that guarantees universal safety under the assumption of 

unknown fault distribution. The formula used to calculate the number of samples for each 

category is presented in Equation ( 2.10 ). 

 

ni =
n ∙ di

d
 ( 2.10 ) 

 

Where: 

n : The total number of test cases, 
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di : The size of subdomain i, 

d : The total size of the input domain. 

 

Compared to random testing, the PS strategy provides not only better fault detection 

probability (P-measure) in the worst-case scenarios, but also better expected number of failures 

detected (E-measure) when test cases are chosen proportionally (T. Chen & Yu, 1996). Its 

conservative yet robust design makes PS especially suitable for evaluation settings where the 

failure distribution is unknown, such as in safety-sensitive domains or fairness-critical 

recommender systems. 

 

2.1.10 Recommender Systems’ Quality of User Experience (ResQue) 

Recommender systems’ Quality of user experience (ResQue) Framework represents a 

comprehensive user-centric evaluation framework specifically designed for assessing 

recommender systems from the user's perspective. Developed by Pu et al. (2011), this 

framework addresses the gap in traditional evaluation methods that primarily focus on 

algorithmic accuracy rather than user experience and satisfaction. 

The ResQue model encompasses 13 distinct constructs organized into four main categories, 

utilizing a total of 60 questionnaire items to evaluate the perceived qualities of recommender 

systems. In Pu et al. (2011), the framework employs a 5-point Likert scale methodology as 

shown in Table 2.1, where participants rate their agreement with various statements, providing 

quantitative measures of user experience across multiple dimensions. 

 

Table 2.1 Likert scale 

Value Meaning 

1 Strongly disagree 

2 Disagree 

3 Neither agree nor disagree 

4 Agree 

5 Strongly Agree 

 

The ResQue model can be adapted for custom evaluations, allowing researchers to tailor 

the questions to fit specific contexts or objectives. This flexibility means that the acceptable 

scores may vary depending on the specific goals of the evaluation. 

The evaluation framework is structured around several key dimensions to comprehensively 

assess the effectiveness of the recommendation system. These dimensions include Quality of 
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Recommended Items (A1), which evaluates the relevance and accuracy of the suggestions 

provided; Interaction Adequacy (A2), focusing on the system’s responsiveness and the user’s 

ability to engage meaningfully with it; and Interface Adequacy (A3), which assesses the clarity 

and usability of the user interface. Perceived Ease of Use (A4) and Perceived Usefulness (A5) 

measure how intuitive the system is and how beneficial users find it in achieving their goals. 

Control/Transparency (A6) examine the extent to which users feel in control of the system and 

understand how recommendations are generated. Attitude Toward the System (A7) reflects the 

user’s overall impression and satisfaction, while Behavioral Intention (A8) captures the 

likelihood of continued use and recommendation to others. 

This framework provides researchers and practitioners with a standardized approach to 

evaluate recommender systems beyond traditional accuracy metrics, focusing on user 

experience factors that ultimately determine system adoption and success in real-world 

applications. 

 

2.2 Similar Research 

Research on technologies or systems that assist pregnant women in finding safe skincare 

products is still very limited, creating a clear population gap in this field. Pregnant women 

represent a distinct user group with unique product safety concerns, yet most existing studies 

focus on general consumers and do not address these specific needs. 

Only one study, conducted by Wahyuni and Putra (2024), specifically targets this 

population. Their research developed a skincare recommendation prototype for pregnant 

women, focusing on detecting harmful ingredients. While the approach shows potential, it does 

not incorporate pregnancy-related skin conditions as part of the personalization process and 

does not generate safe alternative suggestions that retain the functional role of an unsafe 

product. These limitations highlight the need for a more comprehensive approach, which 

becomes the focus of this research.
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Table 2.2 Comparison of similar studies 
       

Researcher Methodology Technique Attributes Population Evaluation Results 

(Wahyuni & 

Putra, 2024) 

Prototype Not specified Product types, 

ingredients 

Pregnant 

Women 

SUS for usability 

testing 

This research developed a skincare 

recommendation application for 

pregnant women using the prototype 

method and Python with Flask. The 

application detects harmful 

ingredients, recommends safe 

products based on user input, and 

achieved a SUS score of 76, 

indicating good usability. 

(Kyaw et al., 

2024) 

Content-

Based 

Filtering 

TF-IDF, Cosine 

Similarity, Jaccard 

Similarity 

Product type, 

ingredients, skin type 

General 

Users 

Unknown method This research develops an 

ingredient-based skincare product 

recommendation system using 

content-based filtering techniques, 

achieving 80% accuracy for serum 

and sunscreen, and 66% average 

accuracy for all categories, 

emphasizing ingredient 

compatibility and efficacy over user 

reviews. 

(Putri et al., 

2024) 

Hybrid 

System 

TF-IDF, 

Convolutional 

Neural Network 

(CNN) 

User preferences (face 

type, ingredient 

preferences), skincare 

product attributes 

(brand, category, name, 

variant, price), user 

ratings, product 

descriptions, and 

interaction history 

General 

Users 

Precision The paper presents a hybrid filtering 

recommendation system combining 

80% content-based and 20% 

collaborative filtering, using TF-IDF 

and CNN for analysis. Validation 

showed high precision scores (0.776 

for top 5, 0.730 for top 10, and 0.754 

for top 15) and an 80% CSAT score, 

indicating excellent user satisfaction. 

The system processed 449,472 

cleaned data entries and effectively 

filtered products based on user input. 
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(Ardiana et 

al., 2024) 

Content-based 

Filtering 

TF-IDF and Cosine 

Similarity  

Category, ingredients, 

type, benefits 

General 

Users 

Evaluate the 

similarity score 

The paper presents a content-based 

filtering recommendation system for 

basic skincare products, addressing 

the challenge of selecting suitable 

items from a wide range. It used 35 

product samples based on six 

attributes, with Emina MS Pimple 

ranking highest (similarity score 

0.694). The study aims to improve 

recommendation accuracy and 

support future research. 

(Tanveer et 

al., 2024) 

Content-

Based 

Filtering 

TF-IDF Product description: 

component, usage 

guidelines, and 

customer feedback 

General 

Users 

Not specified The paper presents a web-based 

system that enhances personalized 

skincare recommendations using 

NLP to analyze product data. It 

tailors suggestions to individual skin 

issues and preferences, emphasizing 

clean, relevant datasets to support 

informed skincare decisions. 

(Ayuningrum 

et al., 2024) 

Collaborative 

Filtering 

K-Means Clustering User rating and item 

attributes (not 

specified) 

General 

Users 

Blackbox Testing The paper presents a Korean 

skincare recommendation system 

using collaborative filtering, 

predicting products based on user 

ratings and product similarities. 

Validated through Blackbox testing, 

the system achieved a Mean 

Absolute Error (MAE) of 0.25. 
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(Sianturi et 

al., 2024) 

Collaborative 

filtering 

Cosine similarity 

and the Singular 

Value 

Decomposition 

(SVD) algorithm for 

user-product 

relationship 

Skin characteristics, 

User-product 

relationship 

General 

Users 

Accuracy and 

Precision 

The paper proposes a skincare 

recommendation system using 

collaborative filtering, cosine 

similarity, and SVD. It achieved 

92.8% accuracy and 76% precision, 

outperforming baseline models and 

effectively delivering personalized 

product recommendations based on 

users' skin characteristics. 

(Gunarto et 

al., 2023) 

Content-

Based 

Filtering 

TF-IDF Product Ingredients General 

Users 

Blackbox Testing The paper presents a content-based 

filtering website that achieved a 94% 

approval rating for effective skincare 

recommendations. Blackbox testing 

validated its accuracy based on user 

profiles. While suitable for basic 

products, it struggles with complex 

items due to sensitivity factors. The 

system also helps users find 

alternatives when products are 

unavailable, supporting ingredient-

based purchases. 

(Lin et al., 

2022) 

Hybrid 

Filtering 

Machine Learning 

classification (for 

skin type), Deep 

Learning semantic 

segmentation (for 

acne detection), and 

Multi-feature 

processing (input 

fusion) 

Not specified Acne-Prone 

Skin Users 

Systematic tests 

were conducted in 

collaboration with 

dermatologists. 

The paper presents a skincare 

recommendation system combining 

acne detection and skin type 

classification. Acne detection 

achieved 80% segmentation 

accuracy using self-labeled online 

data, while skin type classification, 

trained on data from 20 individuals, 

was validated by dermatologists. 

Tests confirmed high accuracy, with 

results outperforming other methods. 
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CHAPTER III 

METHODOLOGY 

 

 

This  chapter  explains  the  methodology  used  in  developing  a  skincare  recommendation  

system  for  pregnant  women.  The  research  process  begins  with  problem  identification,  

followed  by data  collection  and  preprocessing  to  ensure  data  accuracy  and  consistency.  

After  preparing  the  data, the  recommendation  system  is  developed  using  suitable  

techniques  to  generate  safe  product suggestions.  Once  the  core  system  is  completed,  a  

mobile-based application is implemented  to  support  ease  of  use in user evaluation.  The  

final  stage  is  evaluation,  which  includes  both  system performance testing and user 

experience assessment. The stages of this study are illustrated in the flowchart shown in Error! R

eference source not found., which is adapted from the research architecture proposed by 

Permana and Wibowo (2023). 

 

 

Figure 3.1 Research flow 

 

3.1 Problem Identification 

The central problem addressed in this research is the lack of accessible and reliable 

guidance for pregnant women in choosing safe skincare products. Despite the increasing 

awareness of skincare safety during pregnancy, existing platforms offer fragmented solutions 

that do not comprehensively support users in identifying unsafe products and finding effective 

alternatives. Pregnant users are often forced to manually evaluate product ingredients without 

specialized knowledge, leading to confusion, anxiety, or discontinuation of skincare routines. 

To address this challenge, this research focuses on developing a content-based 

recommendation system that classifies product safety and generates safe, functionally 

equivalent alternatives for pregnant women. The core problem lies in accurately identifying 

ingredient-level risks and matching unsafe products with suitable replacements that maintain 

similar benefits and purposes. The key technical challenges include: 
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a. Classifying products based on safety, using keyword-based classification for pregnancy 

safety profiling. 

b. Developing a similarity model that considers the recommendation system attributes. 

c. Implementing TF-IDF to extract relevant product features from textual data, preserving 

important but less frequent safety-related keywords. 

d. Utilizing cosine similarity to match unsafe products with the most similar safe alternatives, 

based on the attributes. 

e. Filtering out products containing unsafe ingredients while still offering recommendations 

that are effective for specific pregnancy-related skin concerns. 

This research aims to build a system that not only warns users about unsafe ingredients 

but also empowers them to make informed skincare choices by delivering meaningful, 

personalized, and safe product alternatives through a content-based filtering framework. 

 

3.2 Data Collection 

This study systematically collected data from Skinsort, a comprehensive skincare product 

information platform, during December 2024. The data extraction process utilized Jupyter 

Notebook with Selenium and BeautifulSoup for web scraping, and the collected data was stored 

in CSV format. 

The research employed an automated web scraping system to efficiently gather product 

information across eight primary skincare categories: cleansers, treatments, moisturizer, 

sunscreen, masks, body care, lip care, and other. Following the removal of duplicate entries, 

the final dataset comprised 26.266 unique skincare products, which were subsequently 

organized into 26 distinct subcategories. 

The data collection used web scraping. The web scraping process was divided into two 

structured phases: first, obtaining an overview of data and product links, and subsequently 

retrieving detailed product information. To optimize performance and reduce server load, 

scraping was performed by product category, as shown in Figure 3.2. 

 

 

Figure 3.2 Data collection steps 
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This procedure resulted in a dataset containing several attributes. A complete list of these 

attributes, along with their definitions, is presented in Table 3.1. 

 

Table 3.1 Collected attributes from the main source 

No Attributes Definition 

1 Brand The manufacturer or company that produces the skincare 

product. 

2 Product The specific name of the skincare product. 

3 Category The main category of the product (e.g., cleanser, sunscreen). 

4 Type The specific sub-category or function of the product (e.g., 

toners, exfoliant, day moisturizer). 

5 Features Included Key attributes and claims highlighted by the product (e.g., 

vegan, fragrance-free, cruelty-free). 

6 Benefits The skin benefits of the product (e.g., anti-aging, brightening). 

7 Image The product image link provided on the Skinsort platform. 

8 Product_link The direct URL to the product’s detailed page on Skinsort. 

9 Quick_info A short product description summarizing key points, scrapped 

the product included and excluded. 

10 Ingredients The full list of ingredients contained in the product formulation. 

11 Ratings The product’s user ratings or scores available on the platform. 

12 Country The country of origin or distribution of the product. 

13 Good_for The conditions the product is recommended for (e.g., oily skin, 

sensitive skin). 

14 Concern The specific skin issues the product targets (e.g., eczema, 

irritating, acne trigger). 

 

3.2.1 Collecting the Overview and Links 

Web scraping is the process of extracting semi-structured information from the internet, 

specifically from web pages formatted in HTML and XHTML. The collected data aligns with 

the specifications outlined in the data collection plan. This extraction is performed using 

Python, along with tools such as Jupyter Notebook and libraries like Selenium and 

BeautifulSoup. Selenium is employed to automate web interactions, such as clicking buttons, 

while BeautifulSoup is used to parse and extract the necessary data from the HTML structure. 

The resulting data is then saved in a CSV format, which will later be cleaned for the 

development of the recommendation system. 

Data scraping involves two main phases: extracting links and gathering primary product 

data. To avoid long loading times, links are sourced from each sub-category instead of loading 

all categories simultaneously, which can be burdensome. The process begins by formatting the 

URL, consisting of a base URL and a list of additional links for each relevant sub-category. 

Using Selenium, product information is collected from a website, starting with the initialization 

of the Chrome WebDriver, which allows programmatic control of the Chrome browser. After 
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establishing the product category and defining specific subcategories, the process iterates 

through each one, constructing the appropriate URL and navigating to it with a 3-second pause 

to ensure the page fully loads. To manage pagination effectively, a loop checks for the presence 

of the “Load more products” button. If visible, the script attempts to click it using Selenium’s 

WebDriverWait. After clicking, the page is scrolled slightly downwards to load additional 

products, and if there are no more products to load or an error occurs, the loop terminates. Once 

all products are loaded, BeautifulSoup is utilized to parse the HTML content and locate all 

relevant product containers. Key product details such as the brand, product name, type, image 

URL, and product link are extracted from each container and stored in a dictionary, which is 

appended to a product list. After the loop concludes, the WebDriver is closed, and the collected 

product information is converted into a pandas DataFrame, which is then saved to a CSV file 

to confirm that the data has been successfully stored. An overview of this scraping phase is 

shown in Figure 3.3. 

 

Figure 3.3 Product link and main product data scrapping flowchart 

 

The initial phase focused on gathering basic product information and corresponding 

links, which facilitated the subsequent detailed data collection. This strategic approach allowed 

for more efficient data gathering and organization. The scraping process was executed using 

Python’s Selenium WebDriver for browser automation and BeautifulSoup for HTML parsing. 

 The scraping implementation included handling of dynamic page elements such as 

“Show more products” buttons to ensure comprehensive data collection. The automated system 

navigated through multiple pages, extracted product information including brand names, 

product titles, types, images, and product links. The system also incorporated appropriate wait 
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times between requests to respect the website’s resources and avoid potential rate limiting. 

Figure 3.4 is the code implementation for the serum category. 

 

driver = webdriver.Chrome() 

category = "serum" 

types = ["serums-with-more-than-40-

ingredients?product_filter%5Border_by%5D=popularity_desc", "serums-with-

less-than-40-ingredients?product_filter%5Border_by%5D=popularity_desc"] 

 

try: 

    for type in types: 

        url = f'https://skinsort.com/products/{type}' 

        driver.get(url) 

        time.sleep(3) 

 

        while True:             

            try: 

                load_more_button = WebDriverWait(driver, 5).until( 

                    EC.visibility_of_element_located((By.XPATH, 

"//*[@id='show_more_products']/form/button/span")) 

                ) 

 

                time.sleep(2) 

                 

                actions = ActionChains(driver) 

                actions.move_to_element(load_more_button).click().perform() 

                time.sleep(2) 

                driver.execute_script("window.scrollBy(0, 250);") 

                time.sleep(1) 

                 

 

            except Exception: 

                print("No more products to load or error clicking the 

button.") 

                break 

 

        soup = BeautifulSoup(driver.page_source, "html.parser") 

        containers = soup.findAll('div', attrs={'class': 'flex flex-wrap h-

full w-full'}) 

 

        for container in containers: 

            try: 

                # Brand 

                brand_span = container.select_one("span.text-warm-gray-

600.font-normal.text-base.lg\\:text-lg.tracking-

tight.lg\\:hover\\:underline a") 

                brand = brand_span.text if brand_span else None 

 

                # Product 

                product_span = container.select_one("span.text-warm-gray-

900.font-bold.leading-none.mt-1\\.5.text-lg.lg\\:text-

xl.lg\\:hover\\:underline a") 

                product = product_span.text if product_span else None 

 

                # Type 

                type_element = container.find('span', attrs={'class': 'text-

lime-800'}) 
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                type = type_element.text.strip() if type_element else None 

 

                # Image                 

                image_element = container.find('img', attrs={'class': 'h-48 

lg:h-36 w-full py-1 bg-white rounded-2xl min-w-full object-contain 

lg:hover:opacity-80'}) 

                image_src = image_element['src'] if image_element else None 

 

                # Product link 

                product_link = product_span['href'] if product_span else 

None 

 

                serum.append({ 

                    'category': category, 

                    'brand': brand, 

                    'product': product, 

                    'type': type, 

                    'image': image_src, 

                    'product_link': product_link, 

                }) 

 

            except AttributeError: 

                continue 

 

except Exception as e: 

    print(f"An error occurred: {e}") 

 

finally: 

    driver.quit() 

 

print(serum) 

 

dfserum = pd.DataFrame(serum, columns=["category", "brand", "product", 

"type", "image", "product_link"]) 

dfserum.to_csv("serum.csv", index=False) 

Figure 3.4 Source code of product link and main product data scrapping flowchart 

 

Table 3.2 presents five samples from the 26.266 collected data entries, illustrating the 

structured information extracted for each product during the initial phase. 
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Table 3.2 Result of scraping the overview and links of the product 

Category Brand Product Type Image Product_link 

cleansers Anua Heartlea

f Pore 

Control 

Cleansin

g Oil 

Makeup 

Remover 

https://skinsort.co

m/rails/active_sto

rage/representatio

ns/proxy/eyJfcmF

pbHMiOnsib… 

/products/anua/heartleaf-

pore-control-cleansing-oil 

cleansers Bioderma Sensibio 

H2O 

Micellar 

Water 

Makeup 

Remover 

https://skinsort.co

m/rails/active_sto

rage/representatio

ns/proxy/eyJfcmF

pbHMiOnsib… 

/products/bioderma/sensibio-

h2o-micellar-cleansing-

water-and-makeup-remover 

cleansers Garnier Micellar 

Cleansin

g Water 

All-In-1 

Makeup 

Remover 

https://skinsort.co

m/rails/active_sto

rage/representatio

ns/proxy/eyJfcmF

pbHMiOnsib… 

/products/garnier/micellar-

cleansing-water-all-in-1 

cleansers SKIN100

4 

Madaga

scar 

Centella 

Light 

Cleansin

g Oil 

Makeup 

Remover 

https://skinsort.co

m/rails/active_sto

rage/representatio

ns/proxy/eyJfcmF

pbHMiOnsib… 

/products/skin-

1004/madagascar-centella-

light-cleansing-oil 

cleansers ma:nyo Pure 

Cleansin

g Oil 

Makeup 

Remover 

https://skinsort.co

m/rails/active_sto

rage/representatio

ns/proxy/eyJfcmF

pbHMiOnsib… 

/products/ma-nyo/pure-

cleansing-oil 

 

3.2.2 Collecting the Detail 

In the second stage of data scraping, an automated process was developed to gather detailed 

product information from the URLs obtained in the first stage. Using Selenium, the script 

systematically navigated to each product page, allowing sufficient time (approximately three 

seconds) for full page loading before initiating data extraction. Selenium, combined with 

BeautifulSoup, was then used to extract additional product attributes that were not captured in 

the first stage. These include information such as product identifiers, specifications, 

composition, and user ratings. The extracted data from each page was stored in a list and 

compiled into a larger collection, which was later converted into a pandas DataFrame and saved 

as a CSV file. A visual representation of this process is provided in Figure 3.5. 
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Figure 3.5 Detail Product Scrapping Flowchart 

 

After gathering product links, the second phase focused on extracting detailed product 

information. This detailed collection included ingredient lists, ratings, price information, 

country of origin, and various product characteristics such as benefits, concerns addressed, and 

special features. 

The detailed scraping process was implemented with careful error handling to manage 

missing information and potential inconsistencies in the website’s structure. This detailed 

information provided the foundation for the subsequent data preprocessing and 

recommendation system development. The comprehensive nature of the collected data enabled 

sophisticated analysis and categorization of products based on safety and suitability for 

pregnant women. Figure 3.6 illustrates the implementation of the flowchart in source code, 

using the Treatments category as an example. 

 

# Treatments 

options = Options() 

options.add_argument('--ignore-certificate-errors') 

driver = webdriver.Chrome(options=options) 

 

base_url = "https://skinsort.com" 

 

detail = [] 

 

try: 

    # Loop over each product link 

    for idx, path in enumerate(treatments.product_link): 

        # Get the product name 

        product = treatments.iloc[idx, 2] 

 

        url = urljoin(base_url, path) if not path.startswith("https") else 

path 
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        if not url.startswith("https://skinsort.com"): 

            continue 

 

        driver.get(url) 

        time.sleep(1) 

 

        # Parse the page 

        soup = BeautifulSoup(driver.page_source, "html.parser") 

 

        # Initialize lists for this product 

        quick_info = [] 

        ingredients = [] 

        ratings = [] 

        country = [] 

        goodfor = [] 

        benefits = [] 

        concern = [] 

 

        # Country 

        country_container = soup.find_all('h3', class_='text-sm font-

semibold text-warm-gray-800') 

        if len(country_container) >= 2: 

            country = country_container[1].get_text(strip=True) 

 

        # Extract ratings 

        rating_container = soup.find('div', class_='text-6xl text-warm-gray-

800 font-header font-bold text-left lg:text-center tracking-tighter leading-

none flex items-end') 

        if rating_container: 

            ratings = rating_container.get_text(strip=True) 

 

        # Get all quick info 

        quick_info_yes_no = [] 

 

        # Find "yes" info 

        yes_info_buttons = soup.find_all( 

            'button', 

            class_='h-full w-full touch-effect trigger-native-haptic w-full 

text-left px-3 py-1.5 rounded-lg flex items-center gap-2 bg-indigo-50 text-

indigo-800' 

        ) 

        quick_info_yes = [button.find('span', class_='text-xs font-

medium').get_text(strip=True) for button in yes_info_buttons] 

        quick_info_yes_no.append(("yes", quick_info_yes)) 

 

        # Find "no" info 

        no_info_buttons = soup.find_all( 

            'button', 

            class_='h-full w-full touch-effect trigger-native-haptic w-full 

text-left px-3 py-1.5 rounded-lg flex items-center gap-2 bg-warm-gray-50 

text-warm-gray-500' 

        ) 

        quick_info_no = [button.find('span', class_='text-xs font-

medium').get_text(strip=True) for button in no_info_buttons] 

        quick_info_yes_no.append(("no", quick_info_no)) 

 

        quick_info.append(quick_info_yes_no) 

 

        # Good for 

        p_tags = soup.find_all('p') 
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        for p in p_tags: 

            strong_tags = p.find_all('strong') 

            if len(strong_tags) > 1: 

                goodfor.append(p.get_text(strip=True)) 

 

        # Benefits 

        benefit_buttons = soup.find_all( 

            'button',  

            class_='h-full w-full max-w-min flex max-h-min whitespace-nowrap 

items-center px-3 py-1 font-header rounded-lg text-[11px] lg:text-xs font-

medium transition-colors bg-emerald-100 text-emerald-900' 

        ) 

        for button in benefit_buttons: 

            span_tags = button.find_all('span', class_='font-semibold') 

            for span in span_tags: 

                benefits.append(span.get_text(strip=True)) 

 

        # Concern 

        concern_buttons = soup.find_all( 

            'button',  

            class_='h-full w-full max-w-min flex max-h-min whitespace-nowrap 

items-center px-3 py-1 font-header rounded-lg text-[11px] lg:text-xs font-

medium transition-colors bg-red-100 text-red-900' 

        ) 

        for button in concern_buttons: 

            span_tags = button.find_all('span', class_='font-semibold') 

            for span in span_tags: 

                concern.append(span.get_text(strip=True)) 

 

        # Ingredients 

        ingredient_containers = soup.findAll('p', class_='leading-[1.9] 

font-normal break-words') 

        ingredients = [link.get_text(strip=True) for container in 

ingredient_containers for link in container.findAll('a', class_='pb-0.5 

lg:hover:underline')] 

 

        detail.append({ 

            'product': product, 

            'quick_info': quick_info, 

            'ingredients': ingredients, 

            'ratings': ratings, 

            'country': country, 

            'goodfor': goodfor, 

            'benefits': benefits, 

            'concern': concern 

        }) 

 

finally: 

    driver.quit() 

 

treatments_out = pd.DataFrame(detail) 

treatments_out.to_csv("detailtreatments.csv", index=False) 

Figure 3.6 Source code of detail product scrapping flowchart 

 

Table 3.3 shows a sample of the data collected during this initial phase, demonstrating the 

structured information extracted for each product. 
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Table 3.3 Result of scraping the detail of the product 

product quick_info ingredients ratings country goodfor benefits concern 

COSRX [[('yes', 

['alcohol-

free', 'eu-

allergen-

free', 

'fragrance-

free', 'oil-

free'...]), 

('no', 

['fungal-

acne-safe', 

'vegan'])]] 

['Snail 

Secretion 

Filtrate', 

'Betaine', 

'Butylene 

Glycol', '1,2-

Hexanediol', 

...] 

3.7 

 

Korean 

Brand 

['It has 

ingredie

nts that 

aregood 

fordry 

skin,sen

sitive 

skinands

car 

healing'] 

['Hydratin

g', 

'Redness 

Reducing'

, 'Reduces 

Irritation', 

'Scar 

Healing'] 

[] 

Beauty 

of 

Joseon 

[[('yes', 

['alcohol-

free', 'eu-

allergen-

free', 

'fragrance-

free', 'oil-

free', 

'paraben-

free', ...]), 

('no', [])]] 

['Panax 

Ginseng 

Root Water', 

'Butylene 

Glycol', 

'Glycerin',...] 

4.1 Korean 

Brand 

['It has 

ingredie

nts that 

aregood 

forfighti

ng 

acne,ant

i 

aging,dr

y 

skin,brig

htening 

skin,sen

sitive 

skin,oily 

skin,red

ucing 

pores,sc

ar 

healinga

nddark 

spots'] 

['Hydratin

g', 'Good 

For Oily 

Skin', 

'Redness 

Reducing'

, 'Reduces 

Irritation', 

'Reduces 

Large 

Pores', ...] 

[] 
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product quick_info ingredients ratings country goodfor benefits concern 

Mixsoo

n 

[[('yes', 

['alcohol-

free', 'eu-

allergen-

free', 

'fragrance-

free', 'oil-

free', 

'paraben-

free', ...]), 

('no', [])]] 

['Water', 

'Propanedio

l', 

'Glycerin', 

'Lactobacill

us/Soybean 

Ferment 

Extract', ...] 

4.3 Benefits ['It has 

ingredie

nts that 

aregood 

fordry 

skinand

brighten

ing 

skin'] 

['Hydratin

g', 

'Brighteni

ng'] 

[] 

I'm from [[('yes', 

['alcohol-

free', 'eu-

allergen-

free', 

'fragrance-

free', 'oil-

free', 

'paraben-

free', ...]), 

('no', [])]] 

['Water', 

'Artemisia 

Vulgaris 

Extract 

100%', '1,2-

Hexanediol'

] 

4.4 Korean 

Brand 

[] ['Redness 

Reducing'

] 

[] 

Pyunkan

g Yul 

[[('yes', 

['alcohol-

free', 'eu-

allergen-

free', 

'fragrance-

free', 'oil-

free', ...]), 

('no', 

['fungal-

acne-

safe'])]] 

['Astragalus 

Membranac

eus Root 

Extract', 

'1,2-

Hexanediol'

, ...] 

4.1 Korean 

Brand 

[] [] [] 

Dr.Ceur

acle 

[[('yes', 

['alcohol-

free', 'eu-

allergen-

free', 

'paraben-

free', ...]), 

('no', 

['fragrance-

free', 'oil-

free', 

'fungal-

acne-

safe'])]] 

['Water', 

'Triethylhex

anoin', 

'Hydrogenat

ed 

Polyisobute

ne', '1,2-

Hexanediol'

, 

'Methylprop

anediol', 

'Butylene 

Glycol', 

'Glycerin', 

...] 

4.4 Notable 

Ingredient

s 

['It has 

ingredie

nts that 

aregood 

forfighti

ng 

acne,ant

i 

aging,dr

y 

skin,brig

htening 

skin,sen

sitive 

skinandr

educing 

pores'] 

['Hydratin

g', 

'Redness 

Reducing'

, 'Reduces 

Irritation', 

'Reduces 

Large 

Pores', 

'Anti-

Aging', 

'Acne 

Fighting', 

'Brighteni

ng'] 

[] 
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3.3 Data Cleaning 

After data collection, the dataset was cleaned and refined to resolve inconsistencies and 

prepare it for preprocessing. This stage is essential to ensure the dataset's accuracy and 

reliability, which directly impacts the performance of the recommendation system. The 

cleaning process was tailored based on specific issues observed during inspection, such as 

incorrect scraping results, null values, and duplicate entries. 

The methodology follows a systematic approach, starting with validation and correction 

of the scraped data, followed by fundamental data quality operations, and progressing to 

advanced text processing and feature extraction techniques. This structured process ensures 

consistency across all data fields and prepares the dataset for effective analysis and system 

development. This structured process illustrated in Figure 3.7. 

 

 

Figure 3.7 Data cleaning steps 

 

3.3.1 Data Validation and Deduplication 

The data cleaning process begins with validating the accuracy of the scraped dataset. 

Initial inspection revealed inconsistencies caused by incorrect scraping results. For instance, 

several entries in the ‘country’ field mistakenly contained section titles from the source 

website, indicating that the scraper had captured the wrong HTML element. This indicates that 

the scraper likely misaligned the parsed data due to incorrect indexing when populating the 

structured table. To resolve this issue, the affected data was rescraped to ensure that each field 

accurately captured the intended content. 

Following this, the dataset was examined for common data quality issues. Null values 

were removed using the dropna() function to eliminate incomplete records that could not 

contribute meaningful information to the recommendation system. Additionally, duplicate 

entries were identified and removed based on the ‘product’ field, with the drop_duplicates() 

function configured to retain the most recent entry when duplicates were detected. 
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3.3.2 Text Preprocessing and Standardization 

A significant portion of the cleaning process focuses on text normalization and 

standardization to ensure consistency across textual fields. This involves converting all text to 

consistent capitalization formats, applying proper capitalization to maintain readability while 

ensuring uniformity. The process includes removing unnecessary symbols such as brackets, 

quotes, and formatting characters that could interfere with subsequent analysis. 

 

3.3.3 Feature Engineering and Pattern Extraction 

Regular expression patterns were applied to extract structured information from semi-

structured text data, a critical step for processing complex fields containing multiple details 

within a single entry. This technique was used to extract and differentiate feature information, 

specifically identifying included (“yes”) and excluded (“no”) features from quick information 

fields. Additionally, regular expressions facilitated the standardization of country of origin data 

by removing unnecessary prefixes, thereby improving consistency across records and 

supporting accurate downstream analysis. 

 

3.3.4 Data Transformation and Type Casting 

The cleaning process includes comprehensive data type conversion to ensure optimal 

performance and accuracy. Numerical fields such as ratings are converted to appropriate 

numeric formats. Text fields are standardized to string format, while empty values are 

consistently converted to None values to maintain data integrity. 

 

3.4 Data Preprocessing 

Following the data cleaning phase, comprehensive preprocessing techniques were 

applied to enhance the dataset quality and prepare it for the recommendation system. As 

illustrated in Figure 3.8, the preprocessing step consists of three integrated approaches: 

ingredient-based safety classification, condition-specific treatment classification, and feature 

extraction through pattern matching. 

 

 

Figure 3.8 Data preprocessing step 
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 This process produced additional attributes that were utilized in the recommendation 

system engine. The details of these attributes are presented in Table 3.4 

 

Table 3.4 Additional attributes 

No Attributes Definition 

1 Pregnancy Condition Classification of common pregnancy-related skin concerns, such 

as acne, hyperpigmentation, melasma, post-inflammatory 

hyperpigmentation (PIH), and stretch marks. 

2 Pregnancy Safety Safety classification for pregnant users. 

 Pregnancy Safety Reason Explanation of the ingredient(s) that make a product considered 

unsafe. 

3 Skin Type Suitability for specific skin types, derived from the ‘good_for’ 

attribute. 

 

3.4.1 Pregnancy Safety Classification 

The pregnancy safety classification in this study was conducted through a flagging 

approach based on keyword matching. A reference list of ingredients was compiled from 

literature citing established safety authorities, including the U.S. Food and Drug 

Administration (FDA), the Environmental Working Group (EWG), and other dermatological 

and obstetric guidelines. 

The list includes ingredients identified as having minimum risk according to the 

literature, even when no direct evidence of teratogenicity or harmful effects has been reported. 

This broader inclusion was chosen to emphasize precautionary measures in product evaluation. 

Each ingredient found in a product’s composition was flagged by comparing it against 

the reference list. Products containing at least one flagged ingredient were labeled as 

pregnancy-unsafe, while those without flagged ingredients were classified as safe. In cases 

where ingredient information was incomplete or unavailable, the product was labeled as 

unknown. 

This method was selected for its transparency and interpretability, which are essential in 

healthcare applications where users require clear explanations for safety recommendations. It 

provides binary labels (safe/unsafe) with complete traceability to specific ingredient concerns, 

enabling informed decision-making about product usage during pregnancy. The categorization 

detail is shown in Table 3.5. 
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Table 3.5 Definitions of product safety categories for pregnancy 

Condition Definition 

Safe Products that do not contain any ingredients identified as unsafe for pregnancy, based 

on available research. 

Unsafe Products that contain one or more ingredients known to be harmful during pregnancy. 

Unknown Products with incomplete or missing ingredient information, making it impossible to 

determine whether they are safe or unsafe for pregnancy. 

 

3.4.2 Pregnancy-Related Condition Classification 

A rule-based classification was used to determine the therapeutic potential of products 

for pregnancy-related skin concerns, including melasma, hyperpigmentation, acne, post-

inflammatory hyperpigmentation (PIH), and stretch marks. This approach employs predefined 

conditional rules structured as IF-THEN statements, mapping specific ingredient combinations 

to their corresponding therapeutic benefits. 

The rule base was constructed through systematic analysis of dermatological literature 

and ingredient efficacy studies. Each rule defines the minimum ingredient requirements for 

addressing specific skin conditions, ensuring that product recommendations are grounded in 

scientific evidence. For instance, products containing niacinamide or azelaic acid are classified 

as suitable for treating hyperpigmentation and melasma, based on established clinical efficacy 

data. 

 

3.4.3 One-hot Encoding 

Skin Type Categorization: Identifying and extracting skin type information from product 

descriptions using pattern matching techniques. Convert categorical labels into binary vectors 

for modeling. For example, a product for dry and sensitive skin is encoded as dry=1, oily=0, 

sensitive=1; and one treating acne and PIH as acne=1, PIH=1, others=0, as well as the 

pregnancy-related skin conditions. 

 

3.5 Recommendation System Development 

The preprocessing stage produced structured attributes that encapsulate product safety, 

pregnancy-related skin concerns, and skin type suitability. These enriched features form the 

foundation for building the recommendation system, ensuring that the model not only captures 

product similarity but also incorporates safety and health considerations essential for pregnant 

users. 
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The content-based filtering model used in this research applies TF-IDF vectorization and 

cosine similarity to measure product similarity based on textual features. According to Lui et 

al. (2022), the TF-IDF method is widely used for generating sentence vectors by weighting 

words based on their importance, factoring in both their frequency within a specific document 

and their inverse frequency across the entire corpus. 

In this study, the model recommends alternative products that are most similar to a selected 

item. If a product is classified as unsafe, the system applies the content-based model to suggest 

safer alternatives with closely matched attributes. The step of recommendation system 

development can be seen in Figure 3.9. 

 

 

Figure 3.9 Recommendation system flow 

 

3.5.1 Vectorization and Transformation using TF-IDF 

The TF-IDF (Term Frequency–Inverse Document Frequency) Vectorizer plays a vital 

role in the recommendation system by converting textual descriptions of skincare products into 

a numerical format. This transformation highlights the significance of specific attributes for 

each product, allowing for a better understanding of their unique characteristics. The method 

effectively captures how often particular features, such as “hydrating,” “brightening,” or 

“suitable for sensitive skin,” appear across the dataset. 

TF-IDF determines the relevance of each attribute by calculating two main components. 

First, term frequency (TF) measures how often an attribute appears in a specific product relative 

to the total number of terms in that product. Second, inverse document frequency (IDF) 

evaluates how rare or common an attribute is across all products. In this study, the IDF value 

is computed using Equation ( 2.7 ) which includes smoothing, as previously described in 

Chapter 2, to reduce bias and handle terms that appear in all documents. 

Once these calculations are complete, the textual data is transformed into a matrix format 

where each entry indicates the importance of an attribute for a given product. This TF-IDF 

matrix becomes the foundation for making similarity comparisons and generating 

recommendations based on product characteristics. 
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Table 3.6 illustrates the TF-IDF analysis for the product Advanced Snail 96 Mucin Power 

Essence, using Equations ( 2.4 ), ( 2.5 ), and ( 2.7 ). The selected sample ingredients for this 

product include: Snail Secretion Filtrate, Betaine, Butylene Glycol, 1,2-Hexanediol, Sodium 

Polyacrylate, and Phenoxyethanol. For example, consider three products: 

1. Product 1: Snail Mucin 95 + Peptide Essence 

2. Product 2: Snail Repair Intensive Ampoule 

3. Product 3: Snail Mucin 5000 Ampoule 

 

Table 3.6 TF-IDF calculations with smoothing 

No Ingredients Product 

1 

Product 

2 

Product 

3 

df Idf Tf.idf 

Doc 1 Doc 2 Doc 3 

1 

Snail 

Secretion 

Filtrate 

1 1 1 3 

log((1+3)/

(1+3)) + 1 

= 1 

1.0 1.0 1.0 

2 Betaine 1 1 0 2 

log((1+3)/

(1+2)) + 1 

≈ 1.2877 

1.2877 1.2877 0 

3 
Butylene 

Glycol  
1 1 1 3 

log((1+3)/

(1+3)) + 1 

= 1 

1.0 1.0 1.0 

4 
1,2-

Hexanediol 
1 1 0 2 

log((1+3)/

(1+2)) + 1 

≈ 1.2877 

1.2877 1.2877 0 

5 
Sodium 

Polyacrylate 
1 1 1 3 

log((1+3)/

(1+3)) + 1 

= 1 

1.0 1.0 1.0 

6 
Phenoxyetha

nol 
1 1 0 2 

log((1+3)/

(1+2)) + 1 

≈ 1.2877 

1.2877 1.2877 0 

 

This vectorization process is applied to multiple textual features: “ingredients,” “category,” 

“type,” “benefits,” and “included_features,” which are combined into a single field 

(“combined_text”), along with binary condition flags such as “hyperpigmentation,” “pih,” 

“acne,” “stretch_marks,” “melasma,” “dry_skin,” “oily_skin,” and “sensitive_skin.” The 

TfidfVectorizer from scikit-learn is used to implement this transformation, ensuring that 

distinctive terms are emphasized while common terms are given lower weights. 

 

3.5.2 Calculation of Cosine Similarity 

Once the TF-IDF matrix has been established, Cosine Similarity is used to evaluate the 

degree of similarity between products based on their features and benefits. This is 
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accomplished by calculating the cosine of the angle between two vectors, with each vector 

representing a product’s TF-IDF values. A cosine value closer to 1 indicates higher similarity 

between products in terms of key attributes. This similarity metric enables the recommendation 

system to identify and suggest products that align closely with a user’s preferences. The 

resulting similarity scores are stored in a matrix, allowing the system to retrieve and 

recommend products with high cosine similarity scores. This ensures that the recommendations 

are relevant and tailored to meet the user’s specific skincare needs, includin considerations for 

safety during pregnancy. 

For example, using the ingredients illustrated in TF-IDF vectorization, the following 

query vectors are defined for the main product and Products 1, 2, and 3: 

1. Main (A): [1, 1.2877, 1, 1.2877, 1, 1.2877] 

2. Product 1 (B): [1, 1.2877, 1, 1.2877, 1, 1.2877] 

3. Product 2 (C): [1, 1.2877, 1, 1.2877, 1, 1.2877] 

4. Product 3 (D): [1, 0, 1, 0, 1, 0] 

The similarity is calculated using the formula in Equation ( 2.8 ) for the main product and 

each of the products: 

 

similarity(A. B) = 

(1 ∙ 1) + (1.2877 ∙ 1.2877) + (1 ∙ 1) + (1.2877 ∙ 1.2877) + (1 ∙ 1) + (1.2877 ∙ 1.2877)

√(3. 12 + 3. (1.28772)  ∙ √(3. 12 + 3. (1.28772) 
 

similarity(A. B) =
7.9746

2.8239 . 2.8239
 = 1 

similarity(A. C) = 

(1 ∙ 1) + (1.2877 ∙ 1.2877) + (1 ∙ 1) + (1.2877 ∙ 1.2877) + (1 ∙ 1) + (1.2877 ∙ 1.2877)

√(3. 12 + 3. (1.28772)  ∙ √(3. 12 + 3. (1.28772) 
 

similarity(A. C) =
7.9746

2.8239 . 2.8239
 = 1 

similarity(A. D)  =
(1 ∙ 1) + (1.2877 ∙ 0) + (1 ∙ 1) + (1.2877 ∙ 0) + (1 ∙ 1) + (1.2877 ∙ 0)

√(3. 12 + 3. (1.28772)  ∙ √(12 + 12 + 12 
 

similarity(A. D) =
3

2.8239 . 1.7321
 ≈ 0.6134 

 

The results show that Products 1 and 2 have a cosine similarity score of 1.0000 with the 

main product (Advanced Snail 96 Mucin Power Essence), indicating that they share identical 

ingredient features based on the selected terms. In contrast, Product 3 has a lower similarity 
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score of approximately 0.6134, reflecting fewer overlapping ingredients with the main product. 

Consequently, Products 1 and 2 will appear at the top of the recommendation list when users 

search for alternatives similar to the main product. 

The system employs two complementary similarity metrics for generating 

recommendations: the ingredient match count and the feature similarity score. The ingredient 

match count is obtained by counting the number of identical ingredients between the queried 

product and its suggested alternatives. The feature similarity score is derived from the cosine 

similarity results based on TF-IDF vectorization of ingredient lists, providing a quantitative 

measure of overall similarity. These metrics together ensure that the system ranks products in 

a way that prioritizes both ingredient overlap and overall feature alignment, while also 

considering safety requirements during pregnancy. 

 

3.6 Implementation 

After the development of the recommendation system, an interactive prototype was 

designed using Figma to visualize the user flow and interface structure of the mobile 

application. This prototype illustrates how users will interact with the system and how key 

features will be presented within the application. The Figma prototype serves as a design 

reference for the final mobile application developed using Flutter, which will be discussed 

further in Chapter 4. 

 

3.6.1 Home Screen 

The home screen is designed to serve as the main navigation point, allowing users to 

explore the full list of products and apply filters for a personalized experience. The home screen 

can be seen in Figure 3.10. 
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Figure 3.10 Home page containing all products and the search function 

 

The home page also features comprehensive filtering capabilities, allowing users to refine 

product listings based on various criteria, including skin type, pregnancy-related conditions, 

country of origin, and more. After applying filters, results are dynamically updated, and users 

can reset filters through an intuitive interface, as shown in Figure 3.11. 

 

 

Figure 3.11 Filter function and the result 
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3.6.2 Product Details 

The product details page provides comprehensive information about selected skincare 

products, presented in a well-structured and user-friendly format. The overview section 

outlines key attributes such as suitable skin types and the product's country of origin. The 

features section highlights the product’s benefits, included and excluded features, specific skin 

concerns it addresses, and its classification based on pregnancy-related skin conditions. 

Additionally, a dedicated section lists the ingredients contained in the product, allowing users 

to make informed decisions regarding its safety and suitability. 

A critical feature of the product details page is the safety classification. Safe products are 

displayed with standard information as shown in Figure 3.12 (a), while unsafe products include 

a prominent caution notice that details specific ingredients of concern as shown in Figure 3.12 

(b). This transparency empowers users to make informed decisions about their skincare choices 

during pregnancy.A critical feature of the product details page is the safety classification. Safe 

products are displayed with standard information as shown in Figure 3.12 (a), while unsafe 

products include a prominent caution notice that details specific ingredients of concern as 

shown in Figure 3.12 (b). This transparency empowers users to make informed decisions about 

their skincare choices during pregnancy. 

 

 

Figure 3.12 Detail for (a) safe and (b) unsafe products 
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3.6.3 Unsafe Alternative Products 

In cases where a product is identified as unsafe, the system initiates a recommendation 

process to suggest alternative products with similar characteristics. This functionality is 

supported by a content-based recommendation approach, which identifies products that address 

comparable pregnancy-related skin conditions and offer equivalent benefits, while prioritizing 

user safety. Additionally, users can refine the suggested alternatives using the filtering system, 

enabling more personalized recommendations based on individual preferences, skin types, and 

specific concerns, as shown in Figure 3.13. 

 

 

Figure 3.13 Alternative product recommendations: (a) filtering for the alternative products, 

(b) indicator that the filter has applied, (c) the result of the filtered alternative products 

 

3.6.4 Product Comparison 

A comparison screen is included in the prototype to illustrate how users may compare 

products side by side evaluate alternative products against the original product they viewed. 

This side-by-side comparison includes critical information such as Pregnancy condition 

suitability, Safety classification, Product benefits, Specific concerns addressed, Ingredient 

similarities, and differences. This functionality helps users make informed decisions when 
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selecting alternative products, ensuring they can find safe options that effectively address their 

specific skincare needs during pregnancy. This screen can be seen in Figure 3.14. 

 

 

Figure 3.14 Comparison of products and the details of the chosen alternative product 

 

3.7 Evaluation 

Evaluation is conducted to assess both the algorithmic performance of the system and 

users’ perceived satisfaction. Two complementary approaches are applied: (1) quality 

performance evaluation using content-based similarity analysis, and (2) user-centered 

evaluation using the ResQue framework. This approaches can be seen in Figure 3.15. 

 

 

Figure 3.15 Evaluation flow 

 

3.7.1 Quality Performance Evaluation 

The first evaluation focuses on the relevance of the recommendation output from an 

algorithmic perspective. A content-based similarity analysis is conducted, focusing on how 

well the recommended products preserve semantic relevance to the unsafe input items. This 

evaluation approach draws from the methodology of Sridhar and Sanagavarapu (2021), in 
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which cosine similarity is used as a relevance metric to assess the semantic closeness between 

input and recommended items. 

Cosine similarity is computed between the feature vectors of each unsafe product and all 

available safe alternatives in the dataset. These vectors represent product characteristics, 

including ingredient presence and functional attributes. The resulting similarity score reflects 

the degree of alignment in content between the unsafe product and each candidate 

recommendation, with values ranging from 0 (no similarity) to 1 (perfect similarity). To 

enhance interpretability in the user interface, the cosine similarity scores are further converted 

into percentages, providing a more intuitive representation of how closely each recommended 

product matches the original. 

To ensure balanced evaluation across product categories (e.g., sunscreen, moisturizer, 

serum), a Proportional Sampling (PS) strategy is employed. Unsafe products are selected 

proportionally from each product type based on their representation in the full dataset. The 

evaluation is conducted at three hierarchical levels: 

a. Product Level: For each sampled product, the system calculates the average cosine 

similarity across its Top-10 recommended safe alternatives. 

b. Category Level: These average scores are aggregated within each product category to assess 

performance consistency across product types. 

c. Overall Level: All category-level scores are combined to obtain an overall average, 

representing the system’s general ability to provide semantically relevant and safe 

recommendations. 

The use of cosine similarity as a quality metric supports the system’s intended function of 

recommending pregnancy-safe skincare products that closely resemble unsafe items in terms 

of both functional and compositional properties. 

 

3.7.2 User Evaluation 

In addition to quality performance, user perceptions were assessed to understand the 

system’s usability and effectiveness in supporting real-world use cases. To assess user 

experience with the recommendation system, the ResQue framework from Pu et al. (2011) is 

employed. This framework focuses on several key dimensions, including perceived usefulness, 

usability, ease of learning, and user satisfaction. A total of 10 participants took part in the 

evaluation. All participants were either currently pregnant or had previously experienced 

pregnancy, and reported regular use of skincare products. 
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This sample size is appropriate for a pilot study, particularly given the specialized nature 

of the target population and the pre-deployment status of the system. Research involving 

pregnant women presents unique recruitment challenges, and similar studies in digital health 

interventions for this population have successfully employed comparable sample sizes (D. R. 

Kim et al., 2011; Knight-Agarwal et al., 2015). Participants provided written informed consent, 

including agreement to the collection of personal data such as age, skin type, and pregnancy-

related skin conditions. All data were anonymized and collected in accordance with ethical 

research standards. 

Usability testing was conducted using the functional version of the mobile application 

developed as discussed in Chapter 4. The input products and the corresponding 

recommendations were tailored to each participant’s daily skincare routine, with unsafe 

products based on their actual product usage. Participants were instructed to follow a 

predefined testing flow within the application, which consisted of two main tasks. First, they 

were asked to check an unsafe skincare product they currently use and explore the system’s 

recommended pregnancy-safe alternatives using the implemented filtering features. Second, 

they were asked to search for a new skincare product using the filters based on product safety, 

skin type, and skin conditions experienced during pregnancy. After completing both tasks, each 

participant filled out a ResQue-based questionnaire using a five-point Likert scale, where 1 

indicated “Strongly Disagree” and 5 indicated “Strongly Agree.” 

The questionnaire was adapted from the original ResQue framework developed by Pu et 

al. (2011) and comprised statements categorized into distinct evaluation dimensions. The 

selection of recommendation categories was based exclusively on their direct relevance to 

recommendation system evaluation, necessitating appropriate modifications to the original 

framework. The retained dimensions encompassed recommendation quality (including 

accuracy, novelty, and diversity), perceived usefulness, control and transparency, user 

attitudes, and behavioral intentions. The comprehensive set of evaluation statements is detailed 

in Table 3.7. 
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Table 3.7 Questionnaire questions 

No Dimensions Aspects Questions 

A1 Quality of 

Recommende

d Items 

Accuracy 
The items recommended to me matched my 

interests. 

Relative Accuracy 
The recommendation I received better fits my 

interests than what I may receive from a friend. 

Familiarity Some of the recommended items are familiar to me. 

Attractiveness The items recommended to me are attractive. 

Enjoyability I enjoyed the items recommended to me. 

Novelty 
The recommender system helps me discover new 

products. 

Diversity The items recommended to me are diverse. 

Context 

Compatibility 
The recommendations are timely. 

A5 
Perceived 

Usefulness 
  

The recommended items effectively helped me find 

the ideal product. 

A6 
Control/ 

Transparency 
  

The system helps me understand why the items were 

recommended to me. 

A7 Attitudes   
The recommender made me more confident about my 

selection/decision. 

A8 Behavioral 

Intentions 

Intention to Use the 

System 

If a recommender such as this exists, I will use it to 

find products to buy. 

Continuance and 

Frequency 

I prefer to use this type of recommender in the 

future. 

Recommendation to 

Friends 
I will tell my friends about this recommender. 

Purchase Intention 
I would buy the items recommended, given the 

opportunity. 

 

Evaluation results were presented using the mean score calculated for each ResQue 

dimension as well as an overall ResQue score. To interpret the results, each dimension was 

analyzed with a five-point class interval scale that corresponds to the original Likert response 

categories, following the descriptive interpretation guidelines proposed by Alkharusi (2022). 

The class intervals applied in this study are shown in  

Table 3.8. This approach allows the evaluation to retain the full detail of the original scale 

and provides a consistent, category-based interpretation at the dimension level (Alkharusi, 

2022). 



52 

 

 

Table 3.8 A 5-point scale of class intervals for interpreting the composite scores using the 

mean 

Interval Interpretation 

1-1.80 Very low level of optimism 

1.81-2.61 Low level of optimism 

2.62-3.42 Moderate level of optimism 

3.43-4.23 High level of optimism 

4.24-5.04 Very high level of optimism 
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CHAPTER IV 

RESULT AND DISCUSSION 

 

 

4.1 Result 

The result section presents the comprehensive results of implementing a specialized 

skincare recommendation system for pregnant women. This chapter showcases the 

development of an evidence-based system that classifies skincare ingredients by pregnancy 

safety, generates personalized recommendations using content-based filtering with cosine 

similarity, and evaluate the system performance using the similarity score produced from 

cosine similarity. The section encompasses the entire process from data collection through web 

scraping, data cleaning and preprocessing, development of the content-based recommendation 

system, implementation of a prototype to a functional mobile application to facilitate user 

interaction, and thorough user and quality performance evaluation to assess the system’s 

effectiveness in meeting the specific skincare needs of pregnant users. 

 

4.1.1 Descriptive Analysis 

Descriptive analysis was conducted to provide a comprehensive overview of the data 

obtained from scraping skincare product reviews on Skinsort. Figure 4.1 illustrates the 

distribution of product categories within the dataset. Cleansers represent the largest category, 

followed by treatments and moisturizers. The “Other” category, which contains prescription 

products, shows the lowest frequency. 

 

 

Figure 4.1 Distribution of product categories 
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The total countries represented in this dataset is 84. Figure 4.2 displays insights into the 

geographical distribution and market presence of skincare manufacturers, showcasing the top 

20 countries of origin and the most frequently occurring brands in the dataset. From the total 

of 3.702 skincare brands in the data, Neutrogena leads with 237 products, followed by La 

Roche-Posay with 196 products, and Nivea with 183 products. These three top brands are 

American companies, which explains why the United States is the leading country of origin, 

followed by Korea and France. 

 

 

Figure 4.2 Top 20 of (a) origin country of the product and (b) the product brand 

 

The main data used as attributes for the recommendation system include: good_for, 

benefits, included_features, ingredients, and type. Additional attributes will be derived from 

these columns through feature engineering and one-hot encoding processes. To assess data 

quality, Table 4.1 shows the total null values for each main attribute. 

 

Table 4.1 Missing data analysis 

Attribute Products with Missing Values Completeness Rate 

Good_for 1037 96.1% 

Benefits 1028 96.1% 

Included_features 64 99.8% 

Ingredients 63 99.8% 

Type 0 100% 
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The comprehensive analysis of the scraped Skinsort dataset demonstrates its strong 

suitability for developing a pregnancy-safe skincare recommendation system. The dataset 

encompasses 26.266 products with rich feature diversity, providing sufficient complexity for 

machine learning model training. With over 15.000 unique ingredients identified across the 

dataset, the system will have extensive ingredient knowledge for safety classification. The 

presence of structured benefit categories, concern flags, and feature specifications creates 

multiple pathways for recommendation logic implementation. 

The geographical diversity spanning 84 countries and 3.702 brands ensures the 

recommendation system can provide culturally diverse and globally applicable suggestions. 

Most critically, the inclusion of detailed ingredient lists, product features, and product type 

classifications provides the foundational data necessary for implementing the recommendation 

system. The dataset’s completeness rate of over 96% across all critical fields ensures reliable 

model performance and minimizes the risk of recommendation errors due to missing 

information. 

 

4.1.2 Data Cleaning 

The data cleaning process began with data validation and deduplication. Initial inspection 

revealed that the scraped dataset contained inconsistencies due to incorrect HTML element 

extraction, particularly in fields such as “country,” where section titles were mistakenly 

captured. To address this issue, a rescraping step was performed prior to further cleaning to 

ensure more accurate data extraction from the source website. 

Following this correction, the initial cleaning step involved removing rows with missing 

values and eliminating duplicates based on the product name. As shown in Figure 4.3, null 

values were dropped using dropna(), and duplicate entries were removed using 

drop_duplicates(). 

 

# Drop null val 

df = df.dropna(inplace=True) 

 

# Drop duplicate val 

df.drop_duplicates(subset='product', keep='last', inplace=True) 

Figure 4.3 Source code for removing null and duplicate values 

 

To implement text preprocessing and standardization, feature engineering and pattern 

extraction, as well as data transformation and type casting, a comprehensive clean_data 
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function was developed to address multiple aspects of data cleaning. The function 

systematically processes multiple data fields. This ensures a consistent data structure and 

improved quality for subsequent analysis. As illustrated in Figure 4.4, the function performs 

several key operations: 

1. Regex Pattern Extraction: Using regular expressions to extract structured information 

from semi-structured text data 

2. Text Normalization: Converting text to consistent formats, removing unnecessary 

symbols, and standardizing capitalization 

3. Country Information Cleaning: Removing prefixes like “Brand” and standardizing 

country names 

4. Rating Standardization: Ensuring consistent formatting of product ratings 

5. Skin Type Extraction: Identifying and categorizing skin types mentioned in product 

descriptions 

6. Text Capitalization: Ensuring consistent capitalization across textual fields 

7. Empty Value Handling: Converting empty strings to None values for consistency 

 

def clean_data(df): 

    # Regex 

    yes_pattern = r"\('yes', \[(.*?)\]\)" 

    no_pattern = r"\('no', \[(.*?)\]\)" 

 

    # Func to extract information based on regex pattern 

    def extract_info(info, pattern): 

        if pd.isna(info): 

            return None 

        if isinstance(info, list): 

            info = str(info) 

        matches = re.findall(pattern, str(info)) 

        if matches: 

            return matches[0].replace("'", "").split(", ") 

        return None 

 

    # Function to extract skin types from the good_for 

    def extract_skin_types(text): 

        if pd.isna(text): 

            return None 

        cleaned_text = text.replace("for", " ").replace("and", " ") 

        matches = re.findall(r'([a-zA-Z]+ skin)', cleaned_text) 

        return ', '.join(matches) 

 

    # Ensure quick_info is string 

    df['quick_info'] = df['quick_info'].fillna("").astype(str) 

 

    # Apply the function to extract Quick Info Yes and Quick Info No 

    df['included_features'] = df['quick_info'].apply(lambda x: 

extract_info(x, yes_pattern)) 
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    df['excluded_features'] = df['quick_info'].apply(lambda x: 

extract_info(x, no_pattern)) 

 

    # Convert the "Quick Info Yes" and "Quick Info No" to strings and clean 

them 

    df['included_features'] = df['included_features'].apply(lambda x: 

str(x).replace("[", "").replace("]", "").replace("'", "") if x is not None 

else None) 

    df['excluded_features'] = df['excluded_features'].apply(lambda x: 

str(x).replace("[", "").replace("]", "").replace("'", "") if x is not None 

else None) 

 

    # Drop the original column 

    df = df.drop(columns=['quick_info']) 

 

    # Country: Remove "Brand" and set to None if the string is empty 

    df['country'] = df['country'].apply(lambda x: None if pd.isna(x) or x == 

'' else str(x).replace('Brand', '').strip() if 'Brand' in str(x) else x) 

    df['country'] = df['country'].str.replace('\n', '', regex=True) 

 

    # Rating 

    if 'ratings' in df.columns: 

        df['ratings'] = df['ratings'].replace({None: np.nan, '': np.nan}) 

        df['ratings'] = pd.to_numeric(df['ratings'], errors='coerce') 

        df['ratings'] = df['ratings'].astype(float) 

 

    # Good For 

    df = df.rename(columns={'goodfor': 'good_for'}) 

    df = df.rename(columns={'extracted_info': 'skin_type'}) 

 

     

    # Apply the function to extract skin types in good_for column 

    df['extracted_info'] = df['good_for'].apply(extract_skin_types) 

 

    # Add space for good_for 

    df['good_for'] = df['good_for'].apply(lambda x: str(x).replace('are', 

'are ').replace('for', 'for ') if pd.notna(x) else x) 

 

    # Remove unnecessary symbols like brackets and quotes 

    df = df.applymap(lambda x: str(x).replace("[", "").replace("]", 

"").replace("'", "") if isinstance(x, str) else x) 

 

    # Replace blank strings with none 

    df = df.replace('', None) 

 

    df.loc[:, df.select_dtypes(exclude=['float']).columns] = 

df.select_dtypes(exclude=['float']).applymap(lambda x: x.capitalize() if 

isinstance(x, str) and x.islower() else x) 

     

    # Capitalize 

    df['extracted_info'] = df['extracted_info'].apply(lambda x: ', 

'.join([part.capitalize() for part in str(x).split(', ')]) if pd.notna(x) 

else x) 

    df['concern'] = df['concern'].apply(lambda x: ', 

'.join([part.capitalize() for part in str(x).split(', ')]) if pd.notna(x) 

else x) 

    df['benefits'] = df['benefits'].apply(lambda x: ', 

'.join([part.capitalize() for part in str(x).split(', ')]) if pd.notna(x) 

else x) 
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    df['included_features'] = df['included_features'].apply(lambda x: ', 

'.join([part.capitalize() for part in str(x).split(', ')]) if pd.notna(x) 

else x) 

    df['included_features'] = df['included_features'].apply(lambda x: ', 

'.join([part.capitalize() for part in str(x).split(', ')]) if pd.notna(x) 

else x)   

    return df 

Figure 4.4 Comprehensive data cleaning function 

 

Figure 4.5 and Figure 4.6 demonstrate the significant improvement in data structure and 

readability after applying the clean_data function to the raw dataset. 

 

 

Figure 4.5 Data before applying the clean function 
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Figure 4.6 Data after applying the clean function 

 

4.1.3 Data Preprocessing 

The data preprocessing phase focused on two primary techniques: classification of product 

safety based on ingredients and categorization of products for specific pregnancy-related skin 

conditions using a rule-based approach. After categorization, one-hot encoding was applied to 

prepare the data for the recommendation system. 

 

Pregnancy Safety Classification 

A comprehensive approach to safety classification was implemented based on existing 

literature regarding ingredients that might pose risks during pregnancy. The system used a 

keyword-based classification method to identify potentially unsafe ingredients from categories. 

The detailed classification is shown in Table 4.2. 

 

Table 4.2 Potentially unsafe ingredients for pregnancy 

Category Ingredients Source 

Microplastics and 

Nanoplastics 

Polyethene (PE), Polypropylene (PP), 

Polyvinylchloride (PVC), Polystyrene (PS), Polylactic 

(PLA) 

(Jones et al., 2024; 

Putra et al., 2022) 



60 

 

Parabens 
Methylparaben (MtP), Butylparaben (BuP), 

Ethylparaben (EtP), Propyl paraben (PrP) 

Benzophenone 
Benzophenone-1, Benzophenone-2, Benzophenone-

3/Oxybenzone, Benzophenone-4 

Phthalates 
Di-ethyl-phthalate (DEP), Dimethyl-phthalate (DMP), 

Din-butyl phthalate (DBP) 

Metals and Trace 

Metals 

Lead (Ld), Aluminium (Al), Cadmium (Cd), Nickel 

(Ni), Arsenic (As), Mercury (Hg), Manganese (Mn), 

Chromium (Cr), Iron (Fe), Copper (Cu), Cobalt (Co) 

Vitamin A 

Derivatives 

Retinoic Acid, Tretinoin, Retinol, Retinal, Retinyl 

Acetate, Retinyl Propionate, Retinyl Palmitate, 

Adapalene, Tazarotene, Hydroxypinacolone Retinoate 

(Putra et al., 2022; 

Patel et al., 2016; Ly 

et al., 2022) 

Hormonal 

Therapy 

Spironolactone, Trimethoprim-Sulfamethoxazole, 

Dapsone, Benzoyl Peroxide 

Skin Lightening Hydroquinone (Bio & Cies, 2017) 

AHA/BHA Salicylic Acid 
(Jones et al., 2024; 

Patel et al., 2016) 

Endocrine 

Disruption 
Octinoxate, 4-Methylbenzylidene camphor 

(Lim et al., 2025) 

Resorcinol 

Derivatives 

Resorcinol, Phenylethyl Resorcinol, 4-Butylresorcinol, 

Hexylresorcinol 

 

The safety classification was implemented using RegEx patterns to efficiently detect 

unsafe ingredients across the large dataset, as shown in Figure 4.7. 

 

unsafe = ["Polyethene", "Polypropylene", "Polystyrene", "Polylactic", 

"Methylparaben",  

    "Butylparaben", "Ethylparaben", "Propyl paraben", "Benzophenone-1",  

    "Benzophenone-2", "Benzophenone-3", "Benzophenone-4", "Di-ethyl-

phthalate",  

    "Dimethyl-phthalate", "Din-butyl phthalate", "Lead", "Aluminium", 

"Cadmium",  

    "Nickel", "Arsenic", "Mercury", "Manganese", "Chromium",  

    "Iron", "Copper", "Cobalt", "Retinoic Acid", "Tretinoin", "Retinol", 

"Retinal", "Retinyl Acetate",  

    "Retinyl Propionate", "Retinyl Palmitate", "Adapalene",  

    "Tazarotene", "Hydroxypinacolone Retinoate", "Spironolactone",  

    "Trimethoprim-Sulfamethoxazole", "Dapsone", "Hydroquinone", "Benzoyl 

Peroxide", "Salicylic Acid", 'resorcinol', 

          'phenylethyl resorcinol', '4-butylresorcinol', 'hexylresorcinol', 

'octinoxate', '4-methylbenzylidene camphor'] 
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# Regex patterns 

unsafe_pattern = r'\b(?:' + '|'.join(re.escape(ingredient) for ingredient in 

unsafe) + r')\b' 

 

# Classify products and extract unsafe reasons 

def classify_product(ingredients): 

    if pd.isna(ingredients): 

        return 'Unknown', '' 

 

    # Find all matching unsafe ing 

    unsafe_matches = re.findall(unsafe_pattern, ingredients, 

flags=re.IGNORECASE) 

     

    if unsafe_matches: 

        return 'Unsafe', ', '.join(set(unsafe_matches)) 

     

    return 'Safe', '' 

 

df[['safe', 'unsafe_reason']] = df['ingredients'].apply(lambda x: 

pd.Series(classify_product(x))) 

Figure 4.7 Keyword-based classification implementation 

 

The implementation includes a function that not only classifies products as “Safe,” 

“Unsafe,” or “Unknown” but also provides specific reasons for the unsafe classification by 

listing the problematic ingredients found. This transparency is crucial for users to understand 

why certain products are not recommended during pregnancy. Table 4.3 shows the detailed 

distribution of the type of safety condition. 

 

Table 4.3 Safety classification overview 

Condition Total 

Safe 19.958 

Unsafe 6.245 

Unknown 63 

 

Figure 4.8 displays the top five most common unsafe ingredients found in the products. 

Salicylic Acid is the most frequently found unsafe ingredient in the dataset, followed by 

Methylparaben, Copper, Retinol, and Retinyl Palmitate. 
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Figure 4.8 Top five unsafe reason percentage 

 

Pregnancy-Related Condition Classification 

A rule-based classification system was developed to identify skincare products effective 

for common pregnancy-related skin conditions: Acne, melasma, hyperpigmentation, PIH, and 

stretch marks. Table 4.4 presents the rules used for this classification (Zhao, Wang, Jiang, & 

Mu, 2020; Mohiuddin, 2019; Rendon, Berneburg, Arellano, & Picardo, 2006; Korgavkar & 

Wang, 2014; González Hernández, González, Castillo, & Falcón, 2012). 

 

Table 4.4 Classification rules for pregnancy-related skin conditions 

Rule Content 

Rule 1 IF CONTAINS Zinc Coceth Sulfate OR Portulaca OR Paris Polyphylla OR Bayberry 

OR Camellia Dianshan OR Pomegranate OR Nigella Sativa OR Resveratrol OR Hop 

OR Matricaria Recutita OR Licorice OR Avocado OR Green Tea OR Fruit Acid OR 

Alfa Hydroxy Acids OR Salicylic Acid OR Niacinamide OR Retinol OR Zinc THEN 

CONDITION is Acne 

Rule 2 IF CONTAINS Niacinamide OR (Niacinamide AND Desonide) OR (Ellagic Acid AND 

Salicylic Acid) OR Turmeric THEN CONDITION is Hyperpigmentation 

Rule 3 IF CONTAINS Azelaic Acid OR (Azelaic Acid AND Glycolic Acid) OR Mulberry OR 

Licorice OR (Licorice AND Bellis Perennis AND Emblica) OR (Kojic Acid AND 

Ascorbic Acid AND Hydroquinone) OR (Kojic Acid AND Hydroquinone) OR (Ellagic 

Acid AND Arbutin) OR Ellagic Acid OR Arbutin OR Green Tea OR Soy OR (Ascorbic 
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Acid AND Trichloroacetic Acid) OR (Ascorbic Acid AND Vitamin C) OR Ascorbic 

Acid THEN CONDITION is Melasma 

Rule 4 IF CONTAINS Azelaic Acid OR Niacinamide THEN CONDITION is PIH 

Rule 5 IF CONTAINS Tocopherol OR Almond Oil THEN CONDITION is Stretch Marks 

 

The classification was conducted by linking ingredients to pregnancy-related skin 

conditions, based on scientific literature concerning effective treatments during pregnancy. A 

dictionary-based approach was then used to categorize products by their ingredient 

composition. The corresponding implementation is shown in Figure 4.9. 

 

ingredients_by_condition = { 

    "Acne": [ 

        "Zinc Coceth Sulfate", "Portulaca", "Paris Polyphylla", "Bayberry",  

        "Camellia Dianshan", "Pomegranate", "Nigella Sativa", "Resveratrol",  

        "Hop", "Matricaria Recutita", "Licorice", "Avocado", "Green tea",  

        "Fruit Acid", "Alfa Hydroxy Acids", "Salicylic Acid", "Niacinamide",  

        "Retinol", "Zinc" 

    ], 

    "Hyperpigmentation": [ 

        "Niacinamide", "Niacinamide, Desonide", "Ellagic Acid, Salicylic 

Acid",  

        "Curcuma Longa", "Tetrahydrocurcumin", "Curcumin" 

    ], 

    "Melasma": [ 

        "Azelaic Acid", "Azelaic Acid, Glycolic Acid", "Mulberry", 

"Licorice",  

        "Licorice, Bellis Perennis, Emblica", "Kojic Acid, ascorbic acid, 

Hydroquinone",  

        "Kojic Acid, Hydroquinone", "Ellagic Acid, Arbutin", "Ellagic Acid",  

        "Arbutin", "Green Tea", "Soy", "Ascorbic Acid, Trichloroacetic 

acid",  

        "Ascorbic Acid, Vitamin C", "Ascorbic Acid" 

    ], 

    "PIH": [ 

        "Azelaic Acid", "Niacinamide" 

    ], 

    "Stretch Marks": [ 

        "Tocopherol", "Almond oil" 

    ] 

} 

 

from collections import defaultdict 

 

condition_lookup = defaultdict(list) 

for condition, combos in ingredients_by_condition.items(): 

    for combo in combos: 

        individual_ingredients = [ing.strip().lower() for ing in 

combo.split(",")] 

        condition_lookup[tuple(individual_ingredients)].append(condition) 

 

# Func to classify products based on condition 

def classify_condition(ingredients): 
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    if pd.isna(ingredients): 

        return "" 

     

    ingredients_list = {ing.strip().lower() for ing in 

ingredients.split(",")} 

     

    for combo, conditions in condition_lookup.items(): 

        if set(combo).issubset(ingredients_list): 

            return ", ".join(conditions)   

     

    return "" 

 

df["pregnancy_condition"] = df["ingredients"].apply(classify_condition) 

Figure 4.9 Rule-based implementation 

 

The rule-based classification successfully assigned skin condition tags based on predefined 

ingredient-condition mappings. This classification enabled pregnant users to quickly identify 

products suitable for their specific skin concerns, while ensuring safety during pregnancy. 

From the database, it was found that 14.495 products matched the classification rules outlined 

in Table 4.5. 

 

Table 4.5 Distribution of classified pregnancy-related skin conditions 

Condition Total 

Stretch Marks 5.945 

Acne, Hyperpigmentation, PIH 5.016 

Acne 2.569 

Melasma 852 

Melasma, PIH 103 

Hyperpigmentation 10 

Total 14.495 

 

Figure 4.10 illustrates the percentage distribution of products across different pregnancy-

related skin conditions. 
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Figure 4.10 Distribution of products accross different pregnancy-related skin conditions 

 

One-Hot Encoding 

After safety and skin condition classifications were completed, one-hot encoding was 

applied to transform categorical data into a binary format suitable for the recommendation 

system algorithm. This preprocessing step is essential for machine learning algorithms that 

require numerical input features.  The encoding process targeted pregnancy-related skin 

conditions (hyperpigmentation, PIH, acne, stretch marks, melasma) and skin types from the 

'good_for' column (dry skin, oily skin, sensitive skin). 

The implementation included functions to create binary columns for each category, 

effectively transforming textual descriptions into numerical features that could be processed 

by the recommendation algorithm, as shown in Figure 4.11. 

 

# Decode the features -> condition and skin types 

df['good_for'] = df['good_for'].fillna("").astype(str) 

df['good_for'] = df['good_for'].apply(lambda x: re.sub(r'(\w)and(\w)', r'\1 

and \2', x) if isinstance(x, str) else x) 

 

conditions = ['hyperpigmentation', 'pih', 'acne', 'stretch marks', 

'melasma'] 

skin_types = ['dry skin', 'oily skin', 'sensitive skin'] 

 

# Create binary columns 

def create_binary_columns(df, column, items): 

    df[column] = df[column].fillna("").astype(str) 

    for item in items: 

        df[item] = df[column].apply(lambda x: 1 if 

re.search(rf'\b{re.escape(item)}\b', x, re.IGNORECASE) else 0) 

 

create_binary_columns(df, 'pregnancy_condition', conditions) 

create_binary_columns(df, 'good_for', skin_types) 
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Figure 4.11 One-hot encoding implementation 

 

This transformation prepared the data for the content-based recommendation system by 

creating a structured numerical representation of product features and characteristics. 

 

4.1.4 Content-based Recommendation System 

The recommendation system was developed using a content-based approach that focuses 

on product characteristics rather than user behavior. This methodology is particularly 

appropriate for specialized domains like pregnancy-safe skincare, where product attributes are 

more relevant than collaborative filtering. The system implementation involved two primary 

components: feature vectorization and similarity calculation. 

 

TF-IDF Vectorization 

TF-IDF vectorization was employed to convert all textual information from product 

features into numerical vectors. This technique assigns weights to each term based on two 

principles: term frequency (TF), which reflects how often a term appears in a product 

description, and inverse document frequency (IDF), which downscales terms that frequently 

appear across many products. The TF-IDF score (TF × IDF) highlights distinctive terms, 

enabling the model to better represent product uniqueness. The products used as the query and 

comparison inputs are shown in Table 4.6 and Table 4.7. These three products are passed into 

the TF-IDF vectorizer, where the textual features are tokenized and weighted. 
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Table 4.6 Input product example 

id catego

ry 

type bra

nd 

na

me 

ingredients good_for benefits include

d_feat

ures 

pregn

ancy_c

onditi

on 

2

1

6

3

7 

Treatm

ents 

Serum Isnt

ree 

Hy

per 

Ret

inol 

EX 

1.0 

Ser

um 

Water, 

Butylene 

Glycol, 

Glycerin, 

Niacinamide, 

Dibutyl 

Adipate, 

Caprylic/Cap

ric 

Triglyceride, 

Bakuchiol 

0.6%, 

Ammonium 

Acryloyldim

ethyltaurate/

Vp 

Copolymer, 

1,2-

Hexanediol, 

… 

It has 

ingredients 

that are 

good for 

fighting 

acne,anti 

aging,dry 

skin,brighte

ning 

skin,sensiti

ve skin,oily 

skin,reduci

ng 

pores,scar 

healing,dar

k spots and 

better 

texture 

Hydrating, 

Good for 

oily skin, 

Redness 

reducing, 

Reduces 

irritation, 

Skin 

texture, 

Reduces 

large pores, 

Anti-aging, 

Dark spots, 

Scar 

healing, 

Acne 

fighting, 

Brightening 

Alcoho

l-free, 

Eu-

allerge

n-free, 

Fragran

ce-free, 

Oil-

free, 

Parabe

n-free, 

Silicon-

free, 

Sulfate-

free, 

Cruelty

-free, 

Reef-

safe, 

Vegan 

Acne, 

Hyper

pigme

ntation

, PIH 
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Table 4.7 Comparison product example 

id catego

ry 

type bra

nd 

na

me 

ingredients good_for benefits include

d_feat

ures 

pregn

ancy_c

onditi

on 

2

2

3

8

6 

Treatm

ents 

Serum Tor

ride

n 

Div

e-in 

Lo

w-

Mo

lec

ular 

Hy

alur

oni

c 

Aci

d 

Ser

um

  

Water, 

Butylene 

Glycol, 

Glycerin, 

Dipropylene 

Glycol, 1,2-

Hexanediol, 

Panthenol, 

Sodium 

Hyaluronate, 

Hydrolyzed 

Hyaluronic 

Acid, 

Sodium 

Acetylated 

Hyaluronate, 

Sodium 

Hyaluronate 

Crosspolyme

r, 

Hydrolyzed 

Sodium 

Hyaluronate, 

Allantoin, … 

It has 

ingredients 

that are 

good for 

anti 

aging,dry 

skin,brighte

ning 

skin,sensiti

ve skin and 

scar healing 

Hydrating, 

Redness 

reducing, 

Reduces 

irritation, 

Anti-aging, 

Scar 

healing, 

Brightening 

Alcoho

l-free, 

Eu-

allerge

n-free, 

Fragran

ce-free, 

Oil-

free, 

Parabe

n-free, 

Silicon-

free, 

Sulfate-

free, 

Cruelty

-free, 

Reef-

safe, 

Vegan 

None 

2

2

3

9

7 

Treatm

ents 

Serum PU

RI

TO 

Wo

nde

r 

Rel

eaf 

Ce

ntel

la 

Ser

um 

Un

sce

nte

d 

Water, 

Glycerin, 

Dipropylene 

Glycol, 

Propanediol, 

Centella 

Asiatica 

Extract, 

Butylene 

Glycol, 

Niacinamide, 

1,2-

Hexanediol, 

Sodium 

Hyaluronate, 

Panthenol, 

Madecassosi

de,  … 

It has 

ingredients 

that are 

good for 

fighting 

acne,anti 

aging,dry 

skin,brighte

ning 

skin,sensiti

ve skin,oily 

skin,reduci

ng 

pores,scar 

healing and 

dark spots 

Hydrating, 

Good for 

oily skin, 

Redness 

reducing, 

Reduces 

irritation, 

Reduces 

large pores, 

Anti-aging, 

Dark spots, 

Scar 

healing, 

Acne 

fighting, 

Brightening 

Alcoho

l-free, 

Eu-

allerge

n-free, 

Fragran

ce-free, 

Oil-

free, 

Parabe

n-free, 

Silicon-

free, 

Sulfate-

free, 

Cruelty

-free, 

Reef-

safe, 

Vegan 

Acne, 

Hyper

pigme

ntation

, PIH 

 

The textual features used in this process include: ingredients, category, type, benefits, and 

included_features. Before vectorization, these columns were merged into a single string per 
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product, separated by commas (,) to preserve the integrity of multi-word phrases such as “anti-

aging”, “good for oily skin”, or “retinol 1%”. Using a comma delimiter prevents incorrect 

tokenization that would occur if such phrases were split into separate, unrelated words. 

The result of this vectorization is a sparse matrix, where each row represents a product and 

each column corresponds to a unique term. Table 4.8 displays the 10 sample of TF binary 

matrix,  the presence (1) or absence (0) of terms across products, along with the document 

frequency (df) and inverse document frequency (idf) values. 

 

Table 4.8 Binary TF Matrix with df and idf 

Terminology Q D1 D2 df idf 

acetyl hexapeptide-8 1 0 0 1 1.69315 

acne fighting 1 0 1 2 1.28768 

adenosine 1 0 1 2 1.28768 

allantoin 1 1 1 3 1.00000 

ammonium 

acryloyldimethyltaurate/vp 

copolymer 

1 0 0 1 1.69315 

anti-aging 1 1 1 3 1.00000 

asiatic acid 1 0 1 2 1.28768 

asiaticoside 1 0 1 2 1.28768 

bakuchiol 0.6% 1 0 0 1 1.69315 

beta-glucan 0 1 0 1 1.69315 

... ... ... ... ... ... 

 

To support the recommendation system within the mobile application, TF-IDF 

vectorization was implemented in the backend to transform each product’s textual attributes 

into numerical vectors. These vectors serve as the foundation for computing similarity scores. 

The resulting TF-IDF matrix captures the importance of each term across all products and is 

later combined with binary skin concern indicators. This entire process is integrated into the 

API and supports the visual similarity-based product suggestions seen in the mobile application 

interface. The code implementation can be seen in Figure 4.12. 

 

import numpy as np 

from sklearn.feature_extraction.text import TfidfVectorizer 

from scipy.sparse import hstack 
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from models.product import products 

from sqlalchemy import select 

from typing import Dict, List, Optional, Union 

from config.db import conn 

 

def vectorize(): 

    query = select( 

    products.c.id, products.c.category, products.c.brand, products.c.name,  

    products.c.type, products.c.image_url, products.c.ingredients,  

    products.c.rating, products.c.country, products.c.good_for,  

    products.c.benefits, products.c.concern, products.c.included_features,  

    products.c.excluded_features, products.c.safe, 

products.c.unsafe_reason,  

    products.c.pregnancy_condition, products.c.hyperpigmentation,  

    products.c.pih, products.c.acne, products.c.stretch_marks,  

    products.c.melasma, products.c.dry_skin, products.c.oily_skin,  

    products.c.sensitive_skin 

    ) 

    result = conn.execute(query).fetchall() 

 

    if not result: 

        return [], np.array([]) 

 

    result = conn.execute(query) 

    rows = result.fetchall() 

 

    product_data = [dict(row._mapping) for row in rows] 

     

    # Process text features 

    for p in product_data: 

        for col in ["ingredients", "category", "type", "benefits", 

"included_features"]: 

            p[col] = (p[col] or "").lower().strip() 

        p["combined_text"] = " ".join([ 

            p["ingredients"], p["category"], p["type"],  

            p["benefits"], p["included_features"] 

        ]) 

 

    # Extract text and binary features 

    text_data = [p["combined_text"] for p in product_data] 

    binary_features = np.array([ 

        [p["hyperpigmentation"], p["pih"], p["acne"], p["stretch_marks"], 

         p["melasma"], p["dry_skin"], p["oily_skin"], p["sensitive_skin"]] 

        for p in product_data 

    ]) 

 

    # TF-IDF 

    tfidf = TfidfVectorizer() 

    feature_vector = tfidf.fit_transform(text_data) 

 

    # Combine TF-IDF with binary features 

    feature_vectors = hstack((feature_vector, binary_features)).toarray() 

 

    # Normalize 

    feature_vectors = feature_vectors / np.linalg.norm(feature_vectors, 

axis=1, keepdims=True) 

    return product_data, feature_vectors 

Figure 4.12 Source code for implementing the TF-IDF 
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Cosine Similarity 

After obtaining the TF-IDF vectors for each product, cosine similarity was applied to 

measure how close or similar each compared product is to the query product. This technique 

evaluates the directional similarity between two vectors, regardless of their magnitude, making 

it suitable for comparing term-weighted product representations. Each product is represented 

by a normalized vector that combines both the textual TF-IDF values and binary skin concern 

attributes. 

To provide a more granular view of the comparison, the dot product between the query 

vector and each product vector was calculated per term. This step helps visualize which features 

contributed most significantly to the similarity. The results of this step are shown in Table 4.9, 

which breaks down the dot product value for each term (feature) across both D1 and D2. These 

values are the results of multiplying the corresponding TF-IDF weights from the query product 

and each compared product. 

 

Table 4.9 Dot product result 

Feature D1 D2 

acetyl hexapeptide-8 0.00000 0.00000 

acne fighting 0.01548 0.01548 

adenosine 0.00000 0.01548 

allantoin 0.01009 0.00934 

ammonium 

acryloyldimethyltaurate/vp 

copolymer 

0.00000 0.00000 

anti-aging 0.01009 0.00934 

asiatic acid 0.00000 0.01548 

asiaticoside 0.00000 0.01548 

bakuchiol 0.6% 0.00000 0.00000 

beta-glucan 0.00000 0.00000 

… … … 

 

The final cosine similarity values were derived by dividing each dot product result by the 

product of the vector norms (||Q|| and ||D||). The complete summary of these computations, 

including total dot product, norm values, and the resulting similarity scores is presented in 

Table 4.10. This table shows that D2 reaches a similarity score of 0.92104 (92%), which is 
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notably higher than D1’s score of 0.50539 (51%), validating its position as the more relevant 

recommendation. 

Table 4.10 Calculation of cosine similarity 

Document Dot Product Σ(wᵢq × 

wᵢd) 

||Q|| ||D|| Cosine Similarity 

D1 (ID 22386) 2.31597 2.64575 1.73205 0.50539 

D2 (ID 22397) 6.44725 2.64575 2.64575 0.92104 

 

This cosine similarity mechanism is implemented in the backend API to support real-time 

product comparison within the mobile application. The code implementation is outlined in 

Figure 4.13, which details the steps taken to calculate similarity scores, apply user-defined 

filters, and generate the final recommendations. 

 

def similar( 

    query_id: int,  

    product_data: List[Dict],  

    vectors: np.ndarray,  

    page: int = 1,  

    per_page: int = 20,  

    filters: Optional[Dict[str, Union[str, List[str]]]] = None 

): 

    # Initialize filters if None 

    if filters is None: 

        filters = {} 

         

    product_ids = [p["id"] for p in product_data] 

    if query_id not in product_ids: 

        raise ValueError("Product not found") 

 

    # Get query product and index 

    query_idx = product_ids.index(query_id) 

    query_product = product_data[query_idx] 

    query_vector = vectors[query_idx] 

    query_type = query_product["type"] 

 

    # Get query ingredients 

    query_ingredients = set(query_product["ingredients"].split(", ")) if 

query_product["ingredients"] else set() 

 

    # Apply pre-filters to product data 

    filtered_product_indices = [] 

    for idx, product in enumerate(product_data): 

        # Skip the query product itself 

        if product["id"] == query_id: 

            continue 

             

        # Always filter for safety and matching type 

        if product["safe"] != 'Safe' or product["type"] != query_type: 

            continue 
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        # Apply user-selected country filter 

        if "country" in filters and filters["country"] and 

product["country"] != filters["country"]: 

            continue 

             

        # Apply user-selected skin concern filters 

        concern_match = True 

        if "concerns" in filters and filters["concerns"]: 

            for concern in filters["concerns"]: 

                if concern == "hyperpigmentation" and not 

product["hyperpigmentation"]: 

                    concern_match = False 

                    break 

                elif concern == "pih" and not product["pih"]: 

                    concern_match = False 

                    break 

                elif concern == "acne" and not product["acne"]: 

                    concern_match = False 

                    break 

                elif concern == "stretch_marks" and not 

product["stretch_marks"]: 

                    concern_match = False 

                    break 

                elif concern == "melasma" and not product["melasma"]: 

                    concern_match = False 

                    break 

                elif concern == "dry_skin" and not product["dry_skin"]: 

                    concern_match = False 

                    break 

                elif concern == "oily_skin" and not product["oily_skin"]: 

                    concern_match = False 

                    break 

                elif concern == "sensitive_skin" and not 

product["sensitive_skin"]: 

                    concern_match = False 

                    break 

         

        if not concern_match: 

            continue 

             

        # Apply additional custom filters if needed 

        if "min_rating" in filters and product["rating"] < 

filters["min_rating"]: 

            continue 

         

        if "brands" in filters and filters["brands"] and product["brand"] 

not in filters["brands"]: 

            continue 

 

        # If product passed all filters, add its index to the filtered list 

        filtered_product_indices.append(idx) 

     

    # Null handling 

    if not filtered_product_indices: 

        return [], [] 

     

    # Compute similarities for filtered products only 

    similarities = [np.dot(vectors[idx], query_vector) for idx in 

filtered_product_indices] 
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    # Create (product, similarity) pairs and sort by similarity 

    product_similarity_pairs = [ 

        (product_data[idx], similarities[i])  

        for i, idx in enumerate(filtered_product_indices) 

    ] 

     

    # Sort by similarity score (desc) 

    product_similarity_pairs.sort(key=lambda x: x[1], reverse=True) 

     

    # Pagination 

    start_idx = (page - 1) * per_page 

    end_idx = start_idx + per_page 

    paginated_products = product_similarity_pairs[start_idx:end_idx] 

 

    # Prepare the paginated result 

    paginated_json = [ 

        { 

            "id": p["id"], 

            "category": p["category"], 

            "brand": p["brand"], 

            "name": p["name"], 

            "type": p["type"], 

            "image_url": p["image_url"], 

            "ingredients": p["ingredients"], 

            "rating": p["rating"], 

            "country": p["country"], 

            "good_for": p["good_for"], 

            "benefits": p["benefits"], 

            "concern": p["concern"], 

            "included_features": p["included_features"], 

            "excluded_features": p["excluded_features"], 

            "safe": p["safe"], 

            "unsafe_reason": p["unsafe_reason"], 

            "pregnancy_condition": p["pregnancy_condition"], 

            "hyperpigmentation": p["hyperpigmentation"], 

            "pih": p["pih"], 

            "acne": p["acne"], 

            "stretch_marks": p["stretch_marks"], 

            "melasma": p["melasma"], 

            "dry_skin": p["dry_skin"], 

            "oily_skin": p["oily_skin"], 

            "sensitive_skin": p["sensitive_skin"], 

            "similarity_score": int(round(score * 100)), 

            "match_ingredient_count": len(set(p["ingredients"].split(", ")) 

& query_ingredients) if p["ingredients"] else 0 

        } 

        for p, score in paginated_products 

    ] 

    return product_similarity_pairs, paginated_json 

Figure 4.13 Source code for implementing the cosine similarity 

 

4.1.5 Implementation 

The prototype’s interface and backend have been developed into a fully functional mobile 

application. On the front end, the home screen displays available products with filtering 

options. The product detail page presents complete product information, including safety 
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classification. If a product is flagged as unsafe, the alternative recommendation page provides 

safer, similar products, while the comparison page enables users to evaluate the unsafe product 

alongside its alternatives. 

On the backend, the recommendation engine is fully integrated and supports TF-IDF term 

weighting, cosine similarity scoring, and pregnancy-related filtering. This allows the system to 

dynamically generate personalized recommendations in real time. The backend services are 

built using FastAPI, with MySQL as the database and Docker for containerization, enabling 

consistent deployment and environment management. Ngrok is used to expose the local server 

for testing the API with the mobile client. The mobile application itself is built using Flutter, 

enabling cross-platform deployment with a responsive and user-friendly design. 

To provide a clearer overview of the user experience and system flow, a user flow diagram 

is presented in Figure 4.14. This diagram illustrates the complete interaction process, from 

selecting a product to receiving recommendations and comparing alternatives. 

 

 

Figure 4.14 Application user flow 
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4.1.6 Evaluation 

The evaluation of the recommendation system was conducted using two complementary 

approaches: quality performance evaluation and user evaluation. The quality performance 

evaluation measured the accuracy of the recommendation results through cosine similarity 

scores, assessing how closely the recommended products matched the reference items based 

on their feature vectors. The user evaluation was carried out using the ResQue framework to 

capture user-centric perspectives. 

 

1. Quality Performance Evaluation 

The quality performance was evaluated using a Top-10 similarity-based approach, 

where cosine similarity scores were computed between unsafe input products and all safe 

products in the dataset. To ensure representative coverage across product types, PS was 

conducted based on the overall category distribution. A total of approximately 1.042 

unsafe products were selected, with sample sizes determined based on the proportions 

listed in Table 4.11. 

 

Table 4.11 Proportional sampling 

Category Total Products Proportion (%) Target Sample 

Cleansers 5.938 23.6% 236 

Treatments 5.773 22.9% 229 

Moisturizer 5.067 20.1% 201 

Sunscreen 3.611 14.3% 143 

Masks 2.401 9.5% 95 

Body care 2.068 8.2% 82 

Lip care 1.191 4.7% 47 

Other 217 0.9% 9 

 

For each sampled unsafe product, the system retrieved the top 10 most similar safe 

alternatives by ranking all safe products in descending order of cosine similarity. The 

similarity scores of these Top-10 recommendations were averaged for each product and 

subsequently aggregated per category. The average similarity scores per category based on 

the Top-10 recommendations are as shown in Table 4.12. 
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Table 4.12 Average of similarity score for each category 

Category Average Similarity @10 

Cleansers 82.61% 

Treatments 82.26% 

Moisturizer 82.04% 

Sunscreen 81.32% 

Masks 80.57% 

Body care 76.41% 

Lip care 75.16% 

Other 63.94% 

 

The results indicate that average similarity scores across categories ranged from 

63.94% to 82.61%. The highest scores were observed in the Cleansers (82.61%), 

Treatments (82.26%), and Moisturizer (82.04%) categories, suggesting that unsafe 

products in these groups tended to have safe alternatives with highly similar content. 

Conversely, lower average similarity scores were found in categories such as Lip care 

(75.16%) and Other (63.94%). 

The lowest-performing category, Other, is not indicative of a system flaw, but rather 

reflects the nature of the products it contains. This category primarily consists of 

prescription-based items with highly specific or customized formulations, often prepared 

under medical supervision. These products tend to have unique ingredient profiles, which 

limits the availability of safe alternatives with high content similarity. As a result, while 

the system may still generate recommendations, the average cosine similarity in this 

category is relatively lower, indicating a challenge in finding closely matching safe 

substitutes. 

 

2. User Evaluation 

This section presents the results and findings of the user evaluation conducted using 

the ResQue framework to obtain a user-centric assessment of the system. The evaluation 

was carried out as a pilot study involving 10 participants. The demographic characteristics 

of the participants are presented in Figure 4.15. 
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Figure 4.15 Demography report (n=10) 

 

Quality of Recommended Items 

The quality of recommended Items dimension evaluates the quality of the products 

generated by the system. This dimension consists of eight aspects, namely accuracy, 

relative accuracy, familiarity, attractiveness, enjoyability, novelty, diversity, and context 

compatibility. 

Based on the results and interpretation using the five-point Likert scale, this dimension 

achieved an overall mean score of 4.59, which falls within the very high level of optimism 

category. This indicates that participants generally perceived the recommended items to 

be of excellent quality. Table 4.13 presents the detailed results for each aspect. 

 

Table 4.13 Mean of each aspects in quality of recommended items dimension 

No Aspects SD D N A SA Mean Interpretation 

1 Accuracy 0 0 0 2 8 4.8 Very High 

2 Relative Accuracy 0 0 0 4 6 4.6 Very High 

3 Familiarity 0 0 2 3 5 4.3 Very High 

4 Attractiveness 0 0 0 3 7 4.7 Very High 

5 Enjoyability 0 0 0 5 5 4.5 Very High 

6 Novelty 0 0 0 1 9 4.9 Very High 

7 Diversity 0 0 1 4 5 4.4 Very High 

8 Context Compatibility 0 0 1 3 6 4.5 Very High 

Overall Score 4.59 Very High 

*SD = Strongly Disagree, D = Disagree, N = Neutral, A = Agree, SA = Strongly Agree 
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Based on the individual aspects, novelty received the highest mean score (4.9), 

indicating that the system effectively helped users discover new products. Accuracy (4.8) 

and relative accuracy (4.6) also scored very high, reflecting that the recommended items 

were well aligned with users’ interests and often surpassed recommendations they might 

receive from others. 

Other aspects such as attractiveness (4.7), enjoyability (4.5), context compatibility 

(4.5), and diversity (4.4) were also rated very high, suggesting that users found the 

recommendations visually appealing, enjoyable to explore, timely, and sufficiently varied. 

The lowest mean was recorded for familiarity (4.3), indicating that many users received 

alternative products they had not previously encountered. Although this still falls within 

the very high category, it highlights a potential area for improvement in balancing novel 

recommendations with items that users already recognize. 

 

Perceived Usefulness 

The perceived usefulness dimension evaluates the extent to which the recommended 

items assist users in finding the ideal product. This dimension consists of a single question 

assessing this aspect. The mean score obtained was 4.8, which falls within the very high 

category. This indicates that participants strongly agreed the recommendations were 

effective in helping them identify the most suitable products. Table 4.14 presents the 

detailed result for this dimension. 

 

Table 4.14 Detailed result for the perceived usefulness dimension 

Question SD D N A SA Mean Interpretation 

The recommended 

items effectively 

helped me find the 

ideal product 

0 0 0 2 8 4.8 Very High 

*SD = Strongly Disagree, D = Disagree, N = Neutral, A = Agree, SA = Strongly Agree 

 

  



80 

 

Control/Transparency 

The control/transparency dimension evaluates the extent to which the system helps 

users understand the reasons behind the recommended items. This dimension consists of 

a single question assessing this aspect. The mean score obtained was 4.5, which falls 

within the very high category. This indicates that participants generally understood why 

certain products were recommended as alternatives. Table 4.15 presents the detailed result 

for this dimension. 

 

Table 4.15 Detailed result for the control/transparency dimension 

Question SD D N A SA Mean Interpretation 

The system helps me 

understand why the 

items were 

recommended to me 

0 0 1 3 6 4.5 Very High 

*SD = Strongly Disagree, D = Disagree, N = Neutral, A = Agree, SA = Strongly Agree 

 

Attitudes 

The attitudes dimension evaluates the extent to which the recommender system 

influences users’ confidence in their selection or decision. This dimension consists of a 

single question assessing this aspect. The mean score obtained was 4.6, which falls within 

the very high category. This indicates that participants felt more confident in their 

decisions after receiving the system’s recommendations. Table 4.16 presents the detailed 

result for this dimension. 

 

Table 4.16 Detailed result for the attitudes dimension 

Question SD D N A SA Mean Interpretation 

The recommender 

made me more 

confident about my 

selection/decision 

0 0 0 4 6 4.6 Very High 

*SD = Strongly Disagree, D = Disagree, N = Neutral, A = Agree, SA = Strongly Agree 
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Behavioral Intentions 

The behavioral intentions dimension evaluates the likelihood that users will continue 

using the system, recommend it to others, and act on its suggestions in the future. This 

dimension consists of four aspects: intention to use the system, continuance and frequency, 

recommendation to friends, and purchase intention. 

Based on the results and interpretation using the five-point Likert scale, this dimension 

achieved an overall mean score of 4.78, which falls within the very high category. This 

indicates that participants showed strong intent to reuse the system, recommend it to 

others, and consider purchasing the recommended products. Table 4.17 presents the 

detailed results for each aspect. 

 

Table 4.17 Mean of each aspect in the perceived ease of use dimension 

No Aspects SD D N A SA Mean Interpretation 

1 Intention to Use the 

System 

0 0 0 1 9 4.9 Very High 

2 Continuance and 

Frequency 

0 0 0 3 7 4.7 Very High 

3 Recommendation to 

Friends 

0 0 0 3 7 4.7 Very High 

4 Purchase Intention 0 0 0 2 8 4.8 Very High 

Overall Score 4.78 Very High 

*SD = Strongly Disagree, D = Disagree, N = Neutral, A = Agree, SA = Strongly Agree 

 

Based on the individual aspects, intention to use the system received the highest mean 

score (4.9), indicating that nearly all participants were highly likely to use the system again in 

the future. Purchase intention (4.8) also scored very high, showing that users were inclined to 

buy recommended products if the opportunity arose. Continuance and frequency and 

recommendation to friends both achieved a mean of 4.7, suggesting that participants were 

willing to use the system regularly and share it with others. These results collectively reflect a 

strong positive behavioral tendency towards the continued use and promotion of the system. 

 



82 

 

4.2 Discussion 

This section discusses how each research objective has been addressed through the 

developed solution, guided by the three research questions formulated in this study. These 

questions include: (1) How can ingredients be classified based on pregnancy safety and 

pregnancy-related skin conditions, (2) How can a content-based filtering approach using cosine 

similarity be developed to provide personalized skincare suggestions, (3) How is the 

system’s effectiveness in addressing pregnant users’ skincare needs evaluated from a user-

centric perspective. 

 

4.2.1 Ingredient Classification 

The first research question explored how ingredients can be classified based on pregnancy 

safety and common skin conditions experienced during pregnancy. This study successfully 

addressed the question by using two classification method in data preprocessing that classify 

both safety profiles and therapeutic benefits. 

A keyword-based method was used to flag pregnancy-unsafe ingredients by comparing 

product ingredient lists against databases of substances known to pose risks during pregnancy. 

Ingredients such as retinoids, salicylic acid, and hydroquinone were flagged and excluded, 

enabling systematic identification of unsafe products at scale. 

In parallel, the system categorized ingredients according to their therapeutic benefits for 

pregnancy-related skin conditions such as melasma, hormonal acne, stretch marks, and 

increased sensitivity. A rule-based approach matched ingredients with their functional roles, 

allowing for precise targeting of specific concerns. Together, these classification techniques 

provide the foundational knowledge needed for generating safe and relevant skincare 

suggestions for pregnant users. 

 

4.2.2 Recommendation System Development 

The second research question focuses on how structured product data can support 

personalized recommendations. This was accomplished by building a content-based filtering 

system that calculates similarity scores between products using cosine similarity. 

Key attributes such as ingredient lists, product categories, therapeutic tags, safety 

classifications, and pregnancy-related condition relevance were incorporated into the model. 

Unsafe products serve as the central starting point for personalization. When a product is 

flagged as unsafe, the system does not simply reject it but actively searches for safer 
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alternatives that preserve the original product’s functional role. For example, an unsafe acne 

treatment containing retinoids is replaced with a pregnancy-safe option offering similar 

benefits, ensuring that the user’s underlying skincare needs are still addressed. 

This focus on unsafe products highlights the system’s added value. Without 

personalization, users would only receive general lists of safe products, which might not match 

their individual concerns. By tailoring each substitution, the system ensures that 

recommendations are not only safe but also relevant to pregnancy-related skin condition. In 

this way, personalization transforms the limitation of unsafe products into an opportunity to 

guide users toward functionally equivalent and safer alternatives. 

The resulting recommendation engine demonstrates the utility of content-based filtering in 

a safety-critical domain. By leveraging structured data and embedding personalization into the 

replacement of unsafe items, the system delivers meaningful alternatives without requiring user 

history or behavioral data. 

 

4.2.3 Effectiveness in Meeting Pregnant Users’ Skincare Needs 

The final research question examines how effectively the system supports pregnant 

individuals in selecting appropriate skincare products. This was assessed using both objective 

quality performance evaluation and subjective user evaluation. 

From an objective perspective, the cosine similarity analysis confirmed that the system can 

consistently generate relevant safe alternatives. High similarity scores in categories such as 

cleansers (82.61%), treatments (82.26%), and moisturizers (82.04%) show that the 

recommendation engine effectively retains the intended function of the unsafe product while 

replacing it with a pregnancy-safe alternative. Lower similarity scores in categories like “other” 

(63.94%) reflect the unique and highly specialized nature of products in that group, rather than 

a system limitation, as comparable safe alternatives may not exist. 

From a subjective standpoint, the ResQue-based evaluation indicated that users regarded 

the recommendations as highly relevant, diverse, and easy to navigate. Across all evaluated 

dimensions, the system achieved consistently high ratings, reflecting strong trust in the 

recommendations and satisfaction with the decision-making process. The summarized 

evaluation outcomes are presented in Table 4.18. 
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Table 4.18 Summary of each dimensions 

 A1 A5 A6 A7 A8 

Total Question(s) 8 1 1 1 4 

Mean 4.59 4.8 4.5  4.6 4.78 

Interpretation Very High Very High Very High Very High Very High 

 

Among the evaluated aspects, perceived usefulness (A5), attitudes (A7), and behavioral 

intentions (A8) emerged as the strongest indicators of system effectiveness. Users particularly 

valued the novelty of recommended items, which demonstrated the system’s ability to 

introduce new pregnancy-safe alternatives. High ratings for ease of revising preferences and 

intention to continue using the system further reinforced positive user engagement. The lowest 

scores appeared in control/transparency (A6). Although still rated within the “very high” 

category, this suggests opportunities to improve how the reasoning behind recommendations 

is communicated to users. 

Overall, these results indicate that the system is effective from a user-centric perspective, 

as evidenced by the ResQue evaluation, which consistently placed all dimensions in the “very 

high” category. This finding aligns with Pu et al. (2011), who state that the ResQue model 

identifies the essential qualities of an effective and satisfying recommender system, as well as 

the key determinants that motivate users to adopt and continue using such technology.  
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CHAPTER V 

CONCLUSION DAN RECOMMENDATION 

 

 

5.1 Conclusion 

This study successfully addressed the challenge of helping pregnant women identify 

unsafe skincare products and find safe, personalized alternatives. The system classifies 

ingredients by both pregnancy safety and relevance to pregnancy-related skin conditions during 

preprocessing, allowing products to be accurately tagged for targeted recommendations. 

By applying a content-based filtering approach that calculates cosine similarity, the 

system generates recommendations that align with users’ needs while avoiding harmful 

components. The quality performance evaluation showed similarity scores ranging from 

63.94% to 82.61%, with the highest results in the cleanser, treatment, and moisturizer 

categories, indicating that the system can consistently provide relevant safe alternatives. 

The ResQue-based user evaluation confirmed the system’s effectiveness from a user-

centric perspective, with an overall mean score of 4.65 out of 5 in the very high category. 

Strong results were particularly observed in perceived usefulness (A5), attitudes (A7), and 

behavioral intentions (A8), reflecting users’ trust, acceptance, and willingness to adopt the 

system. While control and transparency (A6) received slightly lower scores, they still fell 

within the very high category, indicating only minor areas for refinement. 

These findings demonstrate that the system offers a reliable, safe, and user-friendly 

solution that fulfills its intended purpose. It not only meets safety requirements but also aligns 

with user preferences, showing strong potential for adoption in real-world applications to 

support informed skincare choices for pregnant consumers. 

 

5.2 Recommendation 

Based on the research findings and evaluation results, several recommendations can be 

implemented for future research and system enhancement. 

a. Enhancing Data Validation and Expert Collaboration 

Future development may benefit from incorporating multi-source validation mechanisms to 

further strengthen ingredient safety classification. Cross-referencing product data with 

established medical sources and collaborating with dermatology professionals can enhance 

the system’s depth and credibility in classifying product safety and benefits. 
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b. Broadening User Evaluation Scope 

Expanding the scope of user testing to include a more diverse participant base across age 

groups, skincare routines, and cultural backgrounds would contribute to a more 

comprehensive understanding of user needs. Including international users may also help 

align the system with global perspectives on pregnancy-safe skincare. 

c. Integration of Trimester-Specific and Postpartum Guidelines 

To provide even more personalized recommendations, the system can be extended to 

consider trimester-specific ingredient sensitivities, acknowledging that skincare safety may 

vary across pregnancy stages. Additionally, expanding the classification framework to 

include safety considerations for postpartum and breastfeeding users would increase the 

system’s applicability. 

d. Incorporating Skin Condition Detection Through Computer Vision 

Personalization could be enhanced by integrating computer vision capabilities to detect 

visible skin conditions through user-submitted images. This would enable the system to 

generate recommendations based not only on user input but also on real-time skin analysis, 

making it especially helpful for users who are unsure how to describe their skin concerns. 
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