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Abstract

In recent years, TikTok hasemerged asacentral hub for beauty content, with millions of users
creating and consuming videosrelated to skincare, makeup, and personal care. Thisthesisinves-
tigatesthe thematic and emotional landscape of beauty-related Tik Tok poststhrough Natural
Language Processng (NLP) techniques, particularly Topic Modeling and Sentiment Anaysis.
Using a dataset of over 4,000 TikTok posts and comments coll ected via keyword and hashtag
queries, we applied two complementary topic modeling algorithmsd BERTopic and Louvain
clusteringd to extract dominant and nuanced themes. Sentiment analysis using VADER fur-
ther revealed usersbemotiona responses to these topics. The findings demonstrate that dis-
cusgons cluster around macro-areas such as skincare routines, makeup tutorials, emotiona
trends,and personal narratives. The methodology combinesquantitative rigor with qualitative
interpretation,offering a comprehensive lens on how beauty is constructed and perceived on
digital platforms. Theseinsights can aid marketers, content creators, and researchersin under-

standing audience preferences and emotional engagement within the beauty community on
TikTok.

TikTOK
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| ntroduction

Socia networks have revolutionized the way individuals expressidentity, con-sume informa-
tion, and interact with trends. Among these platforms, TikTok hasemerged as one of the most
influential, particularly among younger demo-graphics such as Gen Z and Millennials. Char-
acterized by its short-form videocontent, algorithm-driven personalization, and viral potential,
TikTok hasbecomeadynamic spacefor creative expresson acrossarange of domainsincluding
mu-sic, fashion, lifestyle, and notably, beauty. Within this ecosystem, beauty-related content
holdsacentral position. Skincare routines, makeup tutorials, productreviews, and transforma-
tive get ready with me videos are not only popular but are aso crucial drivers of community
interaction and content virality. Thiskindof content is often interwoven with broader themes
such as self-care, well nessconfidence, humor, and identity exploration, making it arich sub-
ject for compu- tational analysis. The objective of this thesisis to explore and uncover the
latent thematic and emotiona structures embedded within beauty-focused TikTok posts and
their corresponding user comments. To do so, thisresearch employsacombi-nation of Natural
Language Processng (N L P) techniquespecificaly Topic Model-ing and Sentiment Analysisto
interpret user generated content at scale.
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To analyze the vast amount of unstructured text data (captions and comments), two un-
supervised topic modeling techniques were utilized:

A BERTopic: A transformer-based method that combines pre-trained language models
with clustering agorithms to uncover semantically coherent and context-aware topics.
Thismethod is well-suited for identifying subtle differences in language use and detect-
ing emerging micro-trendsin user discourse.

A Louvain Clustering: A graph-based agorithm 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 Analysiswas conducted using VADER (Valence Aware Dictionary
and SENTIMENT Reasoner) alexicon-based model optimized for social media text. This
tool classfiestheemotional toneof textua content into three primary categories. Positive,

,or Negative.

1.2

The motivation behind thiswork stemsfrom the growing cultural and economicimpact of so-
cia mediabeauty trends. Influencer marketing, brand identity, and consumer behavior arein-
creasingly shaped by viral content on platformslike TikTok. Understanding what topics dom-
inate beauty discoursed and how users emotionally engage with themd can provide meaning-
ful insights for stakeholdersin marketing, trend forecasting, and digital sociology.

Moreover, from atechnical perspective, TikTok offersaunique chalenge: user postsare short,
often informal, and rich in visual, emotiond, and cultura cues. This makes traditional text
analysisinsuficient. By leveraging advanced NL P and machinelearning techniques, thisstudy
addresss these chall enges to extract structured meaning from highly unstructured data.



1.3

Thisthesisisguided by the following central research questions:

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

2. How do usersemotionaly respond to these topics through commentsand

engagement?

3. Canahybrid topic modeling approach provide amore nuanced and

multi-scale understanding of TikTok discourse?

To addressthese questions, adataset of over 4,000 TikTok entries(including origina posts
and user comments) was collected and procesed. The outcomes of this analysis offer a dual
perspective: semanticinsight into the structure of beauty content and emotional insight into
the user response landscape.






Dataset Overview and Preprocessng

This study focuses on analyzing TikTok posts related to beauty, such as skincare routines,
makeup tutorials, and viral beauty trends. The dataset includes two primary types of user
generated content:

A Original TikTok captions, representing the creator s@ontent

A User comments, reflecting viewer engagement and sentiment

Thesewere coll ected using acurated list of beauty-specific hashtagsand keywords, selected
to ensure thematic relevance and coverage of abroad spectrum of beauty topics.

2.1 Hashtagand Keyword Filter 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.



211 #HHashtags

#makeup #skincare #beautytips #haircare
#makeuproutine #glowup #selfcare #facemask
#cleanbeauty #acne #skincareroutine #yp
#tiktokbeauty #getreadywithme #beautyproducts #makeuphacks
#skincarehacks #naturalbeauty #beautyroutine

Table 2.1: Hashtags Used for Filtering Beaueé Related Tiklok Cattent

212 -KEYWORDS

foundation | lipstick | eyeliner | serum

moisturizer | toner | cleanser | concealer

facewash | beauty | routine skin

blackhead | glow lashes cream

hydrating oily dry natural

Table 2.2: Keywords Used for Fitering Beaue Related Tikiok Gontent

2.2 Dataset Summary

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

* Totd entries; 4,453
W Original TikTok posts: 1,437
W User comments; 2,640

This combination of post-level and comment-level data alows for a more holistic analysis,
capturing both the content producersbthemes and the audience® emotional responses.

6



2.3

To preparethedataset for Topic Modeling and Sentiment Analysis, amulti-step text preprocess
ing pipeline wasimplemented using Natural Language Processng (NLP) tools. Thisensured
dataquality and consistency acrossall entries.

The preprocessng steps were as follows.

1

2.4

Deduplication and Filtering:
0 Repeated and invalid entries were removed.

Text Cleaning:
0 Emojis, punctuation marks, URLS, and other special characters were eliminated.

Tokenization and Lemmatization:
0 Raw text was tokenized and then converted into lemmea-based tokens using SpaCy, a
Python-based NLP library. All text was|owercased to maintain uniformity.

Stopword Removal:
o Common non-informative words such as fithe,0 fiand,0 and fii SO were removed.

Dual Representation Creation
0 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 clustering, agraph-based community detection ap-
proach.

After preprocessng, atota of 1,401 high-quality documentswerefinaized. Thesewere
used asinputs for both semantic topic extraction and graph-based clustering.

To build the dataset, we used the EnsembleData API to collect TikTok content related to
beauty topicsthrough two targeted strategies:

0 Hashtag-based Search: e.g., #makeup, #skincare , #beautytips
o Keyword-based search: (e.g., Obeautyo, asking, ofoundationo, dlipsticko )

7



Weimplemented two independent scraping loops for hashtags and keywords to maximize con-
tent diversity and relevance. These loops were executed separately to ensure comprehensive
coverage of beauty-related content.

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

A Keyword searcheswere performed using the client.tiktok .keywor d-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 creatorsdmessges and usersbemo-
tional reactions.

24.1 DataCollection Pipeline:

# Hashta g Search Y EnsembleData APl Y Retrieved Posts
~Keyword Search Y EnsembleData APl Y Retrieved Posts
“® Fetch Comments Y post-comments() Y Retrieved Comments

After cleaning, thefinal dataset included:

A1,437origina posts (based onid)
A2,640comments (based on cid)
A4,453totd entries acrossboth types

This strategy ensured that the dataset covered a wide spectrum of beauty-related discussons
from both content creators and audiences, setting a solid foundation for downstream NLP
and topic modeling.

2.5
Foll owing the API search procedures, the compiled dataset includes:
A1,437original TikTok posts, retrieved through hashtag and keyword-based searches.

8



A2,640 comments, coll ected by fetching associated commentsfor each post using their urique
post I1Ds.

Thisresultsinatota of 4,453entries, combining both postsand comments.
A small portion of the dataset ( 1.4 %, approximately 35 entries) does not contain vaid
post (id) or comment (cid) identifiers. These anomalies were likely caused by incomplete API
responses or structura inconsistenciesin the data and were excluded from downstream topic
modeling and sentiment analysis.

Data Source Count

Hashtag/Keyword Posts 1,437
Comments 2,640
Total Dataset Size { 4,453

import pandas as pd
df = pd.read csv("final_cleaned_data_fixed.csv")

# Count comments (rows that have a 'cid")
num_comments = df['cid'].notna().sum()

# Count original TikTok posts (rows that have an 'id")
num_posts = df['id'].notna().sum()

# Count total rows
total = len(df)

pr‘int(w“'" Posts from hashtags/ s: {num_posts}")
print(f" # Comm {num_comments}")
print(f"[@ Total entries: {total}")

S5y Posts from hashtags/keywords: 1437
® Comments: 2640
M Total entries: 4453

Figure 2.1: Total Ertries

This structured dataset provides a rich foundation for analyzing the thematic trends and
user sentiments surrounding beauty-related content on TikTok. The distribution of the
dataset issummarized asfollows:

& Posts from hashtags/keywords; 1,437



“® Comments: 2,640
11l Total entries: 4,453

2.6

Each datapointinthedatasetd whether it originatesfromaTikTok post or auser commentd
includessevera structured and unstructured componentsesentia for anadysis. Theseelements
provide the basisfor both semantic interpretation and network-based modeling.

A Text Content:

Thisrefersto the user-generated captionsin posts or the content of comments. Thelan-
guageistypicaly informal, concise, and conversationd, reflecting the casua and creative
communication style common on social media platformslike TikTok. This makes the
text rich in expresgve cues but also challenging due to slang, emajis, and abbreviations.

A Timestamp and Metadata:

Every entry includesthedateand timewhen the content was published, all owing for tem-
pora analysis of trends or sentiment shifts. Additionaly, TikTok-specific metadatad
such as aweme-id for posts or other unique identifiersd provides esential context for
linking posts with their associated comments and for tracking content sources.

A Uniqueldentifiers

To ensure traceability and structure, each entry containsadistinct identifier: id for orig-
ina postsand cid for user comments. Theseidentifiersare critical for differentiating be-
tween content typesand maintaining accuraterel ationa mappingsduring preprocessng
and modeling phases.

A Embedded Hashtags or Keywords:

Many data entries naturally include relevant hashtags (e.g., #makeup, #skincare ) or
keyword mentions (e.g.,fibeautyo, fiskind ,)which overlap with the terms used during
data collection. These embedded terms reinforce thematic categorization and can en-
hance feature representation during topic modeling.

A Tokenized and Cleaned Text Versions;

For modeling purposes, each entry was preprocessed into structured text formats. This
includescleaned, lowercased, tokenized, and lemmatized versionsof theorigina content.

10



Two separate text formats were generated: one optimized for BERTopic (semantic em-
beddings) and another for L ouvain clustering (token-based graph construction). These
representations ensure that each modeling technique receives datain aformat that max-
imizesitsanalytical effectiveness

Thisdiverseand well -structured dataset formsasolid foundation for downstream Natur al

Language Processng (NL P) tasks such as topic modeling and sentiment analysis, enabling
amultifaceted exploration of beauty-related discourse on TikTok.

2.7

To prepare the dataset for effective topic modeling and sentiment analysis, a comprehensive,
multi-step text preprocessng pipelinewasapplied. Thisensured theinput datawas clean, con-
sistent, and suitable for different downstream Natural Language Processng (NLP) methods.
The preprocesang procedure included the following stages:

A Duplicate Removal: Repeated TikTok posts and comments were identified and elim-
inated. Entries with empty or null text values were aso removed to maintain datain-

tegrity.

A Text Normalization: All text was converted to |owercase to ensure case-insensitive pro-
cesdng. Thisstep avoidstreating wordslike oM akeupoand Omakeupo as separate tokens.

A 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-
guisticaly meaningful components of the text.

A Tokenization : Each text entry was split into individual word tokens using a standard
tokenizer. Thisenabled further anadysisat theword level.

A Lemmatization : Using the SpaCy library, tokenswerereduced to their root forms. For
example, orunningo, orunso, and orano were all lemmatized to oruno, enabling more
accurate grouping in topic modeling.

A Part-of-Speech (POS) Filtering : Only tokens tagged as nours, verbs, adjectives, or ad-
verbswereretained. These parts of speech are the most semanticaly rich and contribute
significantly to topic discovery.

A Stopword Removal : Common stopwordssuch asfithe, fiisd, and fianddwere removed,
asthey do not carry significant thematic meaning and can dilute topic relevance.

11



For the purpose of downstream modeling, two versions of the cleaned text werecre-
ated:

A RBERTOopic Input: Thisversion retained full lemmatized text, filtered by POS tags. It
was optimized for transformer-based topic modeling using BERTopic, which relies on
rich semantic context.

A ALouvain Clustering Input: This version consisted of simplified token lists, which
are suitable for constructing co occurrence networks for graph-based clustering using
LouvainG agorithm.

Thefinal procesed datasetsweresaved as CSV filesfor reproducibility and eficient |oading
during analysis. A sample of the cleaned datad displayed in the interface (see screenshot)d
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 datase

12



Topic Modeling: Understanding What Users
Tak About

To uncover the corethemesembedded within beauty-related Tik Tok content, weapplied unsu-
pervised topic modeling techniquesto the textual data coll ected from original post captions.
Thisstep aimsto reveal the underlying structure of the conversationstaking placein the beauty
community on TikTok.

Topic modeing isamachinelearning technique that identifies hidden (latent) topicsin acol-
lection of texts by detecting recurring word patterns. It groups documentsinto semantically
coherent clusters based on word usage, making it possble to discover centra 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 isinformal, diverse, and constantly evolving. By applying
topic modeling to this dataset, we am to gain insights into the structure and focus of beauty
related discussons acrossthe platform.

13



Specifically, the topic modeling processwas used to explore:

A The most frequently discussed subjectswithin the TikTok beauty niche
A How usersframe their conversations around skincare, makeup, trends, and techniques

A Thediversity and concentration of discourse acrossbroad and niche beauty topics

To achieve this, we employed a hybrid topic modeling strategy, combining two dis-
tinct methods:

A BERTopic: A transformer-based approach that leverages contextua embeddings and
clustering to extract fine-grained, semantically meaningful topics.

A Louvain Clustering: A graph-based community detection agorithm 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

To extract meaningful patternsand uncover latent topics within the dataset, we imple-
mented two complementary unsupervised topic modeling techniques:

A Louvain Clustering
A BERTopic
Each of these methods approaches topic modeling from a different perspective, and to-

gether, they provide arobust framework for understanding both broad thematic categories
and fine-grained subtopicsinthe TikTok beauty discourse.

14



3.11 Louvain Clustering:

Louvain Clusteringisagraph-based communitydetection algorithm. It beginsby construct-
ing a co-occurrence graph of tokenized words, where nodes represent individua words and
edges reflect their frequency of co-occurrence within documents. The algorithm then detects
communities (clusters) by maximizing modularity measure of the density of linksinsideacom-
munity compared to links between communities.

Thisapproachis particularly effectivefor capturing dominant, high-level themes, asit groups
terms that frequently appear together acrossdifferent posts. The resulting clusters provide a
macro-view of the content, highlighting overarching topic categories such as skincare, makeup
routines, or beauty hacks.

3.1.2 Bertopic:

BERTopic (Bidirectional Encoder Representations from Transformers for Topic Modeling)
takes amore contextual and semantic approach. It uses transformer-based language mod-
els(e.g.,.BERT) to create dense embeddings of each document. These embeddingscapturethe
semantic relationshi ps between words and sentences.

BERTopic then applies density-based clustering agorithms, such as HDBSCAN, to group
similar documents together based on their embeddings. The topics are further refined using
classbased TF-IDF (c-TF-I1DF), 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 conversationsd such as the popularity of specific ingredients (e.g.,
hyaluronic acid), seasona makeup styles, or viral product reviews.

By applying these two techniques in parallel, we achieved a multi-scale understanding of the
topicstructurein our dataset. Louvain Clustering offered amacro-level perspective, surfacing
dominant and broad themes across the corpus, while BERTopic provided micro-level insights,
capturing subtle variations and contextual richnesswithin user discussons.

Together, thisdua approach alowsfor alayered and holistic comprehension of how beauty
related content is framed, consumed, and discussed on TikTokd from general product cate-

15



gories and skincare advice to niche aesthetics and short-lived vira trends.

3.2

Using the Louvain graph-based clustering 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.

Theresulting clustersrevealed notable variation in size, reflecting the uneven distri-
bution of discoursethemesacrossthe dataset::

A Thelargest topicincluded 228 posts, representing dominant and frequently discussed
themes.

A Several other clusters contained over 100 documents, capturing secondary but signifi-
cant beauty-related discussons.

A In contrast, along tale of smaller clusterswas observed, with some topics containing
asfewas1to 3 posts.

Thisskewed distribution 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 pattern matrix (Figure 3.1, right) further demonstrates the sparse connec-
tivity between smaller clusters, indicating ahigh degree of fragmentation among niche topics.

These patterns suggest that Louvain clustering was successul in identifying broad, high-
level themes, but wasalso sensitiveto sparsity in user-generated content, resulting in many
micro clusterswith limited coverage. Thisfragmentationistypica when applying graph-based
methodsto highly diverse social media datasets.

A completesummary of theLouvain clustering resultsd including topicidentifiers, document
frequencies, and representative keywordsd was 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 analysisand visuaization.
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321 Mainoutputsfromthelouvainclusteringinclude:

A 25distinct topicsidentified

A Top keywordsextracted per topic (e.g., fiskincare,0 fimakeuphack, 0 fifyp,0 figlowupd )

A Visualization of topic size distribution and cluster sparsity

A Clear differentiation between dominant themes (e.g., skincare routines) and niche
topics (e.g., specific product mentions or minor trends)

Together, theseresultsvaidate Louvain clustering asaval uabletool 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.

clusters dimensions

®
0.150 1 ®

clusters patterns

0.125 -
0.100 1 &
0.0754 @

0.050 - %
%o0e

0.025 A

0.000 - BRI

Figure 3.1: Digtribution of Pogt Counts Aaoss Louvaiy Deteded Topics
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5% W Full Louvain Topic Modeling Summary:

Topic Posts Top Keywords

228 skincare, skincareroutine, skin, ad, routine, product, asmr, beauty, fyp, koreanskincare

1 makeuphack, makeup, makeuptutorial, beauly, hack, beautyhack, makeuptip, makeupartist, makeuptransformation, makeupirend
fyp, viral, trend, foryoupage, tikiok, foryou, makeup, funny, capcut, late
skincare, nightroutine, selflove, aesthetic, girlything, routine, care, fyp, moming, night
haircare, hair, hairtutorial, haircareroutine, hairtok, fyp, beauty, hairgrowth, hairstyle, relatable
glow, facemask, fyp, transformation, girl, mask, face, weightlosstransformation, viral, tip
getreadywithme, grwm, day, ready, fyp, school, makeup, influencer, foryoupage, skincare
naturalbeauty, fyp, beauty, natural, foryoupage, beautiful, grow, nature, paratii, tiktokviral
viral, fiktokbeauty, view, fyp, satisfyingvideo, relax, foryoupage, ariwithspraypaint, tiktokcreativity, foryou
acne, skincare, pimple, trust, acnetreatment, good, acnefighter, acneproneskin, process, acneskin
hygiene, bodycare, cosmetic, foryoupage, hygieneproduct, fyp, fypage, game, beautyproduct, beauty
look, way, boyfriend, skincarehack, exfoliate, wish, skincare, result, foryoupage, fyp
cleanbeauty, perfect, clean, beauty, new, skincare, sort, lipproduct, mold, makeup
video, glowuptip, info, belleza, viral, trick, woman, model, mese, beauty
fyp, comment, believe, film, hate, cat, bridalmakeup, catsoftikiok, recommendation, een
know, beautyroutine, maintenance, routine, let, fyp, high, makeup, low, guy
transition, makeup, ukmakeup, m, baddie, pretty, girl, fyp, nailinspo, crazy
tutorial, unrecognizable, beauty, makeup, want, day, flawless, Imk, resultado, awhile
restock, beautyfind, beautyproduct, undereyepowder, time, ad, powder, thing
actriz, storytime, pero
redlight, healthy, glowyskincare, skin, glassy
rice
gold
impact

1 rating

B saved to 'louvain_topic_summary full.csv’

Figure 3.2: Louvain topic modeing

3.3 BERTOpic Results

To complement the broader thematic structurerevealed through L ouvain clustering, thisstudy
employed BERTopic, a cutting-edge topic modeling framework that integrates transfor mer
based embeddingswith density-based clustering (HDBSCAN). BERTopicisparticularly ef-
fective for identifying semanticaly coherent patternsin informal, user-generated texts such
asthose found on TikTok.
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331 Keyobservationsinclude:

A Topic distribution: BERTopic produced a relatively balanced distribution of entries
acrosstopics. The largest cluster, Topic -1, contains 846 outlier entries representing
NOIiSy Or very generic content.

A Dominant topics: Topicswith the highest countsinclude core themessuch as skincare
routines, makeup tutorials, and product reviews.

A Topicgranularity: Themodel capturesdetailed subtopicsranging from specific beauty
products to seasonal trends and user experiences.

A Interpretability: Each topic is characterized by representative keywords and example
posts, offering clear insightsinto user discussons.

3.3.2 Summary of BERTopic outputs:

A Total topics discovered: 41+ 1 outlier cluster
A Largest cluster size: 846entries (outlier)
A Rich semantic themes ranging from skincare and makeup to lifestyle and trends

A Enables deep understanding of TikTok beauty discourse at both macro and microlevels

3.4

Theresulting topic structure revealed abalanced distribution of entries, avoiding over domi-
nanceby any singlecluster. Thelargest group, Topic-1, contained 846 entriesand represented
ambiguous or semantically sparse contentd including postswith generic expressons, emo-
jis, or irrelevant tokens that did not fit into any well-formed semantic theme.
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3 Topic Name Representation Representative Docs [

-1 -1_skincare_beauty skin_routine [skincare, beauty, skin, routine, fyp, product . [reply face cosmetic product fry guy k for.. u
0 0_makeup_skincare_hair_skin [makeup, skincare, hair, skin, acne, haircare, [reply detailed skincare routine night worth c_
1_maguilaje_latina_ai_este [maquillaje, latina, ai, este, pour, die, ale, [aplicar brocha muy grande Solo difuminar much..
2_spraypaintart_viral_tikiok_ariwithspraypai [spraypaintart, viral, tikiok, artwithspray) [foryoupage foryou fyp viral viralvideo tikiok ..
3_comment_think_watch_stay [comment, think, watch, stay, hale, cool, fime... [comment stay cleaniok, comment siay cleantok,...
4_nan_makerup_ci_ [nan, makerup, di, ,,, ... [nan, nan, nan]
5_look_outer_bank_cameron [look, outer, bank, cameron, alfaro, ava, dakd... [look u, look, look]
6_eye_evil_hood_start [eye, evil, hood, start, eyelid, green, wea, ... [eye, eye, evi eye]
7_lip_combo_iller_glitter [lip, combo, filler, glitter, ipcombo, tell, _ [iip combo, lip combo, lip combo]
8_video_model_song_artist [video, model, song, arfist, marry, baby, reme... [video, video, video]
9_girl_type_pretly_forbid [airl, type, pretiy, forbid, app, resume, this... Lgirl, girl, girl]
10_geireadywithme_grwm_ready_grwmroutine [geireadywithme, grwm, ready, grwmroutine, cou.. [ready course makeup grwm makeuptuiorial getre.
11_tutorial_tag_com_need [tutorial, tag, com, need, fuhad, daymakeup, b... [tutorial, tuforial, tutorial]
12_glow_glowdown_fip_cheekbone [glow, glowdown, cheekbone, guide, drink, . [capcut_edit girl glow, skin glow, glow]
13_treanding_forupage_algerian_culture [treanding, forupage, algerian, culture, popul_ [, SFSTESRE STWd W3a foryou forupage freand.
14_polishhi11_fup_recommendationsplease_beauly. [polishhh11, fup, recommendationsplease, beaut.. [uTo lymaeTe npobnesHankosa beautyroutine, cob.
15_beautiful_gorgeous_stunning_pretty [beautiful, gorgeous, stunning, pretty, thank, [beautiful, beautiful, Stunning gorgeous beaut.
16_shed moming wake sleep  [shed, moming, wake, sleep, week, asleep, shr. [moming shed routine shed makeup sleep previo.
17_product_multiple_board_eflectiveness [product, mulfiple, board, effecliveness, atle.. [product, product, produci]
18_buy_product_price._shame [buy, product, price, shame, Ship, expiry, [buy, buy, buy]
19 want need com dose [want, need, com, dose, cabelo, safro, heyaugu.. [want, want, want need]
20 lash_bare_half_wear [iash, bare, half, wear, beautiful, independen... [iash, lash, kash]
21_premium_iikiok_artis_cube [premium, fikiok, arfis, cube, feeling, al, co.. [ikiok premium, tikiok premium, fikiok premium]
22_brush_mermaid_big_talk [brush, memmaid, big, talk, tallin, fish, poin... [brush, brush, brush]
23_swim_date_flip_water [swim, date, flip, waler, fall, infire, loser,... [swim daie cause, girl swim date, know swim da...
24_love_eid_youuuuu_surreal [love, eid, youuuuu, surreal, creative, soul, . [love, love, love]
25_child_mary_whitewash_marriage [child, mary, whitewash, marriage, tradition, . [guy know child bride search wrong man child b..
26_powder_set_glass_puft [powder, set, glass, puft, use, trigwell, conc. [set powder glass, set powder glass, powder us.
27 trend_dance speak late [trend, dance, speak, late, edit, die, commerc.. [topic force religion die sin love defeat .

28_school_insane_eal_middle [school, insane, eat, middle, impress, brifish. [school, school, school]

Figure 3.3: Topic Summay Table geneated by BERIopic
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9 _girl_type_pretty forbid [girl, iype, pretiy, forbid, app, resume, this. [oirl, g, girl]
10_getreadywithme_grwm_ready_grwmroutine  [getreadywithme, grwm, ready, grwmroutine, cou... [ready course makeup grwm makeupiutorial getre..
11_tutorial tag com need  [tutorial, tag, com, need, funad, daymakeup, b._. [tutorial, tutorial, tutorial]
12_glow_glowdown_tip_cheekbone  [glow, glowdown, tip, cheekbone, quide, drink, . [capcut_edit girl glow, skin glow, glow]
13_treanding_forupage_algerian_culiure [treanding, forupage, algerian, culture, popul... [, SFTPTHORR STRd WA foryou forupage freand..
14_polishhh 11_fup_recommendationsplease_beauty.. [polishhih11, fup, recommendationsplease, beaut . [uTo aymaeTe npodnemuankoxa beautyroutine, coG..
15_beautiful_gorgeous_stunning_pretty [beautiful, gorgeous, stunning, pretiy, thank.... [beautiful, beautiful, stunning gorgeous beaut.
16_shed_moming_wake_sleep  [shed, moming, wake, sleep, week, asleep, shr... [moming shed routine shed makeup sleep previo.
17_produci_muiliple_board_effecliveness [product, mufliple, board, effeciiveness, atle... [product, product, produci]
18_buy_product_price_shame [buy, product, price, shame, ship, expiry, int... [buy, buy, buy]
19_want_need com_dose [want, need, com, dose, cabelo, Safro, heyaugu.. [want, want, want need]
20 bare_half_wear [tash, bare, half, wear, beautiful, independen... [lash, lash, lash]
21_premium_tikiok_arlis_cube [premium, fikiok, arfis, cube, feeling, at, co... [ikiok premium, tikiok premium, fikiok premium]
22_brush_mermaid_big_talk [brush, memmaid, big, talk, talkin, fish, poin... [brush, brush, brush]
23 _swim_daie_flip_water [swim, date, flip, water, fall, iniire, loser, [swim daie cause, girl swim dale, know swim da.
24_love._eid_youuuuu_surreal [love, eid, youuuuu, sureal, creative, soul, . love, love, love]
25_child_mamy_whitewash_mamiage [child, marry, whitewash, marriage, tradition, ... [guy know child bride search wrong man child b.
26_powder_set_gla: [powder, set, glass, puff, use, frigwell, conc... [set powder glass, set powder glass, powder us.
27_trend_dance_speak_lale [trend, dance, speak, late, edil, die, commerc... [topic force religion die die sin love defeat .
28 school_insane_eat_middle [school, insane, eat, middle, impress, british.. [school, school, school]
29_woman_drive_man_blame [woman, drive, man, blame, loyalty, gender, lo... [woman look beautiful, woman, woman]
30_base_perfect_room_smooth [base, perfect, room, smooth, caca, spojenie, ... [base base makeupiutorial, perfect base, base]
3 _result_pin_spil_plsss [result, pin, spil, pisss, answer, resuitado, ... [result, resull, resuif]
32_find_search_locate_location ffind, search, locate, location, exist, rank, _. [find, find, find life]
33_break_cut_erin_matiress [break, cut, erin, matiress, phone, lear, pain... [break, break, break]

3, word_use_logic [man, word, use, logic, enemy, job, applicatio... [man word, man word, man use]

35_jimx_tiktokviral_asmr_ [bin, tiktokviral, asmr, ., ., .] [ T AU A A, asmr erlnuanas ailaan, nhilowazmnnn.

36_weightlossiransformation_gym_fransformation...  [weightiosstransformation, gym, transformation... Ivear gym aid big glow gym gymmeotivation gymir.
37_natural_normal_personality_naturalzinha [natural, normal, personality, naturalzinha, s.. [natural, natural look, look natural]
38_spray_set_swear_lame [spray, set, swear, lame, alcohol, thag, helen... [hate spray, sef spray beautyproduct, set spray]

39_dream_nightmare_achieve_dreaminggg  [dream, nightmare, achieve, dreaminggg, build, . [dream, dream, dream nightmare]

Figure 3.4: Topic Summay Table geneaated by BERIopic

34.1 Thelntertopic Distance Map

Thisvisualization 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, fitnessroutines, narrative content). The distinct spatia sep-
aration of clusters indicates strong thematic independence and suggests a well-structured
topic topology.

Amongthe4lnon-outlier topics, several clustersaligned clearly with corebeauty themes,
including:

A Skincareroutines
A Makeup tutorialsand hacks
A Product reviews

A Glow-up transformations
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A Fitnessand self-improvement narr atives

Thetopic granularity observed was notably fine: clusters captured micro-trends such as
specific product mentions, seasonal routines, or emotiona tones (e.g., self-esteem, glow-ups,
body image), reinforcing BERTopicé contextual strength.

Overall, themap demonstratesthat thebeauty discourseon Tik Tok issemanticall y well -structured
andrichly varied, making it highly suitable for downstream analyses such astrend tracking and
sentiment interpretation.

Intertopic Distance Map
D2

@

D1

i@

Topic 39

Topic 0 Topic 5 Topic 10 Topic 15 Topic 20 Topic 25 Topic 30 Topic 35

Figure 3.5: Intertopic Ditance Map from BERIopic, illugrating the sepagtion and grouping of topicsinto five digind maa2 mdas.
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35 SemanticValidattonandVisualization

Tovalidatethestructureandinterpretability of thetopics, severa analytical visualizationswere
employed:

351 TheSimilarity Matrix Heatmap

This matrix captures semantic overlap between topic vectors. The strong diagonal indicates
highinternal cohesionwithineachtopic, whilethelow off-diagonal values confirm meaningful
separation. Only afew topic pairs show moderate overlap (e.g., skincare vs. product reviews),
highlighting thematic closenessin 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 effectivenessof 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 aress.
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Similarity Matrix
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Figure 3.6: Smilarity Matrix

3.5.2 Document-to-Topic Scatter Plot

This2D projectionmapsall documentsaccording to their assgnedtopic clusters. Most clusters
appear compact and well -separated, suggesting high semantic precision in the model& group-
ing. Instances of partial overlap between clusters (e.g., gym content and body transformation
posts) reflect the natura thematic blending common in user-generated content.

Overadll this plot reinforces the granular, well-defined partitioning achieved by BERTopic in
modeling diverse themeswithinthe TikTok beauty dataset, highlighting itsstrength in captur-
ing nuanced user discourse.
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Documents and Topics
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Figure 3.7: Documetts plotted aaoording to their topic afiliation, highighting bath topic coheeence and clea sepastion.
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Figure 3.8: Documetts plotted aacording to their topic &filiation, highlghting bath topic coheence and clea sepastion.
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353 TopicWordScoreCharts

Thesebar plotsvisualize the top-ranked keywordswithin each topic. Therelativeword weights
provide immediate insight into the dominant language and expressons defining each cluster.
For instance, termslike fimakeup,ofiskincare,0 firoutine,0 and figlowo dominate Topics 0 and
12, while Topics 22 and 36 capture niche discussons such as fibrush,o fitail 0 or figym trans-
formation.o

354 Analyticallnsights:

Theoutput from BERTopic provides not only thematic segmentation but
alsoinsightintodiscoursediversity acrossTikTok&sbeauty-
related con-tent. Key takeawaysinclude:

AMacro-Micro Structure: The visua and statistical outputs reflect both macro cate-

gories(e.g., skincarevs. makeup) and micro variations (e.g., eyeliner hacksvs. ingredient
preferences).

A Interpretability: Theuseof representativekeywordsand samplepostsenablessemantic
transparency, making each topic readily interpretable without additional |abeling.

A Balanced Topic Density: In contrast to Louvaind skewed distribution, BERTopic en-
sures semantic diversity with amore equitable spread of entries acrossclusters.

Additionally, astructured summary of thetopic model outputd containingtopic|D, doc-
ument count, top keywords, and sample representationsd was preserved for reproducibility
and subsequent analyses (e.g., bertopic-topic-summary.csv).

[B Conclusion

Overall, BERTopic substantially enriched the analysis by revealing deeply contextual, human
centric themeswithin the TikTok beauty dataset. Its ability to capture nuanced language pat-
terns, distinguish overlapping concepts, and provide structured visua insight afirms its suit-
ability for anayzing informal, short-form content at scale. Inthisresearch, BERTopic not 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.

Topic Word Scores
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Figure 3.9: Top Keyword Scores for Eath BERTopic Cluger
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36 Macro-TopicGroupingand ComparativeAnal-
ySIS

To distill the complex and multidimensiona discourse embedded within beauty-related Tik-
Tok content, we conducted a synthesis of the results obtained from both BERTopic and L ou-
vain clustering. Whilethesemethodsdiffer algorithmicallyd BERTopicemploying transformer-
based semantic embedd ngsand L ouvain relying on network-based modularity optimizationd
they each generated coherent topic groupings that reflected distinct aspects of user-generated
text.

However, interpreting 64 isolated topic clusters (39 from BERTopic, 25from Louvain) iniso-
lation can hinder clarity and narrative synthesis.

To addressthis, we employed amulti-stage thematic consolidation processto 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 aidsincluding:

A Intertopic distance visualizations (BERTopic)

A Topic similarity matrices

A Keyword frequency and salience metrics (e.g., ¢-TF-1DF scores)
A Manual qualitative coding of representative posts

Thishybridframework enabled amore comprehensive andinterpretablelensthroughwhich
to view thelatent structure of beauty-related discourse on TikTok.

36.1 Macro-Topic 1. Skincare Routinesand Product Use

This macro-category consolidates clusters emphasizing skincare practices, product recommen-
dations, daily regimens, and dermatological advice. Dominant terms include skincare, rou-
tine, glow, glassskin, and product. Posts often assume an informationa toned educating
foll owers, reviewing brand performance, or showcasing personal care transformations.
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3.6.2 Macro-Topic 2 Makeup Tutorials and Beauty Hacks:

Encompasgngawidearray of application techniques, product demonstrations, andvira beauty
transformations, this category highlights content typified by makeup hacks, lip combos, foun
dation tips, and visua transitions. These postsemphasize creativity, instruction, and viralityd
often driven by peer-to-peer learning and socia engagement.

3.6.3 Macro-Topic3: Emotional Expresson and Aesthetic Trends:

Thiscategory isanchoredin affectiveand stylistic dimensions. 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 postsd integral to TikToké agorithmic culture.

364 Macro-Topic4: Body Featuresand Visual Enhancements:

This group brings together discourse on physical appearance and aesthetic modifications. It
includes references to eyes, jawlineg, lip shape, and facial scul pting, aswell asbody image trends
like fitnessroutines, weight transformation, and symmetry filters. These clusters highlight as-
pirationa beauty normsand the platfor nsi®lein shaping them.

36,5 Macro-Topic 5. Personal Narr atives and Real-Life Ex-
peri ences:

This cluster asembles content rooted in lived experienced often narrative-driven, reflective,
and socialy grounded. Themesinclude cultura identity, relationships, childhood memories,
and mgor life events (e.g., weddings, breakups). These posts transcend aesthetics to explore
beauty as they intersect with self-expresson, memory, and socia identity.
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Description

Macro-Topic BERTopic Topics

1. Skincare Routines and Products Topics: 0, 1, 12, 15, 16,
20,21, 36, 38

2. Makeup Tutorials and Beauty [ Topics: 2, 4.5, 6. 10, 11,

Hacks 14,18, 19, 22, 26

3. Emotional Expression and Trends [ Topics: 3. 8,9, 13, 27,
28, 30, 31, 33, 39
4. Body Features and Enhancements Topics: 7, 17, 23, 29, 34

35,37

5. Personal Stories and Life F_xperieﬁ. Topics 24, 25, 32

Topics: 0. 1.6,7,8, 20

Topics: 2, 3. 5. 10, 11, 16

Topics: 4,9, 13, 14, 15

3 Topics: 17, 18, 22, 24

Topics: 12, 19, 21, 23

Skincare advice, product mentions, routine steps, beauty

brands, and related content
Product application, tutorials, makeup hacks, eyellner.‘llp?
combos, brushes, and transformation

tips

Humor, emotional tone, reactions, identity,
aesthetic commentary, viral trends

Lip gloss, body, eyes, visual style, lenses, posture,

gym bodies, personal aesthetic preferences

Real life journeys, storytelling, social commentary,

relationships, and TikTok reflections

Figure 3.12: Maaoriopics
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36.6 Analytical Methodology and Justific ation:

Toderivethesefivemacro-categories, weadopted astructured and rigorousanalytic work-
flow:

1. Topical Keyword Extraction Using model-specific interna weighting metrics (e.g., ¢-TF-
IDF in BERTopic), we extracted salient keywords that define the semantic boundaries of each
cluster.

2. Semantic Proximity Assesament Visua toolsd such asintertopic distance maps and cosine
similarity matricesd enabled the grouping of adjacent topicsinto conceptually contiguous cat-
egories.

3. Qualitative Coding and I nterpretive Consolidation Through thematic coding of representa-
tive postsand keyword sets, we manually identified crossmodel topic equivaenceand grouped
them accordingly into macro-level categories.

This processrepresents a hybridized modeling paradigm, combining the computational preci-
sion of unsupervised algorithms with the contextual richnessof human interpretation. The
resulting taxonomy captures both dominant and nuanced forms of engagement within Tik-
Tokés beauty discourse.

3.6.7 Outcomeand Implications:

Thefind taxonomyd presented in Table OMacro-Topicso individua BERTopic and Louvain
topics onto five macro-categories, offering a unifying schema for interpreting the platfor n3é
fragmented, fast moving content landscape. This abstraction not only facilitates narrative co-
herence acrossthe dataset but also enables crosscomparison in downstream analyses, such as
sentiment distribution, temporal trends, and engagement metrics.

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 acrossdiverse contexts.
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3.7 GraphicalComparisonof 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. Thisexamination aimed to reveal how each method characterizes the volume and gran-
ularity of discoursetopicswithinthe TikTok beauty dataset.

3.7.1 Comparative Framework

Both models assgned each post or comment in the dataset to a distinct topic, but differed in
how those topics were structured and scaled:

A 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 themesd such as glitter eye makeup, lip combo variations,
or specificinfluencer styles.

A Louvain clustering, in contrast, identified 25 broader communities by analyzing word
co-occurrence networks. This method groups tokens based on their graph connectivity,
yielding larger, thematically generalized clusters.

5~ I Keywords + Topic Size Comparison (Top 1@):
Louvain Topic ID Louvain Size Louvain Keywords BERTopic Topic ID BERTopic Size BERTOpic Keywords FH

[ ] skincare, skincareroutine, skin, ad, routine, . 0 212 skincare, makeup, skin, hair, skincareroutine,... [

211 makeuphack, makeup, makeuptutorial, beauty, ha. 189 maquillaj, pour, atina, a, este, die, folos.. 42

fyp, viral, trend, foryoupage, tiktok, foryou, .. 187  viral, spraypaintart, fiktok, artwithspraypain...
skincare, nightroutine, sefflove, aesthetic, g... 3 comment, think, watch, hate, mold, time, stay, .
torial, haircareroutie, ..
rmation, girl, mas...
getreadywithme, grwm, d
naturalbeauty, fyp, bea
viral, tikiokbeauty, v ide. 8 59 video, model, s spire, kind, day

girl, pretty, type, careful, boyfriend, beauty...

Passaggi successivi

Figure 3.13: TopiO izé

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.

Thefive categorieswere:
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A Skincare Routines and Products
A Makeup Tutorialsand Hacks

A Emotional Expresgon and Trends
A Body Features and Enhancements

A Personal Stories and Real-Life Experiences

3.7.2 Methodology: Aggregation and Visuali zation

ComparatveAnalysis

The comparative analysis proceeded in two key steps:

1. Topic-to-MacroMapping:

Each topic from both BERTopic and Louvain clustering was assgned to one of the macro
topics based on amanual semantic review of:

A Top keywords generated per topic
A Example posts’comments within each topic

A Contextual overlap between clustering outputs

2.SizeCalculaton:

For each macro-topic, we computed the aggregate size as the sum of al documents asciated
with the assgned topic IDs. This alowed 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:

A BERTOopi ¢ captured 588 posts (Topics0, 1, 2).

A Louvain Clustering accounted for 461 posts (Topics 0, 2, 4).

35



This difference ill ustrates BERTopic & strength in identifying multiple, nuanced subclus-
tersunder asingle conceptua umbrella, while Louvain capturesahigher-level community per-
spective with broader coverage.

Visual Representations

Threefigureswere used toillustrate this comparison:

A Figure 3.5a (BERTopic Topic Sizesi Circle Plot): Highlights disproportionate cluster-
ing where afew topics dominate post volume (e.g., TopicsO0, 1, 2).

A Figure3.5b (Louvain Topic Sizesi Circle Plot): Displaysmore even topic size distribu-
tion, reflective of the mode &G community detection principles.

A Figure 3.5¢c (Macro-Topic Aggregation Table): Presentsthe final mapping of topic IDs
to macro-topicsand their cumulative sizesacrossmodels, offering astructured summary
of theme representation.

Key Insights

A Granularity: BERTopic excels at surfacing fine-grained semantic patterns, making it
ideal for uncovering emerging trends, niche communities, or stylistic nuances in con-
tent.

A Generality: Louvain clustering ismore adept at identifying macro-level discourse struc-
tures, capturing high-level co-occurrence-based themes in a scalable and interpretable
form.

A Hybrid Interpretation: The complementary use of these models all ows for a multi-
resolutionanalysisd from broad narrativeclusterstofocused, context-specific discussonso
enriching our understanding of how beauty content isstructured and shared on TikTok.
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Louvain Topic Sizes (iGraph Circle)

Figure 3.14: Topic size compaiison Fguresé oa®$ obd p

BERTopic Topic Sizes (iGraph Circle)




Macro-Topic BERTopic Topics BERTopic Size Louvain Topics Louvain Size

1. Skincare Routines and Products Topics 0, 1, 2 588 Topics 0, 2, 4 461
2. Makeup Tutorials and Hacks Topics 3,4, 5 403 Topics 1,3, 7 391
3. Emotional Expression and Trends Topics 6,7, 9 204 Topics 5,6, 9 201
4. Body Features and Enhancements Topics 8, 11 111 | Topics 10, 11, 12 155
5. Personal Stories and Real-Life Experiences | Topics 10, 12, 13, 14 164 Topics 13, 14, 15 ' 148

Figure 3.15: Magaorfopic Aggegation Tablkeé o ®p O ¢

3.8 Overall ComparisonBetweenLouvainand BERTopic

The comparative anaysis of BERTopic and Louvain clustering reveds that both models bring
distinct yet complementary strengths to the task of identifying and organizing the thematic
landscape of beauty-related discourse on TikTok. Although each model operates under anun
supervised learning framework, their underlying mechanismsdivergesignificantlyd BERTopic
employs semantic embedd ngs derived from transformer-based language models, whereas L ou-
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 Semantic Grouping

A BERTOopic produced 39 semantically coherent topics, many of which demonstrated
ahighlevel of thematic specificity and linguistic consistency. Theseinclude narrow top-
ica clusterssuchasiip combo filler,0 fieye hood shaping,0 and fget ready with me tuto-
rials,0 which reflect the mode & capability to distinguish nuanced variations in content
and user intent.

A UM AP-based visualizationsd notably the I ntertopic Distance Map and Network In-
terdependenciesPlotd exhibitedtightintra-topic cohesionaongsideclear and well -separated
topic boundaries. Thisvisualization confirms BERTopicGs aptitudein capturing seman-
ticaly discrete clusters, even when they differ only subtly in phrasing or stylistic tone.

A Tools such asthe Topic Word Score Chartsand Document Scatter Plot further re-
inforced the modelGs precision. These tools offered fine-grained insights into the most
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representative keywords and the spatial arrangement of documents acrossthe embed-
ding space, validating the semantic integrity of each identified topic.

A lmportantly, thedistribution of topicsizeswasuneven, withseveral clustersd particularly
Topics 0, 1, and 20 capturing a disproportionately large number of documents. This
skewed distribution is reflective of rea-world socia media trends, where a few domi-nant
conversations coexist with numerous smaller, niche segments. It also highlights
BERTopicGstrengthinisolating emerging micro-trends or specialized beauty practices,
which might be overlooked in coarser-grained models.

In conclusion, BERTopic offersa high-resolution, semantically informed view of Tik-
Tok beauty discour se. Itsability to extract subtle contextual signalsand differentiate narrowly
defined communitiesmakesit anidea choicefor exploratory content analysis, subcultural de-
tection, and the study of emergent linguistic phenomenawithin large, user-generated datasets.

3.9

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.

A Louvaindcommunity detection graph effectively mapped how textual elements(e.g. frequent
tokens and hashtags) formed interconnected modules. These groupings arose organi-
cally from patternsin word co-occurrence rather than from contextua word meaning.

A Theresulting clusterswere therefore broader in scope, often encompass ng multiplesub-
themeswithinasinglegroup. Asaresult, interpreting the semantic esence of each topic
required additional manual examination of representative keywords and posts.

A 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 imbaance indicates a
limita:
tioninLouvanéability to differentiate between semantically subtlecategories,especially
inahighly diverse dataset such as beauty-related TikTok content.

39



39.1 KeyDistinction and Complementarity:
The combined use of BERTopic and Louvain offers a powerful, layered framework for topic

anaysis.

A BERTOopic excelsin 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 expressonsin beauty culture.

A Louvain, by contrast, provides a macro-level overview of discourse. Itsstrength lies
in unveiling broader thematic structures that may correspond to social dynamics, con-
tent popularity hierarchies, or dgorithmically influenced groupings.

By integrating these two methodol ogies, the research gainsacomprehensive analytical lens:

A Louvain offersastructural blueprint of high-level community themes.
A BERTopic enriches this blueprint with contextual, ssmantic depth.
This dual-perspective framework enhances both interpretability and analytical resolution,

ensuring that the TikTok beauty discourseis examined both broadly and degolyd from macro
community clustersto theintricate language patterns that define user expresson.

Metric BERTopic Louvain Clustering
Clarity : High — clearly separated, semantically distinct, | Moderate — broader clusters, sometimes noisier and
| fine-grained topic clusters | overlapping
Visual Insight | UMAP plots + bar charts + document scatter | Graph network layout + modularity graph + topic
| plots | interdependency visualizations
Topic Size | Uneven but meaningful - few large and many | Imbalanced — one dominant cluster, many sparse
Distribution | niche topics topics

Interpretability | Straightforward — topic keywords and
| representative docs are intuitive

Focus Level
| (e.g., makeup hacks, lip combos)

Micro-level: Niche concepts and sub-topics

Requires more manual thematic labeling; broader

| and less specific topic groupings

Macro-level: Broad structural communities (e.g.,
skincare vs lifestyle)

Best Use Case Deep dives into specific trends and semantic | High-level mapping of community clusters and
| analysis of beauty discourse overarching discussion categories

Figure 3.16: Metric
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3.9.2 TopicAggregationviaHierarchical Clustering:

To further refine the thematic organization of beauty-related TikTok content, a fina data-
driven hierarchical clustering step wasimplemented. This step systematicaly grouped the
previoudy identified clusters from both L ouvain and BERTopic into a unified macro-topic
framework. The purpose of this aggregation was to consolidate semantically overlapping
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 analysisand visualization of dominant themes acrossthe dataset.

3.10

To consolidate the outputs from both topic modeling approaches into a coherent thematic
structure, a fina hierarchical clustering step was introduced. This processaimed to system-
aticaly aggregate semanticaly smilar topicsd whether derived from Louvain or BERTopicd
into a set of unified macro-topic categories that enhance interpretability and facilitate cross
model comparison.

3.101 InputRepresentation

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 aCountVectorizer, the keyword strings were converted into binary feature vectors, en-
coding the presence or absence of each term acrosstopics.

3.102 DistanceCalculaton

To evaluate smilarity 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 dissmilarity between all topic pairs acrossboth models.

3.103 ClusteringProcedure

The topic similarity matrix was pased into an Agglomerative Hierarchical Clustering ago-
rithm using average linkage as the merging criterion. The number of fina clusters was set to
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n_clusters = 5, aigning with the broader analytical framework that guided the interpreta
tion of beauty-related content on TikTok.

3.104 Resultsandlinterpretation

This procedure successully grouped al 39 topicsd spanning both BERTopic and Louvain
clustersd into fivesemantically coherent macro-topics. Each resulting macro-cluster exhibited
clear thematic alignment based on overlapping vocabulary and shared discourse patterns.

—_ . .
=~ B Number of unique macro topics: 5

macro_topic Main Source Num Topics Keywords
0 louvain 7 actriz, storytime, pero, rice, gold, impact, r...

1 bertopic 1 vibe, quick, algerian, glimpse, forupage, trea...

2 louvain 29 skincare, skincareroutine, skin, ad, routine, ...

bertopic 1 lip, combo, liner, black, filler, stain, lipco...

bertopic 1 eye, evil, green, hood, start, blindness, sile...

Figure 3.18: Numbe of unique maao topics

The method provided several important benefits. (Figure 3.18: Number of unique
macro topics)

A Semantic grounding: Macro-topic assgnments were not manually imposed but de-
rived from actua keyword similarity.

A Crossmodel integration: Topics from Louvain and BERTopic were combined into a
unified taxonomy.

A Interpretability: The resulting clusters aligned with observed discourse themes, sup-
porting subsequent sentiment and network analyses.

LE Conclusion

Thisfina clustering step serves asasemantic bridged linking fine-grained, algorithmicaly de-
rived topicswith high-level thematic understanding. 1t enhances both the analytical depth and
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narrative clarity of the study, supporting a more robust interpretation of beauty-related dis-
course across TikTok.

3.11

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 semanticaly similar topicsd previously generated
by Louvain and BERTopicd into asmaller set of unified macro-topics. These macro-topics
were defined through keyword aggregation and similarity-based grouping, with each
clus-ter assgned a descriptive label that reflects the dominant theme acrossits constituent
topics.

3111 LabelingProcedure

A Topics were grouped into five macro-topics using the results of hierarchical clustering
(asdescribed in Section 3.8).

A The macro-topic labels were derived automatically based on the most frequent and rep-
resentative keywords within each cluster.

A These labels serve as high-level thematic descriptors, offering insight into the dominant
discourse patternswithin TikTok beauty content.

3.11.2 Summary Table Overview

To further analyze the results of topic modeling, we applied an automated |abeling processto
group related topicsinto asmall er set of fivemacrotopics. Thiswasdone by aggregating topics
based on semantic similarity and their shared keywords. The macro topics were then assgned
meaningful |abels that reflect the overarching themes of the grouped topics.
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Thetablebelow summarizesthemacrotopicswith thefollowingdetails:

A Macro Topic | D: Numerical identifier for each macro topic.

A Macro Topic Label: Descriptivelabel automatically generated based on the most repre-
sentative keywordsin the group.

A Main Source: Indicateswhether the topics were primarily derived from the Louvain or
BERTopic models.

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

A Keywords: A sample of the top keywords representing each macro topic, providing
insight into the central themes.

macro_topic macro_topic_label Main Source Num Topics Keywords
[4] , actriz, storytime louvain 7 actriz, storytime, pero, rice, gold

1 vibe, quick, algerian bertopic 1 vibe, quick, algerian, glimpse, forupage, trea...

fyp, foryoupage, beauty louvain 29 skincare, skincareroutine, skin, ad, routine, ...

lip, combo, liner bertopic 1 lip, combo, liner, black, filler, stain, lipco...

eye, evil, green bertopic 1 eye, evil, green, hood, start, blindness, sile...

Figure 3.19: maao topics label

312 Extractionof TopWords

To further enhance the interpretability and semantic clarity of the derived macro-topics, atar-
geted extraction of representative keywords was performed. This processaimed to distill the
most salient lexical elements that define the core meaning of each macro-topic cluster.
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3121 KeywordAggregationandFrequency Analysis

Theprocedureinvolved aggregating al keywordsfrom the constituent topicswithineachmacro
topic and identifying the most frequently occurring terms. A custom function was imple-
mented to:

A Traverse each macro-topicés grouped topics.
A Count the frequency of individual keywords.

A Select thetop 10 most representative keywordsfor each macr o-topic based on occur-
rence.

This frequency-based keyword ranking provides amore focused and intelligible summary
of the themes captured by each macro-topic, improving interpretability over the raw concate-
nation of topic-level keywords.

3.122 InterpretiveValue

Theoutput tablelists.
A Macro-topic ID
A Asdgned semantic label, derived from top-ranking keywords
A List of top words associated with each macro-topic

These concise lexical descriptors not only strengthen the semantic framing of each
category but also serve asareference for downstream analyses, including:

A Sentiment polarity evaluations

A Keyword co-occurrence networks

A Thematic trend visualizations

Ultimately, thisstep reinforcestheanalytical value of the macro-topic structure by ground-
ing itinempiricaly derived, thematically rich vocabulary that reflectsthe actua discourse pat-
ternsof TikTok beauty content.
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macro_topic macro_topic_label Top Words
0 , actriz, storytime actriz, storytime, pero rice gold impact ratin...

1 vibe, quick, algerian vibe, quick, algerian, glimpse, forupage, trea...

fyp, foryoupage, beauty fyp, foryoupage, beauty, makeup, skincare, rou...

lip, combo, liner lip, combo, liner, black, filler, stain, lipco...

eye, evil, green eye, evil, green, hood, start, blindness, sile...

Figure 3.20: maao top words

3.123 SentimentAnalysisonthe grouped macrotopics

To complement the thematic classfication of TikTok beauty content, asentiment analysiswas
conducted to assss the emotional tone embedded within each macro-topic cluster. Thisqual-
itative dimension added interpretive depth to the structurally derived topic groupings.

Methodological Overview:

Using the TextBlob library, a polarity-based sentiment scoring system wasimplemented. Each
macro-topic asociated keywords were tokenized and aggregated. A custom function was
then applied to calculate the average sentiment polarity score for each macro-topic group.

A Polarity Score Range:

Values span from -1 (completely negative) to +1 (completely positive), with O indicating
aneutra sentiment.

Findingsand Interpretation

Theresulting table presents.

A Themacro-topic ID
A Theautomatically generated topic label (derived from top keywords)

A The corresponding average sentiment score
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Key observationsinclude:

A Macro-topic 1 ( \dbe, quick, ageriand howed the highest positive sentiment (score
40.57), suggesting an upbeat and enthusiastic discoursein that cluster.

A Macro-topic 4 (Ceye, evil, greend) exhibited the most negative sentiment (score & -0.30),
indicating potential discourse related to discomfort, insecurity, or critique.

A The majority of topics fell between these extremes, with neutral to mildly positive or
Negative sentiment expressons.

Analytical 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 also how usersemotionally engage with them. Combined with topic modeling, this
sentiment analysis offers a holistic understanding of user generated beauty contentd bridging
thematic categorization with emotional resonance.

macro_topic macro_topic_label sentiment

0 , actriz, storytime 0.000000

1 vibe, quick, algerian 0.566667
fyp, foryoupage, beauty 0.170483
lip, combo, liner -0.166667

eye, evil, green  -0.300000

Figure 3.21: Sertiment
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3.124 SentimentAnalysisof MacroTopics

Tofurther enrich the thematic segmentation of Tik Tok beauty discourse, we conducted asenti-
ment analysis on the macro-topic groupings. Thisstep amed to asesstheemotional polarity
asciated with each thematic cluster and offer additional interpretive depth to the topic mod-
eling framework.

Analytical Procedure

Sentiment polarity scores were computed using the TextBlob library, which applies alexicon
based approach to assgning a sentiment value to text sesgments. Here, we used the representa:
tive keywor ds from each macro topic (derived from previously grouped clusters) as the input
for polarity scoring.

A Polarity Range:

The sentiment scale spans from -1.0 (strongly negative) to +1.0 (strongly positive), with 0
indicating a neutral tone.

Visualizationandlnterpretation

Theresulting sentiment scoresfor each macro topic werevisualized using ahorizontal bar chart
(Figure 3.22), with:

A Green bars denoting positive sentiment,
A Red barsindicating negative sentiment,

A Bar length reflects average sentiment polarity.

Key observationsinclude:

A Macro Topic 1 ( \be, quick, algeriand Pemonstrated the most positive sentiment (&
+0.57), suggesting uplifting or enjoyable discourse within this cluster.

A Macro Topics3and 4 ( Igp, combo, linerd and ceye, evil, greeno) reflected negative sen-
timent scores (& -0.17 and -0.30 respectively), potentialy linked to topics on cosmetic
correction, criticism, or insecurity-related themes.

A Macro Topic O (Gactriz, storytimed) maintained aneutral tone, indicating balanced emo-
tional content.
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Qualitativelnsight

This sentiment profiling provides a critical affective lens through which the modeled topics
canbeunderstoodd not only identifyingwhat usersare discussng but also how they emotion-
aly relate to those topics. Such insights are especially valuable in social mediaresearch, where
sentiment often guides engagement, virality, and perception. By combining semantic cluster-

ing with emotional polarity, this step supports acomprehensive interpretation of TikTok
beauty discourse, bridging computational findings with interpretive social insight.

0 Sentiment Analysis by Macro Topic

vibe, quick, |
algerian

fyp, foryoupage, |
beauty

, actriz, storytime -

lip, combo, liner4.17

&3@, evil, green

0.2 0.0 02 04 06
Average Sentiment Polarity

Figure 3.22: Seriment Anaysis by Maao Topic

3.125 Visualizationof MacroTopics: 0Word Clouds andKey-
wordNetworkso

To enhance theinterpretability of the extracted macro topics, two complementary visua tools
were employed: word clouds and keyword co-occurrence networks. These visudizations offer
both anintuitive and structural understanding of the keyword distributionsand interrelations
within each macro topic.
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@ \Word Clouds

Word clouds visually represent the most frequent and influential keywordswithin each macro
topic. The size of each word correspondsto its relative frequency or significance, al owing for
aquick and qualitative grasp of the topic key themes.

A Macro Topic Ois characterized by prominent keywords like fiactriz,0 fistorytime,0 and
firice,0 suggesting themes related to storytelling or content featuring specific personas.

A Macro Topic 1 includes terms such as fiquick,0 fivibe,0 and fial gerian, 0 reflecting a fast
paced, mood-driven, and possbly regional aesthetic.

A Macro Topic 2 isdriven by keywords like fiforyoupage,0 fibeauty,0 and fiskincare,0in-
dicating themes related to beauty routines and algorithm-driven content discovery.

A Macro Topic 3 emphasizesfiip,0 ficombo,0 fliner,0 and fifill er,0 aligning with cosmetic
focused content.

A Macro Topic 4 includes terms like fieye,0 fievil 0 figreen,0 and fihood, which may sug-
gest stylistic or symbolic references often used in creative or dramatic makeup themes.
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Word Cloud for Macro Topic Word Cloud for Macro Topic 1

o]_dlmpact pero Q
actrlz quCk

pour rating F*

maquillaje

(@ Word Clowd 0 (b) Word Cloud 1

Word Cloud for Macro Topic 2 Word Cloud for Macro Topic 3

l e perfection

makeupfypday liner nﬁé"?-b"
Ay vl combor

oT0]

routine

(c) Word Clouwd 2 (d)Word Cloud 3

Word Cloud for Maci Tp ic 4

Sta rt silence
lblue

green

(e) Word Clouwd 4

blindness

Figure 3.23: Word clouds and keyword networks for sele¢ed maao topics.

<« Keyword Networks

Keyword co-occurrence networks map out therel ationshipsamong keywordswithin eachmacro
topic. Here:

A Nodes represent keywords.
A Edges represent the frequency or strength of co-occurrence.
A Node size reflectsimportance (e.g., degree centrality or frequency).

These networks uncover structural cohesion and keyword clustering:
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A In Macro Topic 0, fiactriz,0 fistorytime,0 and firatingo are strongly interconnected, sug-
gesting a narrative-centered theme.

A Aln Macro Topic 1, dense connections among fivibe,0 fiquick,0 and Aforupaged reflect
rapid,agorithm-boaosted discovery patterns.

A AMacro Topic 2 showsarobust cluster between fifyp,0 fiskincare,0 and firoutine,0 align-
ing with self-care and beauty trends.

A AMacro Topic 3 features a tight network around cosmetic-related terms such as flip,0
fliner,0 and figlosso

A Aln Macro Topic 4, keywords like fieye,0 fevil 0 and figreeno show strong linkages, pos-
sibly symbolizing stylized or dramatic themes.

LE Conclusion

The combination of word clouds and keyword networks provides both surface-level visibility
and deeper structura 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 computationa output and human-centered understanding.
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(b) Kclowd 1

(@) Kcloud O

@) Kelowd 3

(c) kcloud 2

(e) Kcloud 4

Figure 3.24: Keyword clouds and networks for sele¢ed maao topics.
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Sentiment

4.1 Sentiment AnalysisResults (BERTopic)

To explore the emotional tone present in TikTok beauty-related discourse, sentiment analysis
was conducted on the topic clusters generated by the BERTopic model. This processaimed to
revea the underlying affective patternswithin user-generated beauty content.

411 Methodology

Sentiment scores were computed using the VADER (Valence Aware Dictionary and sEnti-
ment Reasoner) sentiment analysis tool. Each post was assgned a compound score ranging
from -1 (most negative) to +1 (most positive). Based on thisscore, postswere categorized into
the foll owing sentiment classs:

A Positive: Compound score > 0.05

A : 70.05OCompound score O0.05

A Negative: Compound score<T 0.05

Thesescoreswerethen aggregated at thetopiclevel to determineaverage sentiment for each

cluster.
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412 Resultsandlnterpretation

1- Sentiment Distribution

A tota of 1,391 postswere analyzed, yielding the foll owing distribution (see Figure 4.1):
A Neutral: 762posts

A Positive: 508 posts
A Negative: 121 posts

Thisdistribution indicates that the majority of beauty-related Tik Tok content fallswithin
the neutral or positive range, with relatively few instances of negative sentiment.

2- Average Sentiment by Topic

The average compound sentiment score was caculated for each of the topics generated by
BERTOopic. The findings can be summarized as foll ows:
Key Findings:
= Top scores topics include:
A Positive Sentiment Dominates:

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

Average Sentiment by Topic

Positive Topic Average Sentiment
Topic 6 (cool_come_tell joke) 0.379
Topic 24 (lash_bare_half wear) 0.283
Topic 5 (nan_makeup_ci) 0.252
Topic 0 (makeup_skincare_acne_skin) 0.210
Topic 39 (facemask_sheet _mask_face) 0.207
Topic 41 (jinx_tiktokviral_asmr) 0.450
Topic 10(girl_type_pretty forbid) 0.480
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Table 4.1: Average sertiment scores for seleded topics

A Neutra Sentiment:

Severa topics showed neutral average sentiment around zero, likely reflecting neutral or de-
scriptive content, including:

Neutral Sentiment by Topic

Neutral Topic Average Sentiment
Topic 7 (eye_evil_hood_blindnesy 0.000
Topic 8 (lip_combo _filler_glitter) 0.000
Topic 14 (treading_forupage algerian_culture) 0.000
Topic 15 (tutoria_tag_com_need) 0.000
Topic 19 (shed_morning_wake seep) 0.000
Topic 21 (product_ingrdient_primal_expire) 0.000
Topic 29 (result_ask_pin_spil) 0.000
Topic 30 (watch_time_mad_beaut) 0.000
Topic 36 (base_perfect_room_smoath) 0.000
Topic 37 (school_insane_eat_impresy 0.000

Table 4.2: Nettral sertiment topics (awerage sertiment a 0)
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A Negative Sentiment is Rare:

Few topics exhibit negative average sentiment, notably:

Negative Sentiment by Topic

Negative Topic

Average Sentiment

Topic 27 (premium_tiktok _artis_cube)

-0.111

Topic 40 (blush_rare_pretend_blusher)

-0.477

Table 4.3: Negrtive satiment topics

A Sentiment Distribution AcrossPosts:

Out of al analyzed posts, 762posts(Neutral), 508posts (Positive), and 121 posts (Nega
tive) wereidentified. Thisshowsthat most content hasaneutra tone, with positive sentiment
being the second most common and negative sentiment relatively rare.

Sentiment Distribution AcrossPosts

Sentiment Category Post Count
Neutral Sentiment 762
Positive Sentiment 508
Negative Sentiment 121

Table 4.4: Setiment digribution acoss analyzel poss
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3+ [nltk _data] Downloading package vader lexicon to /root/nltk_data...
[nltk_data] Package vader_lexicon is already up-to-date!
® sSentiment Distribution for BERT:
sentiment_label

—

Neutral 762
Positive 508
Negative 121
Name: count, dtype: inte64

Figure 4.1: Setiment digtribution output from BERT analyss.

topic post_count avg sentiment topic_name
0 507 0.209729 0_makeup_skincare_acne_skin
454 0.182498 -1_skincare_beauty skin_routine

0.198337 3 spraypaintart_viral_tikiok_ariwithspraypaint

0199261 2_hair_haircare_hairtok_hairgrowth

0.119618 1_maquillaje_latina_este ai

0151462 11_fyp_kg_nature_clean

0.119966 12_getreadywithme_grwm_ready grwmroutine

0.031912 13_glow_capcutedit_glowdown_iip

0206713 39 _facemask_sheet mask face

0143721 42 weightlossiransformation_transformation_gym._..

0.103289 33 _trend_dance_sound_late

0251975 5_nan_makerup_ci_

0282760 24 lash_bare_half_wear

0110880 27 premium tiktok artis cube

0159225 16 _polishhh11_fup _recommendationsplease_beauty...

0.085000 9 video song_model_artist
0.000000 15_tutorial tag_com_need
0.246625 4 look_beautiful wish_bf
0.000000 8_lip_combo_filler_glitter
0.378950 6_cool_come_tell_joke
0.633050 18_spray_mean_fan_set
0.000000 37_school_insane_eat impress
0.449500 41_jinx_tiktokviral_asmr_
0.000000 30 watch_time_mad_beaut
0180600 22 want_need_com_cabelo
0.479750 10_girl_type_pretty forbid

0.000000 19 _shed moming wake sieep
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Figure 4.3: Seriment of topic summay of Betopic2.
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22 want_need_com_cabelo

10 _girl_type pretty forbid

19 _shed _moming wake _sleep
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7_eye evil_hood_blindness

21_product_ingrdient_primal_expire

29 result_ask_pin_spil

23 _chid_mamy_ whitewash_mamiage

26_brush_mermaid_big_talk
34 _find_search_young_locate
36_base perfect_room_smooth
40 blush_rare_pretend_blusher
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& visual Insights:

413 BarChartof Average Sentiment per Topic:
Most topics are colored green, signifying positive sentiment dominance. A few neutral

and negative bars highlight topicswith lesspositive or negative sentiment.

Average Sentiment per Topic (BERTopic)

|1
-0.2 4 ||
|

L S S e e B e e T B e e e e e S A A S B B e e
231834261041 6 4324 5 4 039 2 3 -12216114212 133 9 13 7 8 14 1521 19 29 30 37 36 27 40
Topic 1D

Sentiment
Bl Positive
Neutral

B Negative

0.6

0.4 4

0.2

[¥]

o

Average Compound Sentiment

Figure 4.4: Average Seriiment per Topic (BERIopic).

414 Topic Graphwith Sentiment Coloring:

Thisnetwork graph representstopicssized by post count and colored by sentiment. M ost
nodes are green, confirming positivity. Only a handful of orange and red nodes appear,
underscoring the generally positive emotional climatein the dataset.
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Topic Graph with Sentiment Coloring (BERTopic)

Figure 4.5: Topic Graph with Sentiment Coloing (BERIopic)

LE Conclusion

In conclusion, TikTok beauty-related discussons show a predominantly positive emo-
tional tone, with most topicsexpresing enthusiasm, humor, and community spirit. Neg-
ative sentimentsare limited to a few niche topics, indicating that the platform& beauty
content islargely encouraging and supportive.
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4.2 Sentiment AnalysisResults (Louvain)
To gain insights into the emotional tone across beauty-related TikTok discussons, we per-

formed sentiment analysis on posts assgned to different topics detected by the Louvain com-
munity detection algorithm.

42.1 VADERsentimentanalyzer

Using the VADER sentiment analyzer, we computed acompound sentiment score for each
post and categorized them into three sentiment clases:

A Positive; Score> 0.05
A : -0.05 OScore O0.05

A 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 topicsinclude:

A Positive Sentiment Dominates:

Most topics exhibited positive average sentiment, suggesting an overal upbeat and opti-
mistic tonein the discussons. Notable positively scored topicsinclude:
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Positive Sentiment

Positive Sentiment Dominates Average Sentiment
Topic 23 0.736
Topic 20 0.586
Topic 24 0.572
Topic 17 0.512
Topic 31 0.508
Topic7 0.301
Topic 37 0.431

Table 4.5: Hghes posdtive seriment topics (Lowvain clugering)

A Neutral Sentiment Dominates:

Several topics showed average sentiment scores near zero, likely reflecting neutral or
descriptive content. Theseincludetopicsare:

Neutral sentiment

Neutral sentiment topics Aver age Sentiment
Topic 18 0.000
Topic 39 0.000

Table 4.6: Neural sertiment topics (Louvain clugering)

A Negative Sentiment Dominates:

Only afew 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 Average Sentiment
Topic 30 -0.083
Topic14 -0.072
Topic 1 -0.002
Topic34 -0.051
Topic 25 -0.026

Table 4.7: Neggtive sentiment topics (Louvain clugering)

Sentiment Distribution AcrossPosts

Sentiment Category Post Count
Neutral Sentiment 743
Positive Sentiment 523
Negative Sentiment 127

Table 4.8: Seriment digtribution acoss analyzel pods (Louvain clugering)
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topic post_count ave sentiment
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> - 0.105758 TRV ]
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0.013574 0.419845
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0.073764 0.207562

0.072017 0.328937
0.186643
0.300669
0.106057
0140777
0072186

0.571523 0.227243

0.419845 0.098650

0118270

0246775 0.431417

0. 207562 0.230367

2
0328937 0.072240
0.282700
0.156643
0.326820
00051 0.586000

-0.072186 0.142360
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Part 2: Louvain clugering average sertiment.
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(@ Part 1: Louvain clugering average sertiment.

Figure 4.6: Average sertiment per topic usng Louvain clugering.
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f sentiment_label(score):
if score >
return

return "Neutral”

df sent_louvain[® iment label™] = df_sent_louvain[“sentiment"].apply(sentiment label)

sentiment_counts = df_sent louvain H el"].value_counts()
print(sentiment_counts)

sentiment_label
Neutral 743
Positive 523
Negative 127
Name: count, dtype: int64

(@ Seriment Label.

& visual Ins ghts:

422 BarChart(Average Sentiment per Topic)

Thechart clearly ill ustratesthe dominance of positive sentiment acrosstopics, with only asmall
number of topics showing or negative scores.

Average Sentiment per Topic (Louvain)
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Figure 4.8: Average Sertiment per Topic (Louvain)
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4.2.3 Topic Graphwith Sentiment Coloring

This network visualization displays topics as nodes sized by post count and colored by senti-
ment polarity. Green nodes represent positive topics, denotes , and red indi-
cates negative sentiment. Many nodesare gr een, confirming the generaly positive tone of the
discusgons.

Figure 4.9: topic graph Louvain

B Conclusion

The Louvain-based sentiment analysis corroborates the findings from BERTopic, confirming
that TikTok® beauty-related content is largely positive in tone. Positive expressons around
self-image, creativity, and pee engagement dominate the discourse, while and negative
sentiments are both contextually limited and statistically infrequent.
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