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Abstract 
 
 
 

In recent years, TikTok hasemergedasacentral hub for beauty content, withmill ionsof users 

creatingandconsumingvideosrelatedtoskincare,makeup, andpersonal care. Thisthesisinves-

tigatesthethematic and emotional landscapeof beauty-relatedTikTok poststhroughNatural 

LanguageProcessing (NLP) techniques, particularly Topic Modeling and Sentiment Analysis. 

Using a dataset of over 4,000 TikTok posts and comments collected via keyword and hashtag 

queries, we applied two complementary topic modeling algorithmsðBERTopic and Louvain 

clusteringðto extract dominant and nuanced themes. Sentiment analysis using VADER fur-

ther revealed usersô emotional responses to these topics. The findings demonstrate that dis-

cussions cluster around macro-areas such as skincare routines, makeup tutorials, emotional 

trends,andpersonal narratives. Themethodology combinesquantitativerigor withqualitative 

interpretation,offering a comprehensive lens on how beauty is constructed and perceived on 

digital platforms. These insights can aid marketers, content creators, and researchers in under- 

standing audience preferences and emotional engagement within the beauty community on 

TikTok. 
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1 
Introduction 

 
 
 
 

Social networks have revolutionized the way individuals express identity, con-sume informa-

tion, and interact withtrends. Amongtheseplatforms, TikTok hasemergedasoneof themost 

influential, particularly among younger demo-graphics such as Gen Z and Millennials. Char-

acterizedby itsshort-form videocontent, algorithm-drivenpersonalization, and viral potential, 

TikTok hasbecomeadynamicspacefor creativeexpressionacrossarangeof domainsincluding 

mu-sic, fashion, lifestyle, and notably, beauty. Within this ecosystem, beauty-related content 

holdsacentral position. Skincareroutines, makeuptutorials, productreviews, andtransforma-

tive get ready with me videos are not only popular but are also crucial drivers of community 

interactionand content virality. Thiskindof content isoften interwovenwithbroader themes 

such as self-care, wellness,confidence, humor, and identity exploration, making it a rich sub-

ject for compu- tational analysis. The objective of this thesis is to explore and uncover the 

latent thematic and emotional structures embedded within beauty-focused TikTok posts and 

their correspondinguser comments. Todoso, thisresearchemploysacombi-nationof Natural 

LanguageProcessing(NLP) techniquesspecifically TopicModel-ingandSentiment Analysisto 

interpret user generated content at scale. 
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1.1 Analytical  M ethods 
 

To analyze the vast amount of unstructured text data (captions and comments), two un-

supervised topic modeling techniques were utilized: 

 

Å BERTopic: A transformer-based method that combines pre-trained language models 

with clustering algorithms to uncover semantically coherent and context-aware topics. 

This method is well -suited for identifying subtle differences in language use and detect-

ing emerging micro-trends in user discourse. 
 

Å Louvain Cluster ing: A graph-based algorithm applied to a co-occurrence network of 

tokenized text. This method identifies clusters (communities) within the network, re-

vealing broader macro-themes by grouping frequently co-occurring words and expres-

sions. 
 

In parallel, Sentiment Analysiswasconductedusing VADER (Valence Aware Dictionary 

and SENTIMENT Reasoner ) a lexicon-based model optimized for social media text. This 

tool classifiestheemotional toneof textual content intothreeprimary categories:Positive, Neu-

tral,or Negative. 

 
 

1.2 Research M oti vation 
 

Themotivationbehindthiswork stemsfromthegrowing cultural andeconomic impact of so-

cial media beauty trends. Influencer marketing, brand identity, and consumer behavior are in-

creasingly shapedby viral content onplatformslikeTikTok. Understanding what topicsdom-

inatebeauty discourseðandhow usersemotionally engagewith themðcanprovidemeaning-

ful insights for stakeholders in marketing, trend forecasting, and digital sociology. 

Moreover , fromatechnical perspective, TikTok offersauniquechallenge: user postsareshort, 

often informal, and rich in visual, emotional, and cultural cues. This makes traditional text 

analysisinsuficient. By leveragingadvancedNLPandmachinelearning techniques, thisstudy 

addresses these challenges to extract structured meaning from highly unstructured data. 
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1.3 Research Objectives 
 
 

This thesis is guided by the following central research questions: 
 
 

1. What are the main thematic topics discussed within the beauty niche on 
 

TikTok? 
 
 

2. How do users emotionally respond to these topics through comments and 
 

engagement? 
 
 

3. Can a hybrid topic modeling approach provide a more nuanced and 
 

multi-scale understanding of TikTok discourse? 
 
 

Toaddressthesequestions, adataset of over 4,000TikTok entries(including original posts 

and user comments) was collected and processed. The outcomes of this analysis offer a dual 

perspective: semantic insight into thestructureof beauty content andemotional insight into 

the user response landscape. 
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2 
Dataset Overview and Preprocessing 

 
 
 
 

This study focuses on analyzing TikTok posts related to beauty, such as skincare routines, 

makeup tutor ials, and viral beauty trends. The dataset includes two primary types of user 

generated content: 

 
 

Å Original TikTok captions, representing the creatorôs content 
 
 

Å User comments, reflecting viewer engagement and sentiment 
 
 
 
 

Thesewerecollectedusing acurated list of beauty-specifichashtagsandkeywords, selected 

to ensure thematic relevance and coverage of a broad spectrum of beauty topics. 

 
 
 

2.1 Hashtag and K eyword Fi l t er s Used 
 
 

To gather relevant data, a predefined list of popular beauty-related terms was used as filters 

during the data collection process. This helped isolate content that was explicitly related to 

beauty trends and products. 
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2.1.1 Hashtags: 
 
 
 

#makeup 
 

#makeuproutine  
 

#cleanbeauty  
 

#tiktokbeauty  
 

#skincarehacks  

#skincare  
 

#glowup  
 

#acne  
 
#getreadywithme  
 
#naturalbeauty  

#beautytips  
 

#selfcare  
 
#skincareroutine  
 
#beautyproducts  

 
#beautyroutine  

#haircare  
 

#facemask  
 

#fyp  
 
#makeuphacks  

 
Table2.1: HashtagsUsed for Filtering BeautȅπRelated TikTok Content 

 
 

2.1.2 KEYWORDS: 
 
 

foundation 
 

moisturizer 
 

facewash 
 

blackhead 
 

hydrating 

lipstick 
 

toner 
 

beauty 
 

glow 
 

oily 

eyeliner 
 

cleanser 
 

routine 
 

lashes 
 

dry 

serum 
 

concealer 
 

skin 
 

cream 
 

natural 
 
Table 2.2: KeywordsUsed for Filtering BeautȅπRelated TikTok Content 

 
 

2.2 Dataset  Summary 
 
 
 

After  applying the hashtag and keyword filters, the dataset consisted of: 
 
 

Total entries: 4,453 

Original TikTok posts: 1,437 

User comments: 2,640 

 

This combination of post-level and comment-level data allows for a more holistic analysis, 

capturing both the content producersô themes and the audienceôs emotional responses. 
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2.3 Pr epr ocessing Pipeli ne 
 

Topreparethedataset forTopicModelingandSentimentAnalysis, amulti-steptextpreprocess-

ing pipeline was implemented using Natural Language Processing (NLP) tools. This ensured 

data quality and consistency across all  entries. 

 

The preprocessing steps were as follows: 
 

1. Deduplication and Filter ing: 

o Repeated and invalid entries were removed. 
 

2. Text Cleaning: 

o Emojis, punctuation marks, URLs, and other special characters were eliminated. 
 

3. Tokenization and Lemmatization: 

o Raw text was tokenized and then converted into lemma-based tokens using SpaCy, a 

Python-based NLP library. All  text was lowercased to maintain uniformity. 
 

4. Stopword Removal: 

o Common non-informative words such as ñthe,ò ñand,ò and ñisò were removed. 
 

5. Dual Representation Creation 

o Two cleaned versions of the dataset were created: 

  A text-based version for use with BERTopic, a transformer-based topic modeling 

method. 

 A tokenized version for Louvain cluster ing, agraph-basedcommunity detectionap-

proach. 
 

After preprocessing, atotal of 1,401high-quality documentswerefinalized. Thesewere 

used as inputs for both semantic topic extraction and graph-based clustering. 
 
 
 
 
 

2.4 Data Col l ect ion Str ategy 
 

To build the dataset, we used the EnsembleData API to collect TikTok content related to 

beauty topics through two targeted strategies: 

 

o Hashtag-based Search: e.g., #makeup, #skincare , #beautytips  

o Keyword-based search: (e.g., òbeautyò, òskinò, òfoundationò, òlipstickò) 
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Weimplementedtwo independent scraping loopsfor hashtagsand keywordstomaximizecon-

tent diversity and relevance. These loops were executed separately to ensure comprehensive 

coverage of beauty-related content. 

 
 
 

Å   Hashtag searches were performed using the client.tiktok.full -hashtag-search() 

method. 
 

Å  Keyword searcheswereper formed using theclient.tiktok.keyword-search() func-

tion. 
 
 

In addition to post-level metadata, we also fetched comments using the client.tiktok.post-

comments() function. This allowed us to analyze both the creatorsô messages and usersô emo-

tional reactions. 

 
 

2.4.1 Data Col l ect ion Pipeli ne: 
 

# Hashta g Search Ÿ EnsembleData API Ÿ Retrieved Posts 

Keyword Search Ÿ EnsembleData API Ÿ Retrieved Posts 

Fetch Comments Ÿ post-comments() Ÿ Retrieved Comments 

 
After  cleaning, the final dataset included: 
 

Å 1,437 original posts (based on id) 

Å 2,640 comments (based on cid) 

Å 4,453 total entries across both types 
 

This strategy ensured that the dataset covered a wide spectrum of beauty-related discussions 

from both content creators and audiences, setting a solid foundation for downstream NLP 

and topic modeling. 

 
 

2.5 Dataset  St r uctur e and Size 
 

Following the API search procedures, the compiled dataset includes: 
 

Å 1,437 or iginal TikTok posts, retrieved through hashtag and keyword-based searches. 
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Å2,640 comments, collectedby fetchingassociatedcommentsfor eachpost usingtheir unique 

post IDs. 

This results in a total of 4,453 entries, combining both posts and comments. 

A small  portion of the dataset ( 1.4 % , approximately 35 entr ies) does not contain valid 

post (id) or comment (cid) identifiers. These anomalies were likely caused by incomplete API 

responses or structural inconsistencies in the data and were excluded from downstream topic 

modeling and sentiment analysis. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2.1: Totall Entries 

 
 

This structured dataset provides a rich foundation for analyzing the thematic trends and 

user sentiments surrounding beauty-related content on TikTok. The distr ibution of the 

dataset is summarized as follows: 

 

Posts from hashtags/keywords: 1,437 
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Comments: 2,640 

Total entries: 4,453 

 
 

2.6 Data Types and Content  
 

Eachdatapoint inthedatasetðwhether it originatesfromaTikTok post or auser commentð 

includesseveral structuredandunstructuredcomponentsessential foranalysis. Theseelements 

provide the basis for both semantic interpretation and network-based modeling. 

 

Å Text Content: 
 

Thisrefersto theuser-generatedcaptionsinpostsor thecontent of comments. Thelan-

guageistypically informal, concise, andconversational, reflecting thecasual andcreative 

communication style common on social media platforms like TikTok. This makes the 

text rich in expressive cues but also challenging due to slang, emojis, and abbreviations. 
 

Å Timestamp and Metadata: 
 

Every entry includesthedateandtimewhenthecontentwaspublished,allowingfor tem-

poral analysis of trends or sentiment shifts. Additionally, TikTok-specific metadatað 

such as aweme-id for posts or other unique identifiersðprovides essential context for 

linking posts with their associated comments and for tracking content sources. 
 

Å Unique Identifiers: 
 

Toensuretraceability andstructure, eachentry containsadistinct identifier: id for orig-

inal postsand cid for user comments. Theseidentifiersarecritical for differentiating be-

tweencontent typesandmaintainingaccuraterelational mappingsduringpreprocessing 

and modeling phases. 
 

Å Embedded Hashtags or  Keywords: 
 

Many data entries naturally include relevant hashtags (e.g., #makeup, #skincare ) or 

keyword mentions (e.g.,ñbeautyò, ñskinò), which overlap with the terms used during 

data collection. These embedded terms reinforce thematic categorization and can en-

hance feature representation during topic modeling. 
 

Å Tokenized and Cleaned Text Versions: 
 

For modeling purposes, each entry was preprocessed into structured text formats. This 

includescleaned, lowercased, tokenized, andlemmatizedversionsof theoriginal content. 
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Two separate text formats were generated: one optimized for BERTopic (semantic em-

beddings) andanother for Louvain cluster ing (token-basedgraphconstruction). These 

representationsensurethat eachmodeling techniquereceivesdatainaformat that max-

imizes its analytical effectiveness 
 
 

Thisdiverseandwell -structureddataset formsasolidfoundationfor downstreamNatural 

Language Processing (NLP) taskssuchas topic modeling and sentiment analysis, enabling 

a multifaceted exploration of beauty-related discourse on TikTok. 

 
 

2.7 Pr epr ocessing Pipeli ne 
 

To prepare the dataset for effective topic modeling and sentiment analysis, a comprehensive, 

multi-steptext preprocessing pipelinewasapplied. Thisensuredtheinput datawasclean, con-

sistent, and suitable for different downstream Natural Language Processing (NLP) methods. 

The preprocessing procedure included the following stages: 

 

Å Duplicate Removal: Repeated TikTok posts and comments were identified and elim-

inated. Entries with empty or null  text values were also removed to maintain data in-

tegrity. 
 

Å Text Normalization: All text wasconverted to lowercasetoensurecase-insensitivepro-

cessing. ThisstepavoidstreatingwordslikeòMakeupòandòmakeupòasseparatetokens. 
 

Å Noise Removal : Non-linguistic elements such as emojis, URLs, special characters, 

and user mentions (e.g., @username) were stripped out. This step retained only lin-

guistically meaningful components of the text. 
 

Å Tokenization : Each text entry was split into individual word tokens using a standard 

tokenizer. This enabled further analysis at the word level. 
 

Å Lemmatization : Using theSpaCy library, tokenswerereducedtotheir root forms. For 

example, òrunningò, òrunsò, and òranò were all  lemmatized to òrunò, enabling more 

accurate grouping in topic modeling. 
 

Å Part-of-Speech (POS) Filter ing : Only tokenstaggedasnouns, verbs, adjectives, or ad-

verbswereretained. Thesepartsof speecharethemost semantically richandcontribute 

significantly to topic discovery. 
 

Å Stopword Removal : Commonstopwordssuchasñtheò,ñisò, andñandòwereremoved, 

as they do not carry significant thematic meaning and can dilute topic relevance. 
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For the purpose of downstream modeling, two versions of the cleaned text were cre-

ated: 

 

Å Å BERTopic Input: This version retained full  lemmatized text, filtered by POS tags. It 

was optimized for transformer-based topic modeling using BERTopic, which relies on 

rich semantic context. 
 

Å Å Louvain Cluster ing Input: This version consisted of simplified token lists, which 

are suitable for constructing co occurrence networks for graph-based clustering using 

Louvainôs algorithm. 
 

Thefinal processeddatasetsweresavedasCSV filesfor reproducibility andeficient loading 

during analysis. A sample of the cleaned dataðdisplayed in the interface (see screenshot)ð 

illustrates the presence of multiple cleaned versions: text-bert, text-network, text-cleaned, and 

their tokenized counterparts, each tailored for specific modeling tasks. 

 
 
 
 
 
 
 
 
 
Figure 2.2: clean dataset 
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3 
Topic Modeling: Understanding What Users 
 

Talk About 
 
 
 
 

Touncover thecorethemesembeddedwithinbeauty-relatedTikTok content, weappliedunsu-

pervised topic modeling techniques to the textual data collected from original post captions. 

Thisstepaimstoreveal theunderlying structureof theconversationstakingplaceinthebeauty 

community on TikTok. 

 

Topic modeling is a machine learning technique that identifies hidden (latent) topics in a col-

lection of texts by detecting recurring word patterns. It groups documents into semantically 

coherent clusters based on word usage, making it possible to discover central themes without 

the need for manual labeling or predefined categories. 

 

This unsupervised approach is particularly well -suited to analyzing large-scale, user-generated 

datasets like TikTok, where content is informal, diverse, and constantly evolving. By applying 

topic modeling to this dataset, we aim to gain insights into the structure and focus of beauty 

related discussions across the platform. 
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Specifically, the topic modeling process was used to explore: 
 
 

Å The most frequently discussed subjects within the TikTok beauty niche 
 

Å How users frame their conversations around skincare, makeup, trends, and techniques 
 

Å The diversity and concentration of discourse across broad and niche beauty topics 
 
 
 

To achieve this, we employed a hybr id topic modeling strategy, combining two dis-

tinct methods: 

 
 

Å BERTopic: A transformer-based approach that leverages contextual embeddings and 

clustering to extract fine-grained, semantically meaningful topics. 
 

Å Louvain Cluster ing: A graph-based community detection algorithm that identifies 

high level thematic clusters by analyzing word co-occurrence networks. 
 
 

The combination of these two techniques provided complementary perspectives on topic 

structure: while BERTopic captured nuanced, context-sensitive groupings, Louvain offered a 

broader, macro-level understanding of discourse organization. 

 
 

3.1 Techniques Appli ed 
 

To extract meaningful patt erns and uncover latent topics within the dataset, we imple-

mented two complementary unsupervised topic modeling techniques: 

 
 

Å Louvain Clustering 
 

Å BERTopic 
 
 

Each of these methods approaches topic modeling from a different perspective, and to-

gether, they provide a robust framework for understanding both broad thematic categories 

and fine-grained subtopics in the TikTok beauty discourse. 
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3.1.1 Louvain Clusteri ng: 
 

LouvainClustering isagraph-based communitydetection algor ithm. It beginsby construct-

ing a co-occurrence graph of tokenized words, where nodes represent individual words and 

edges reflect their frequency of co-occurrence within documents. The algorithm then detects 

communities(clusters) by maximizingmodularity measureof thedensity of linksinsideacom-

munity compared to links between communities. 

 

Thisapproachisparticularly effectivefor capturing dominant, high-level themes, asit groups 

terms that frequently appear together across different posts. The resulting clusters provide a 

macro-view of thecontent, highlighting overarching topic categoriessuchasskincare, makeup 

routines, or beauty hacks. 

 
 

3.1.2 Ber topic : 
 

BERTopic (Bidirectional Encoder Representations from Transformers for Topic Modeling) 

takes a more contextual and semantic approach. It uses transformer-based language mod-

els(e.g.,BERT) to createdenseembeddingsof eachdocument. Theseembeddingscapturethe 

semantic relationships between words and sentences. 

 

BERTopic then applies density-based cluster ing algorithms, such as HDBSCAN, to group 

similar documents together based on their embeddings. The topics are further refined using 

class-based TF-IDF (c-TF-IDF), which identifies the most representative words for each clus-

ter. 

 
This method excels at detecting nuanced, context-aware topics, making it ideal for identify-

ing micro-trends in beauty conversationsðsuch as the popularity of specific ingredients (e.g., 

hyaluronic acid), seasonal makeup styles, or viral product reviews. 

 

By applying these two techniques in parallel, we achieved a multi-scale understanding of the 

topic structureinour dataset. LouvainClustering offeredamacro-level perspective, surfacing 

dominant and broad themesacrossthecorpus, while BERTopic providedmicro-level insights, 

capturing subtle variations and contextual richness within user discussions. 

 

Together, thisdual approachallowsfor a layered and holistic comprehension of how beauty 

related content is framed, consumed, and discussed on TikTokðfrom general product cate- 
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gories and skincare advice to niche aesthetics and short-lived viral trends. 
 
 

3.2 Louvain Clusteri ng Results 
 

Using the Louvain graph-based cluster ing approach, we identified a total of 25 distinct 

topic clusters within the TikTok beauty dataset. The clustering was performed on the tok-

enized and cleaned text representations specifically prepared for graph construction, where 

words acted as nodes and co-occurrence relationships formed the edges. 

 
 

The resulting clusters revealed notable var iation in size, reflecting the uneven distr i-

bution of discourse themes across the dataset::  

 

Å The largest topic included228 posts, representing dominant and frequently discussed 

themes. 
 

Å Several other clusters contained over 100 documents, capturing secondary but signifi-

cant beauty-related discussions. 
 

Å In contrast, a long tale of smaller  clusters was observed, with some topics containing 

as few as 1 to 3 posts. 
 

Thisskewed distr ibution isclearly illustrated inthecluster dimension chart (Figure3.1, 

left), which shows a sharp drop-off  in topic size after the most dominant clusters. The corre-

sponding cluster patt ern matr ix (Figure 3.1, right) further demonstrates the sparse connec-

tivity betweensmaller clusters, indicating ahighdegreeof fragmentationamong nichetopics. 

 

These patterns suggest that Louvain cluster ing was successful in identifying broad, high-

level themes, but wasalso sensitive to sparsity in user -generated content, resulting inmany 

microclusterswith limitedcoverage. Thisfragmentation istypical whenapplyinggraph-based 

methods to highly diverse social media datasets. 

 

A completesummary of theLouvainclusteringresultsðincludingtopic identifiers, document 

frequencies, and representative keywordsðwas exported as a structured dataset. This output 

was retained for reproducibility and further reference (referred to as louvain-topic-

summary-full .csv) in subsequent stages of analysis and visualization. 
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3.2.1 Main out puts f r om the Louvain clust eri ng include: 
 

Å 25 distinct topics identified 
 
 

Å Top keywords extracted per topic (e.g., ñskincare,ò ñmakeuphack,ò ñfyp,ò ñglowupò) 
 
 

Å Visualization of topic size distribution and cluster sparsity 
 
 

Å Clear differentiation between dominant themes (e.g., skincare routines) and niche 

topics (e.g., specific product mentions or minor trends) 
 
 
 
 
 

Together, theseresultsvalidateLouvainclusteringasavaluabletool for high-level thematic 

segmentation of TikTok beauty discourse. However, as the next section will  show, more de-

tailed insights into user intent and subtopics require transformer-based modeling for greater 

contextual sensitivity. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure3.1: Distribution of Post CountsAcrossLouvaiƴπDetected Topics 
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Figure 3.2: Louvain topic modeling 

 
 
 
 
 
 

3.3 BERTopic Results 
 
 
 

Tocomplement thebroader thematicstructurerevealedthroughLouvainclustering, thisstudy 

employed BERTopic, a cutting-edge topic modeling framework that integrates transformer 

based embeddingswithdensity-based cluster ing (HDBSCAN). BERTopic isparticularly ef-

fective for identifying semantically coherent patterns in informal, user -generated texts such 

as those found on TikTok. 
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3.3.1 Key observations include: 
 

Å Topic distr ibution: BERTopic produced a relatively balanced distribution of entries 

across topics. The largest cluster, Topic -1, contains 846 outlier entries representing 

noisy or very generic content. 
 

Å Dominant topics: Topicswiththehighest countsincludecorethemessuchasskincare 

routines, makeup tutorials, and product reviews. 
 

Å Topicgranular ity: Themodel capturesdetailedsubtopicsrangingfromspecificbeauty 

products to seasonal trends and user experiences. 
 

Å Interpretability: Each topic is characterized by representative keywords and example 

posts, offering clear insights into user discussions. 
 
 
 
 
 
 

3.3.2 Summary o f  BERTopic outputs:  
 

Å Total topics discovered: 41 + 1 outlier cluster 
 

Å Largest cluster size: 846 entries (outlier) 
 

Å Rich semantic themes ranging from skincare and makeup to lifestyle and trends 
 

Å Enablesdeepunderstanding of TikTok beauty discourseat bothmacroandmicro levels 
 
 
 
 
 
 

3.4 Topic Composition and Distri buti on 
 

Theresulting topic structurerevealedabalanced distr ibution of entr ies, avoiding over domi-

nanceby any singlecluster. Thelargest group,Topic-1, contained 846entriesandrepresented 

ambiguous or semantically sparse contentðincluding postswithgeneric expressions, emo-

jis, or irrelevant tokens that did not fit into any well -formed semantic theme. 
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Figure 3.3: Topic Summary Table generated by BERTopic 
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Figure 3.4: Topic Summary Table generated by BERTopic 

 
 

3.4.1 The I n ter topi c Distance Map 
 

This visualization presents a 2D projection of topic distances using dimensionality reduction. 

Clusters with similar semantics appear closer, forming four to five broader semantic group-

ings (e.g., skincare and makeup, fitness routines, narrative content). The distinct spatial sep-

aration of clusters indicates strong thematic independence and suggests a well -structured 

topic topology. 

 

Among the41non-outlier topics, several clustersaligned clear ly with corebeauty themes, 

including: 

 

Å Skincare routines 
 

Å Makeup tutor ials and hacks 
 

Å Product reviews 
 

Å Glow-up transformations 
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Å Fitness and self-improvement narr atives 

 

The topic granular ity observed was notably fine: clusters captured micro-trends such as 

specific product mentions, seasonal routines, or emotional tones (e.g., self-esteem, glow-ups, 

body image), reinforcing BERTopicôs contextual strength. 

 
Overall , themapdemonstratesthat thebeauty discourseonTikTok issemantically well -structured 

andrichly varied, making it highly suitablefor downstreamanalysessuchastrendtracking and 

sentiment interpretation. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure3.5: IntertopicDistanceMap from BERTopic, illustratingtheseparation and groupingof topicsinto fivedistinct macrƻπŀreas. 
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3.5 Semanti c V ali dati on and V isuali zati on 
 
 
 
 
 
 
 

Tovalidatethestructureandinterpretability of thetopics, several analytical visualizationswere 

employed: 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

3.5.1 The Si mi lari ty M atri x Heatmap 
 
 
 
 
 
 

This matrix captures semantic overlap between topic vectors. The strong diagonal indicates 

highinternal cohesionwithineachtopic, whilethelow off -diagonal valuesconfirmmeaningful 

separation. Only a few topic pairs show moderate overlap (e.g., skincare vs. product reviews), 

highlighting thematic closeness in related domains. 

 

Overall ,this matrix provides a detailed view of the semantic relationships between the 39 ex-

tracted BERTopic clusters.This pattern further validates the effectiveness of BERTopic in gen-

erating fine-grained, non-redundant themes within the beauty discourse on TikTok, demon-

strating its capability to capture diverse and distinct topical areas. 
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Figure3.6: SimilarityMatrix 

 

3.5.2 Document-to-Topi c Sc a t ter  Pl o t  
 

This2Dprojectionmapsall documentsaccordingtotheir assignedtopicclusters. Most clusters 

appear compact and well -separated, suggesting high semantic precision in the modelôs group-

ing. Instances of partial overlap between clusters (e.g., gym content and body transformation 

posts) reflect the natural thematic blending common in user-generated content. 

 

Overall ,this plot reinforces the granular, well -defined partitioning achieved by BERTopic in 

modeling diversethemeswithintheTikTok beauty dataset, highlighting itsstrength incaptur-

ing nuanced user discourse. 
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Figure3.7: Documentsplotted accordingto their topicafiliation, highlightingboth topiccoherenceand clear separation. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure3.8: Documentsplotted accordingto their topicafiliation, highlightingboth topiccoherenceand clear separation. 
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3.5.3 Topic Word Score Char ts 
 

Thesebar plotsvisualizethetop-rankedkeywordswithineachtopic. Therelativewordweights 

provide immediate insight into the dominant language and expressions defining each cluster. 

For instance, termslikeñmakeup,òñskincare,òñroutine,òandñglowòdominateTopics0and 

12, while Topics 22 and 36 capture niche discussions such as ñbrush,ò ñtail,ò or ñgym trans-

formation.ò 

 
 
 
 

3.5.4 A naly t i ca l I nsights: 
 

The out put  f r om BERTopic provides not  only themat i c segmentat ion but  

also insight into discour sediver si ty acrossTikTokôsbeauty-

r elated con-tent. Key takeaways include: 

Å Macro-Micro Structure: The visual and statistical outputs reflect both macro cate-

gories(e.g., skincarevs. makeup) andmicro variations(e.g., eyeliner hacksvs. ingredient 

preferences). 
 

Å Interpretability: Theuseof representativekeywordsandsamplepostsenablessemantic 

transparency, making each topic readily interpretable without additional labeling. 
 

Å Balanced Topic Density: In contrast to Louvainôs skewed distribution, BERTopic en-

sures semantic diversity with a more equitable spread of entries across clusters. 
 
 

Additionally,astructuredsummary of thetopicmodel outputðcontainingtopicID,doc-

ument count, top keywords, and sample representationsðwas preserved for reproducibility 

and subsequent analyses (e.g., bertopic-topic-summary.csv). 

 
 
 
 

Conclusion 
 
 

Overall , BERTopic substantially enriched the analysis by revealing deeply contextual, human 

centric themes within the TikTok beauty dataset. Its ability to capture nuanced language pat-

terns, distinguish overlapping concepts, and provide structured visual insight afirms its suit-

ability for analyzing informal, short-formcontent at scale. Inthisresearch, BERTopicnot only 
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enhanced topic interpretability but also laid the foundation for follow-up analyses, such as 

temporal trend modeling, influencer segmentation, and sentiment based clustering. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.9: Top Keyword Scores for Each BERTopic Cluster 
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Figure 3.10: Top Keyword Scores for Each BERTopic Cluster 
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3.6  M acro-Topic Grouping and Compar ati veAnal-

ysis 
 

To distill  the complex and multidimensional discourse embedded within beauty-related Tik-

Tok content, we conducted a synthesis of the results obtained from both BERTopic and Lou-

vain cluster ing. WhilethesemethodsdifferalgorithmicallyðBERTopicemployingtransformer-

basedsemanticembeddingsandLouvainrelyingonnetwork-basedmodularity optimizationð 

they each generated coherent topic groupings that reflected distinct aspects of user-generated 

text. 

However, interpreting 64 isolated topic clusters (39 from BERTopic, 25 from Louvain) in iso-

lation can hinder clarity and narrative synthesis. 

 

To address this, we employed a multi-stage thematic consolidation process to derive a set of 

five macro-topics,each representing a higher-order semantic category. These were informed 

not only by the clustering results themselves but also by a series of interpretive aids including: 

Å Intertopic distance visualizations (BERTopic) 
 

Å Topic similarity matrices 
 

Å Keyword frequency and salience metrics (e.g., c-TF-IDF scores) 
 

Å Manual qualitative coding of representative posts 
 
 

Thishybridframeworkenabledamorecomprehensiveandinterpretablelensthroughwhich 

to view the latent structure of beauty-related discourse on TikTok. 

 
 
 
 

3.6.1 M acr o-Topic 1: Skincar e Routi nes and Pr oduct Use: 
 
 

This macro-category consolidates clusters emphasizing skincare practices, product recommen-

dations, daily regimens, and dermatological advice. Dominant terms include skincare, rou-

tine, glow, glass skin, and product. Posts often assume an informational toneðeducating 

followers, reviewing brand performance, or showcasing personal care transformations. 
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3.6.2 M acr o-Topic 2: Makeup Tut ori al s and Beauty Hacks: 
 
 

Encompassingawidearray of applicationtechniques,productdemonstrations,andviral beauty 

transformations, this category highlights content typified by makeup hacks, lip combos, foun-

dationtips, andvisual transitions. Thesepostsemphasizecreativity, instruction, andviralityð 

often driven by peer-to-peer learning and social engagement. 

 
 
 

3.6.3 M acro-Topic 3:  Emotional Expr ession and Aestheti c Tr ends:  
 
 

Thiscategory isanchoredinaffectiveandstylisticdimensions. It compriseshumorouscontent, 

aesthetic experimentation, reactions to filters or sounds, and broader identity play. Keywords 

such as funny, reaction, vibe, and trend reflect the entertainment-focused and socially perfor-

mative nature of these postsðintegral to TikTokôs algorithmic culture. 

 
 
 
 

3.6.4 M acro-Topic 4:  Body Featuresand Visual Enhancements: 
 
 

This group brings together discourse on physical appearance and aesthetic modifications. It 

includesreferencesto eyes, jawline, lip shape, and facial sculpting, aswell asbody imagetrends 

like fitness routines, weight transformation, and symmetry filters. These clusters highlight as-

pirational beauty norms and the platformôs role in shaping them. 

 
 
 
 

3.6.5 M acr o-Topic 5: Per sonal  Narr ati ves and Real-L if e Ex-

peri ences: 

 
 

This cluster assembles content rooted in lived experienceðoften narrative-driven, reflective, 

and socially grounded. Themes include cultural identity, relationships, childhood memories, 

and major life events (e.g., weddings, breakups). These posts transcend aesthetics to explore 

beauty as they intersect with self-expression, memory, and social identity. 
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Figure3.11: SimilarityMatrix 
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Figure 3.12: MacroπTopics 
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3.6.6 Analytical  M ethodology and Justific ation:  
 
 

Toderivethesefivemacro-categories,weadopted astructured and rigorousanalyticwork-

flow: 

 

1. Topical Keyword Extraction Using model-specific internal weighting metrics (e.g., c-TF-

IDF in BERTopic), we extracted salient keywords that define the semantic boundaries of each 

cluster. 

 
2. Semantic Proximity Assessment Visual toolsðsuch as intertopic distance maps and cosine 

similarity matricesðenabledthegrouping of adjacent topicsintoconceptually contiguouscat-

egories. 

 

3. QualitativeCodingandInterpretiveConsolidationThroughthematiccodingof representa-

tivepostsandkeywordsets, wemanually identifiedcross-model topicequivalenceandgrouped 

them accordingly into macro-level categories. 

 

This process represents a hybridized modeling paradigm, combining the computational preci-

sion of unsupervised algorithms with the contextual richness of human interpretation. The 

resulting taxonomy captures both dominant and nuanced forms of engagement within Tik-

Tokôs beauty discourse. 

 
 
 
 

3.6.7 Outcome and I mplications: 
 
 

The final taxonomyðpresented in Table òMacro-Topicsò individual BERTopic and Louvain 

topics onto five macro-categories, offering a unifying schema for interpreting the platformôs 

fragmented, fast moving content landscape. This abstraction not only facilitates narrative co-

herence across the dataset but also enables cross-comparison in downstream analyses, such as 

sentiment distr ibution, temporal trends, and engagement metr ics. 

By establishing these macro-topics, we provide a scalable and interpretable framework for un-

derstanding how TikTok users construct, circulate, and emotionally engage with beauty con-

tent across diverse contexts. 
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3.7 Graphi cal Comparison o f  Topic Sizes 
 

To deepen our understanding of the thematic landscape captured by unsupervised modeling, 

we performed a comparative analysis of topic sizes generated by BERTopic and Louvain clus-

tering. Thisexaminationaimedto reveal how eachmethod characterizesthevolumeand gran-

ularity of discourse topics within the TikTok beauty dataset. 

 
 

3.7.1 Compar ati ve Fr amework  
 

Both models assigned each post or comment in the dataset to a distinct topic, but differed in 

how those topics were structured and scaled: 

 

Å BERTopic,leveraging contextual embeddings and density-based clustering, produced 

40 fine-grained topics (excluding noise labeled as Topic -1). Many of these represent 

narrow, semantically distinct themesðsuchasglitter eyemakeup, lip combo variations, 

or specific influencer styles. 
 

Å Louvain cluster ing, in contrast, identified 25 broader communities by analyzing word 

co-occurrencenetworks. Thismethod groupstokensbasedontheir graphconnectivity, 

yielding larger, thematically generalized clusters. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.13: TopiŎπ{ize 

 

To facilitate meaningful comparison between these two modeling strategies, we manually 

grouped their respective topics into five macro-topic categories based on keyword similarity 

and representative document content. 

The five categories were: 
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Å Skincare Routines and Products 

 

Å Makeup Tutorials and Hacks 
 

Å Emotional Expression and Trends 
 

Å Body Features and Enhancements 
 

Å Personal Stories and Real-Life Experiences 
 
 
 
 
 

3.7.2 M ethodology:  Aggregation and Visuali zation 
 

Comparati ve Analysis 
 

The comparative analysis proceeded in two key steps: 
 
 

1. Topi c-to-M acro Mapping: 
 

Each topic from both BERTopi c and Louvain clustering was assigned to one of the macro 

topics based on a manual semantic review of: 

 

Å Top keywords generated per topic 
 

Å Example posts/comments within each topic 
 

Å Contextual overlap between clustering outputs 
 
 
 
 
 

2. Size Calcu la ti on:  
 

For each macro-topic, we computed the aggregate size as the sum of all  documents associated 

with the assigned topic IDs. This allowed for direct comparison of content volume captured 

by each model within the same semantic category. 

For instance, in the Skincare Routines and Products macro-topic: 
 

Å BERTopi c captured 588 posts (Topics 0, 1, 2). 
 

Å Louvain Clustering accounted for 461 posts (Topics 0, 2, 4). 
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This difference illustrates BERTopicôs strength in identifying multiple, nuanced subclus-

tersunder asingleconceptual umbrella, whileLouvaincapturesahigher-level community per-

spective with broader coverage. 

 
 
 

Visual Representati ons 
 

Three figures were used to illustrate this comparison: 
 
 
 

Å Figure 3.5a (BERTopic Topic SizesïCirclePlot): Highlightsdisproportionatecluster-

ing where a few topics dominate post volume (e.g., Topics 0, 1, 2). 
 
 

Å Figure 3.5b (LouvainTopic SizesïCirclePlot): Displaysmoreeventopic sizedistribu-

tion, reflective of the modelôs community detection principles. 
 
 

Å Figure 3.5c (Macro-Topic AggregationTable): Presentsthefinal mapping of topic IDs 

tomacro-topicsandtheir cumulativesizesacrossmodels, offeringastructuredsummary 

of theme representation. 
 
 
 
 
 
 
 

Key Insights 
 

Å Granular ity: BERTopic excels at surfacing fine-grained semantic patterns, making it 

ideal for uncovering emerging trends, niche communities, or stylistic nuances in con-

tent. 
 
 

Å Generality: Louvainclustering ismoreadept at identifyingmacro-level discoursestruc-

tures, capturing high-level co-occurrence-based themes in a scalable and interpretable 

form. 
 
 

Å Hybrid Interpretation: The complementary use of these models allows for a multi-

resolutionanalysisðfrombroadnarrativeclusterstofocused,context-specificdiscussionsð 

enrichingour understandingof how beauty content isstructuredandsharedonTikTok. 
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Figure 3.14: Topic size comparison, FiguresέоΦрaέ,έоΦрbέ 
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Figure 3.15: MacroπTopic Aggregation TableέоΦрŎέ 

 
 
 

3.8 Overall Comparison Between Louvain and BERTopic 
 

The comparative analysis of BERTopic and Louvain clustering reveals that both models bring 

distinct yet complementary strengths to the task of identifying and organizing the thematic 

landscapeof beauty-relateddiscourseonTikTok. Althougheachmodel operatesunder anun-

supervisedlearningframework, theirunderlyingmechanismsdivergesignificantlyðBERTopic 

employssemanticembeddingsderivedfromtransformer-basedlanguagemodels, whereasLou-

vain clustering relies on graph modularity optimization applied to token co-occurrence 

net-works. Consequently, the two models offer different but synergistic perspectives on the 

same dataset, enriching the overall  interpretative framework. 

 
 

3.8.1 BERTopic: Fine-Grained Semanti c Groupi ng 
 

Å BERTopic produced 39 semantically coherent topics, many of which demonstrated 

ahigh level of thematic specificity and linguistic consistency. Theseincludenarrow top-

ical clusterssuchasñlip combofiller,òñeyehoodshaping,òandñget ready withmetuto-

rials,ò which reflect the modelôs capability to distinguish nuanced variations in content 

and user intent. 
 

Å UMAP-based visualizationsð notably the Intertopic Distance Map and Network In-

terdependenciesPlotðexhibitedtight intra-topiccohesionalongsideclearandwell -separated 

topicboundaries. ThisvisualizationconfirmsBERTopicôsaptitudeincapturing seman-

tically discrete clusters, even when they differ only subtly in phrasing or stylistic tone. 
 

Å Tools such as the Topic Word Score Charts and Document Scatter Plot further re-

inforced the modelôs precision. These tools offered fine-grained insights into the most 
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representative keywords and the spatial arrangement of documents across the embed-

ding space, validating the semantic integrity of each identified topic. 
 

Å Importantly, thedistr ibution of topicsizeswasuneven,withseveral clustersðparticularly 

Topics 0, 1, and 2ðcapturing a disproportionately large number of documents. This 

skewed distribution is reflective of real-world social media trends, where a few domi-nant 

conversations coexist with numerous smaller, niche segments. It also highlights 

BERTopicôs strength in isolating emerging micro-trends or specialized beauty practices, 

which might be overlooked in coarser-grained models. 
 

Inconclusion, BERTopic offers a high-resolution, semantically informed view of Tik-

Tok beauty discourse. Itsability toextract subtlecontextual signalsanddifferentiatenarrowly 

defined communities makes it an ideal choice for exploratory content analysis, subcultural de-

tection, and thestudy of emergent linguistic phenomenawithin large, user-generateddatasets. 

 
 

3.9 Louvain Clusteri ng: St r u c t u r a l and Network-

Based Perspective 
 

Louvain clustering, on the other hand, adopts a graph-theoretic approach to topic modeling, 

grounded in community detection within a word-document co-occurrence network. This 

methodology yielded 25 broader thematic clusters, which emphasize structural cohesion over 

semantic granularity. 

Å Louvainôscommunity detectiongrapheffectively mappedhowtextual elements(e.g.,frequent 

tokens and hashtags) formed interconnected modules. These groupings arose organi- 

cally from patterns in word co-occurrence rather than from contextual word meaning. 
 
 

Å Theresultingclusterswerethereforebroader inscope, oftenencompassingmultiplesub-

themeswithinasinglegroup. Asaresult, interpreting thesemanticessenceof eachtopic 

required additional manual examination of representative keywords and posts. 
 
 

Å Furthermore, the visual representation of node sizes revealed significant topic size im-

balances. A small  number of clusters captured a disproportionate share of documents, 

while others were underpopulated and less coherent. This imbalance indicates a 

limita-

tioninLouvainôsability todifferentiatebetweensemantically subtlecategories,especially 

in a highly diverse dataset such as beauty-related TikTok content. 
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3.9.1 Key Disti nction and Complementarit y:  
 

The combined use of BERTopic and Louvain offers a powerful, layered framework for topic 

analysis: 

 
 

Å BERTopic excels in detailed content segmentation. It is particularly well -suited for 

micro-level analysis such as tracking evolving product trends, dissecting user sentiment 

around specific routines, or identifying niche expressions in beauty culture. 
 
 

Å Louvain, by contrast, provides a macro-level overview of discourse. Its strength lies 

in unveiling broader thematic structures that may correspond to social dynamics, con-

tent popularity hierarchies, or algorithmically influenced groupings. 
 
 
 

By integrating thesetwomethodologies, theresearchgainsacomprehensiveanalytical lens: 
 
 

Å Louvain offers a structural blueprint of high-level community themes. 
 
 

Å BERTopic enriches this blueprint with contextual, semantic depth. 
 
 
 

This dual-perspective framework enhances both interpretability and analytical resolution, 

ensuring that theTikTok beauty discourseisexaminedbothbroadly anddeeplyðfrommacro 

community clusters to the intricate language patterns that define user expression. 

 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.16: Metric 
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Figure 3.17: UMAPplot for Louvain



 
 
 
 

3.9.2 Topic A ggregati on via Hi erarchi cal Clusteri ng: 
 

To further refine the thematic organization of beauty-related TikTok content, a final data-

dr iven hierarchical cluster ing step was implemented. This step systematically grouped the 

previously identified clusters from both Louvain and BERTopic into a unified macro-topic 

framework. The purpose of this aggregation was to consolidate semantically over lapping 

or thematically adjacent clusters, enabling the formation of coherent, high-level categories. 

This hierarchical approach enhanced the interpretability of the results and supported more 

streamlined comparative analysis and visualization of dominant themes across the dataset. 

 
 

3.10 M ethodo logi ca l A pproach 
 

To consolidate the outputs from both topic modeling approaches into a coherent thematic 

structure, a final hierarchical clustering step was introduced. This process aimed to system-

atically aggregate semantically similar topicsðwhether derived from Louvain or BERTopicð 

into a set of unified macro-topic categories that enhance interpretability and facilitate cross-

model comparison. 

 
 

3.10.1 I nput Representati on 
 

The core input for this stage consisted of the top keywords extracted from each individual 

topic. These keywords functioned as distilled semantic signatures of their respective clusters. 

Using a CountVector izer , the keyword strings were converted into binary feature vectors, en-

coding the presence or absence of each term across topics. 

 
 

3.10.2 Distance Calcu la ti on 
 

To evaluate similarity between topic vectors, we employed the Jaccard distance, which is par-

ticularly suited for sparse binary data. The resulting pairwise distance matrix quantified the 

semantic dissimilarity between all  topic pairs across both models. 

 
 

3.10.3 Cluster i ng Procedure 
 

The topic similarity matrix was passed into an Agglomerative Hierarchical Clustering algo-

rithm using average linkage as the merging criterion. The number of final clusters was set to 

 

42



 
 
 
 
n_clusters  = 5, aligning with the broader analytical framework that guided the interpreta-

tion of beauty-related content on TikTok. 

 
 

3.10.4 Results and I n terpreta ti on 
 

This procedure successfull y grouped all  39 topicsðspanning both BERTopic and Louvain 

clustersðinto fivesemantically coherent macro-topics. Eachresultingmacro-cluster exhibited 

clear thematic alignment based on overlapping vocabulary and shared discourse patterns. 

 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.18: Number of unique macro topics 

 
 

The method provided several important benefits: (Figure 3.18: Number of unique 

macro topics) 

 

Å Semantic grounding: Macro-topic assignments were not manually imposed but de-

rived from actual keyword similarity. 
 

Å Cross-model integration: Topics from Louvain and BERTopic were combined into a 

unified taxonomy. 
 

Å Interpretability: The resulting clusters aligned with observed discourse themes, sup-

porting subsequent sentiment and network analyses. 
 
 
 
 

Conclusion 
 
 

This final clustering step serves as a semantic bridgeðlinking fine-grained, algorithmically de-

rivedtopicswithhigh-level thematicunderstanding. It enhancesboththeanalytical depthand 
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narrative clarity of the study, supporting a more robust interpretation of beauty-related dis-

course across TikTok. 

 
 

3.11 Macro-Topic Label ing 
 

To enhance interpretability and streamline the thematic structure of the analysis, we imple-

mented an automated macro-topic labeling process. This procedure aimed to reduce the 

complexity of the output by consolidating semantically similar topicsðpreviously generated 

by Louvain and BERTopicðinto a smaller  set of unified macro-topics. These macro-topics 

were defined through keyword aggregation and similar ity-based grouping, with each 

clus-ter assigned a descriptive label that reflects the dominant theme across its constituent 

topics. 

 
 

3.11.1 Label ing Procedure 
 

Å Topics were grouped into five macro-topics using the results of hierarchical clustering 

(as described in Section 3.8). 
 
 
 
 

Å The macro-topic labels were derived automatically based on the most frequent and rep-

resentative keywords within each cluster. 
 
 
 
 

Å These labels serve as high-level thematic descriptors, offering insight into the dominant 

discourse patterns within TikTok beauty content. 
 
 
 
 
 

3.11.2 Summary Table Overview 
 

To further analyze the results of topic modeling, we applied an automated labeling process to 

grouprelatedtopicsintoasmaller set of fivemacrotopics. Thiswasdoneby aggregating topics 

based on semantic similarity and their shared keywords. The macro topics were then assigned 

meaningful labels that reflect the overarching themes of the grouped topics. 
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Thetablebelow summar izesthemacro topi cswi th thefoll owing detai ls:  
 

Å Macro Topic ID: Numerical identifier for each macro topic. 
 
 
 
 

Å Macro Topic Label: Descriptivelabel automatically generatedbasedonthemost repre-

sentative keywords in the group. 
 
 
 
 

Å Main Source: Indicateswhether thetopicswereprimarily derived fromtheLouvainor 

BERTopic models. 
 
 
 
 

Å Number of Topics: The count of original topics grouped within each macro topic. 
 
 
 
 

Å Keywords: A sample of the top keywords representing each macro topic, providing 

insight into the central themes. 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.19: macro topics label 

 
 

3.12 Ext rac ti on o f  Top Words 
 

To further enhance the interpretability and semantic clarity of the derived macro-topics, a tar-

geted extraction of representative keywords was performed. This process aimed to distill  the 

most salient lexical elements that define the core meaning of each macro-topic cluster. 
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3.12.1 Keyword A ggregati on and Frequency Analysis 
 

Theprocedureinvolvedaggregatingall keywordsfromtheconstituent topicswithineachmacro 

topic and identifying the most frequently occurring terms. A custom function was imple-

mented to: 

 

Å Traverse each macro-topicôs grouped topics. 
 

Å Count the frequency of individual keywords. 
 

Å Select thetop 10 most representativekeywordsfor each macro-topicbasedonoccur-

rence. 
 
 

This frequency-based keyword ranking provides a more focused and intell igible summary 

of the themes captured by each macro-topic, improving interpretability over the raw concate-

nation of topic-level keywords. 

 
 

3.12.2 I nterpreti ve V alue 
 

The output table lists: 
 

Å Macro-topic ID 
 

Å Assigned semantic label, derived from top-ranking keywords 
 

Å List of top words associated with each macro-topic 
 
 

These concise lexical descr iptors not only strengthen the semantic framing of each 

category but also serve as a reference for downstream analyses, including: 

 

Å Sentiment polar ity evaluations 
 

Å Keyword co-occur rence networks 
 

Å Thematic trend visualizations 
 
 

Ultimately, thisstepreinforcestheanalytical valueof themacro-topicstructureby ground-

ing it in empirically derived, thematically rich vocabulary that reflects the actual discourse pat-

terns of TikTok beauty content. 
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Figure 3.20: macro top words 

 
 

3.12.3 Senti ment Analysis on t he grouped macro topi cs 
 

Tocomplement thethematicclassificationof TikTok beauty content, asentiment analysiswas 

conducted to assesstheemotional toneembeddedwithineachmacro-topic cluster. Thisqual-

itative dimension added interpretive depth to the structurally derived topic groupings. 

 

M ethodologi cal  Overview: 
 

Using theTextBlob library, apolarity-basedsentiment scoring systemwasimplemented. Each 

macro-topicôs associated keywords were tokenized and aggregated. A custom function was 

then applied to calculate the average sentiment polar ity score for each macro-topic group. 

 

Å Polar ity Score Range: 
 

Valuesspanfrom -1 (completely negative) to+1 (completely positive), with0 indicating 

a neutral sentiment. 
 
 
 
 

Findings and I nter pr etat i on 
 

The resulting table presents: 
 

Å The macro-topic ID 
 

Å The automatically generated topic label (derived from top keywords) 
 

Å The corresponding average sentiment score 
 

47



 
 
 
 

Key observations include: 
 
 

Å Macro-topic 1 (òvibe, quick, algerianò) showed the highest positive sentiment (score 

å0.57), suggesting an upbeat and enthusiastic discourse in that cluster. 
 

Å Macro-topic 4 (òeye, evil, greenò) exhibited themost negativesentiment (scoreå-0.30), 

indicating potential discourse related to discomfort, insecurity, or critique. 
 

Å The majority of topics fell  between these extremes, with neutral to mildly positive or 

negative sentiment expressions. 
 
 
 
 
 
 

Analyt i cal  Significance 
 

This layer of analysis enhances the interpretability of macro-topics by linking semantic con-

tent with affective valence. It reveals not only what themes dominate TikTok beauty discus-

sions, but alsohow usersemotionally engagewith them. Combinedwith topic modeling, this 

sentiment analysis offers a holistic understanding of user generated beauty contentðbridging 

thematic categorization with emotional resonance. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.21: Sentiment 
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3.12.4 Senti ment Analysis o f  M acro Topics 
 

Tofurther enrichthethematicsegmentationof TikTok beauty discourse, weconductedasenti-

ment analysisonthemacro-topic groupings. Thisstepaimedtoassesstheemotional polar ity 

associatedwitheach thematic cluster and offer additional interpretivedepth to thetopic mod-

eling framework. 

 

A naly t i ca l Procedure 
 

Sentiment polarity scores were computed using the TextBlob library, which applies a lexicon 

based approach to assigning a sentiment value to text segments. Here, we used the representa-

tive keywords from each macro topic (derived from previously grouped clusters) as the input 

for polarity scoring. 

Å Polarity Range: 
 

The sentiment scale spans from -1.0 (strongly negative) to +1.0 (strongly positive), with 0 

indicating a neutral tone. 

 

V isuali zation and I n terpretati on 
 

Theresultingsentiment scoresfor eachmacrotopicwerevisualizedusingahorizontal bar chart 

(Figure 3.22), with: 

Å Green bars denoting positive sentiment, 
 

Å Red bars indicating negative sentiment, 
 

Å Bar length reflects average sentiment polarity. 
 

Key observations include: 
 

Å Macro Topic 1 (òvibe, quick, algerianò) demonstrated the most positive sentiment (å 

+0.57), suggesting uplifting or enjoyable discourse within this cluster. 
 

Å Macro Topics 3 and 4(òlip, combo, lineròandòeye, evil, greenò) reflectednegativesen-

timent scores (å -0.17 and -0.30 respectively), potentially linked to topics on cosmetic 

correction, criticism, or insecurity-related themes. 
 

Å MacroTopic0 (òactriz, storytimeò) maintainedaneutral tone, indicatingbalancedemo-

tional content. 
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Quali tati ve Insight 
 

This sentiment profiling provides a critical affective lens through which the modeled topics 

canbeunderstoodðnot only identifyingwhat usersarediscussingbut alsohow they emotion-

ally relate to those topics. Such insights are especially valuable in social media research, where 

sentiment oftenguidesengagement, virality, andperception. By combining semantic cluster - 

 

ing with emotional polar ity, this step supports a comprehensive interpretation of TikTok 

beauty discourse, bridging computational findings with interpretive social insight. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.22: Sentiment Analysisby Macro Topic 

 
 
 
 

3.12.5 V i suali zati on o f  M acro Topics: òWord Clouds and Key-

word Networksò 

 

Toenhancetheinterpretability of theextractedmacro topics, two complementary visual tools 

were employed: word clouds and keyword co-occurrence networks. These visualizations offer 

bothanintuitiveandstructural understanding of thekeyworddistributionsand interrelations 

within each macro topic. 
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Word Clouds 
 
 
 

Word cloudsvisually represent themost frequent and influential keywordswithineachmacro 

topic. The size of each word corresponds to its relative frequency or significance, allowing for 

a quick and qualitative grasp of the topicôs key themes. 

 
 
 
 
 
 
 

Å Macro Topic 0 is characterized by prominent keywords like ñactr iz,ò ñstorytime,ò and 

ñr ice,ò suggesting themes related to storytell ing or content featuring specific personas. 
 
 
 
 
 

Å Macro Topic 1 includes terms such as ñquick,ò ñvibe,ò and ñalger ian,ò reflecting a fast 

paced, mood-driven, and possibly regional aesthetic. 
 
 
 
 
 

Å Macro Topic 2 is driven by keywords like ñforyoupage,ò ñbeauty,ò and ñskincare,ò in-

dicating themes related to beauty routines and algorithm-driven content discovery. 
 
 
 
 
 

Å MacroTopic 3emphasizesñlip,òñcombo,òñliner ,òandñfiller,òaligning withcosmetic 

focused content. 
 
 
 
 
 

Å Macro Topic 4 includes terms like ñeye,ò ñevil,ò ñgreen,ò and ñhood,ò which may sug-

gest stylistic or symbolic references often used in creative or dramatic makeup themes. 
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(a) Word Cloud 0 

 
 
 
 
 
 
 
 
 
 
(c) Word Cloud 2 

(b) Word Cloud 1 

 
 
 
 
 
 
 
 
 
 
(d) Word Cloud 3 

 
 
 
 
 
 
 
 
 
 

(e) Word Cloud 4 

 
Figure 3.23: Word cloudsand keyword networks for selected macro topics. 

 
 

K eyword Networks 
 

Keywordco-occurrencenetworksmapout therelationshipsamongkeywordswithineachmacro 

topic. Here: 
 

Å Nodes represent keywords. 
 

Å Edges represent the frequency or strength of co-occurrence. 
 

Å Node size reflects importance (e.g., degree centrality or frequency). 
 
 

These networks uncover  structural cohesion and keyword cluster ing: 
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Å In Macro Topic 0, ñactriz,ò ñstorytime,ò and ñratingò are strongly interconnected, sug-

gesting a narrative-centered theme. 
 
 
 
 

Å Å In Macro Topic 1, dense connections among ñvibe,ò ñquick,ò and ñforupageò reflect 

rapid,algorithm-boosted discovery patterns. 
 
 
 
 

Å ÅMacroTopic 2 showsa robust cluster betweenñfyp,òñskincare,òand ñroutine,ò align-

ing with self-care and beauty trends. 
 
 
 
 

Å Å Macro Topic 3 features a tight network around cosmetic-related terms such as ñlip,ò 

ñliner,ò and ñgloss.ò 
 
 
 
 

Å Å In Macro Topic 4, keywords like ñeye,ò ñevil,ò and ñgreenò show strong linkages, pos-

sibly symbolizing stylized or dramatic themes. 
 
 
 
 
 
 
 
 
 
 
 
 
 

Conclusion 
 
 

The combination of word clouds and keyword networks provides both surface-level visibility 

and deeper structural insight into the themes emerging from the topic modeling. These tools 

enhance interpretability and reinforce the thematic validity of each macro topic, serving as a 

bridge between computational output and human-centered understanding. 
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(a) Kcloud 0 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
(c) Kcloud 2 

(b) Kcloud 1 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
(d) Kcloud 3 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

(e) Kcloud 4 

 
Figure 3.24: Keyword cloudsand networks for selected macro topics. 
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4 
Sentiment 

 
 
 
 
 

4.1 Senti ment  Analysis Results (BERTopic) 
 

To explore the emotional tone present in TikTok beauty-related discourse, sentiment analysis 

wasconductedonthetopic clustersgeneratedby theBERTopicmodel. Thisprocessaimedto 

reveal the underlying affective patterns within user-generated beauty content. 

 
 

4.1.1 M ethodology 
 

Sentiment scores were computed using the VADER (Valence Aware Dictionary and sEnti-

ment Reasoner) sentiment analysis tool. Each post was assigned a compound score ranging 

from-1(most negative) to+1 (most positive). Basedonthisscore, postswerecategorized into 

the following sentiment classes: 

 

Å Positive: Compound score > 0.05 
 

Å Neutral: ī0.05 Ò Compound score Ò 0.05 
 

Å Negative: Compound score < ī0.05 
 
 

Thesescoreswerethenaggregatedat thetopic level todetermineaveragesentiment for each 

cluster. 
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4.1.2 Results and I n terpreta ti on 
 

1- Senti ment Distri buti on 
 

A total of 1,391 posts were analyzed, yielding the following distribution (see Figure 4.1): 

Å Neutral: 762 posts 

Å Positive: 508 posts 
 

Å Negative: 121 posts 
 

Thisdistribution indicatesthat themajority of beauty-relatedTikTok content fallswithin 

the neutral or positive range, with relatively few instances of negative sentiment. 

 

2- Average Senti ment by Topic 
 

The average compound sentiment score was calculated for each of the topics generated by 

BERTopic. The findings can be summarized as follows: 

Key Findings: 

Top scores topics include: 
 

Å Positive Sentiment Dominates: 

Most topics showed positive average sentiment scores, highlighting an overall  upbeat 

tone. 
 
 
 

Average Sentiment by Topic 
 

Positive Topic 
 

Topic 6 (cool_come_tell_joke) 
 

Topic 24 (lash_bare_half_wear) 
 

Topic 5 (nan_makeup_ci) 
 

Topic 0 (makeup_skincare_acne_skin) 
 

Topic 39 (facemask_sheet_mask_face) 
 

Topic 41 (jinx_tiktokviral_asmr) 
 

Topic 10 (girl_type_pretty_forbid) 

Average Sentiment 
 

0.379 
 

0.283 
 

0.252 
 

0.210 
 

0.207 
 

0.450 
 

0.480 
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Table 4.1: Averagesentiment scoresfor selected topics 

 

Å Neutral Sentiment: 
 
 

Several topics showed neutral average sentiment around zero, likely reflecting neutral or de-

scriptive content, including: 

 

Neutral Sentiment by Topic 
 

Neutral Topic 
 

Topic 7 (eye_evil_hood_blindness) 
 

Topic 8 (lip_combo_filler_glitter) 
 

Topic 14 (treading_forupage_algerian_culture) 
 

Topic 15 (tutorial_tag_com_need) 
 

Topic 19 (shed_morning_wake_sleep) 
 

Topic 21 (product_ingrdient_primal_expire) 
 

Topic 29 (result_ask_pin_spil) 
 

Topic 30 (watch_time_mad_beaut) 
 

Topic 36 (base_perfect_room_smooth) 
 

Topic 37 (school_insane_eat_impress) 

Average Sentiment 
 

0.000 
 

0.000 
 

0.000 
 

0.000 
 

0.000 
 

0.000 
 

0.000 
 

0.000 
 

0.000 
 

0.000 
 
 
Table4.2: Neutral sentiment topics(averagesentimentå 0) 
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Å Negative Sentiment is Rare: 

 
 
 
 
 

Few topics exhibit negative average sentiment, notably: 
 
 
 

Negative Sentiment by Topic 
 

Negative Topic 
 

Topic 27 (premium_tiktok_artis_cube) 
 

Topic 40 (blush_rare_pretend_blusher) 

Average Sentiment 
 

-0.111 
 

-0.477 
 
 
Table4.3: Negativesentiment topics 

 
 
 

Å Sentiment Distr ibution Across Posts: 
 
 
 
 

Out of all analyzedposts, 762 posts(Neutral), 508 posts(Positive), and121 posts(Nega-

tive) wereidentified. Thisshowsthat most content hasaneutral tone, withpositivesentiment 

being the second most common and negative sentiment relatively rare. 

 
 

Sentiment Distr ibution Across Posts 
 
 

Sentiment Category 
 

Neutral Sentiment 
 

Positive Sentiment 
 

Negative Sentiment 

Post Count 
 

762 
 

508 
 

121 
 
 
 
Table4.4: Sentiment distribution acrossanalyzed posts 
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Figure4.1: Sentiment distribution output from BERTanalysis. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4.2: Sentiment of topicsummary of Bertopic1. 
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Figure 4.3: Sentiment of topicsummary of Bertopic2. 
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Visual Insights: 
 
 
 
 
 

4.1.3 Bar Ch a r t o f  Average Senti ment per Topic: 
 
 

Most topics are colored green, signifying positive sentiment dominance. A few neutral 

and negative bars highlight topics with less positive or  negative sentiment. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.4: Average Sentiment per Topic (BERTopic). 

 
 
 
 
 

4.1.4 Topic Graph wi th Senti ment Col ori ng: 
 
 

Thisnetwork graph representstopicssized by post count and colored by sentiment. Most 

nodes are green, confirming positivity. Only a handful of orange and red nodes appear, 

underscor ing the generally positive emotional climate in the dataset. 
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Figure4.5: TopicGraph with Sentiment Coloring(BERTopic) 

 
 
 
 
 
 
 
 

Conclusion 
 

In conclusion, TikTok beauty-related discussions show a predominantly positive emo-

tional tone, with most topicsexpressing enthusiasm, humor, and community spir it. Neg-

ative sentiments are limited to a few niche topics, indicating that the platformôs beauty 

content is largely encouraging and supportive. 
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4.2 Senti ment  Analysis Results (Louvain) 
 
 

To gain insights into the emotional tone across beauty-related TikTok discussions, we per-

formed sentiment analysis on posts assigned to different topics detected by the Louvain com-

munity detection algorithm. 

 
 
 

4.2.1 VADER senti ment analyzer 
 

Using the VADER sentiment analyzer, we computed acompound sentiment score for each 

post and categorized them into three sentiment classes: 

 
 
 

Å Positive: Score > 0.05 
 
 

Å Neutral: -0.05 Ò Score Ò 0.05 
 
 

Å Negative: Score < -0.05 
 
 
 
 

We then aggregated sentiment scores at the topic level to calculate the average senti-

ment per  topic. 

Key Findings: 
 

Top scores topics include: 
 
 
 

Å Positive Sentiment Dominates: 
 
 
 
 

Most topics exhibited positive average sentiment, suggesting an overall  upbeat and opti-

mistic tone in the discussions. Notable positively scored topics include: 
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Positive Sentiment 
 

Positive Sentiment Dominates 
 

Topic 23 
 

Topic 20 
 

Topic 24 
 

Topic 17 
 

Topic 31 
 

Topic 7 
 

Topic 37 

Average Sentiment 
 

0.736 
 

0.586 
 

0.572 
 

0.512 
 

0.508 
 

0.301 
 

0.431 
 
 
Table4.5: Highest positivesentiment topics(Louvainclustering) 

 
 
Å Neutral Sentiment Dominates: 

 
 
 

Several topics showed average sentiment scores near zero, likely reflecting neutral or 

descr iptive content. These include topics are : 

 
 

Neutral sentiment 
 

Neutral sentiment topics 
 

Topic 18 
 

Topic 39 

Average Sentiment 
 

0.000 
 

0.000 
 
 
Table4.6: Neutral sentiment topics(Louvain clustering) 

 
 
Å Negative Sentiment Dominates: 

 
 
 

Only a few topics displayed negative sentiment, with the most prominent being topic 30 

(-0.083) and topic 14 (-0.072) and 1(-0.002) and 34(-0.051) and 25(-0.026). 
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Negative Sentiment 
 
 

Negative sentiment louvain 
 

Topic 30 
 

Topic 14 
 

Topic 1 
 

Topic 34 
 

Topic 25 

Average Sentiment 
 

-0.083 
 

-0.072 
 

-0.002 
 

-0.051 
 

-0.026 
 
 

Table4.7: Negativesentiment topics(Louvain clustering) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Sentiment Distr ibution Across Posts 
 

Sentiment Category 
 

Neutral Sentiment 
 

Positive Sentiment 
 

Negative Sentiment 

Post Count 
 

743 
 

523 
 

127 
 
 
 

Table4.8: Sentiment distribution acrossanalyzed posts(Louvain clustering) 
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(b)Part 2: Louvain clusteringaveragesentiment. 

 
 
(a)Part 1: Louvain clusteringaveragesentiment. 

 
Figure4.6: Averagesentiment per topicusingLouvain clustering. 
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(a)Sentiment Label. 

 
 
 

Visual Insights: 
 
 
 

4.2.2 Bar Ch a r t (Average Senti ment per Topic) 
 

Thechart clearly illustratesthedominanceof positivesentiment acrosstopics, withonly asmall  

number of topics showing neutral or negative scores. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure4.8: AverageSentiment per Topic (Louvain) 
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4.2.3 Topic Graph wi th Senti ment Col ori ng 
 

This network visualization displays topics as nodes sized by post count and colored by senti-

ment polarity. Green nodes represent positive topics, orange denotes neutral, and red indi-

catesnegativesentiment. Many nodesaregreen, confirming thegenerally positivetoneof the 

discussions. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.9: topicgraph Louvain 

 
 

Conclusion 
 

The Louvain-based sentiment analysis corroborates the findings from BERTopic, confirming 

that TikTokôs beauty-related content is largely positive in tone. Positive expressions around 

self-image, creativity, andpeer engagement dominatethediscourse, whileneutral andnegative 

sentiments are both contextually limited and statistically infrequent. 
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