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Myths in Human History 1) Binary Motif Network Construction 2) Topic Modeling Motif Network Construction Analysis

e Human history is beautifully complex; it is shaped by migration, cultural I Jrp— <Text Processing of Berezkin Catalogue> <Leiden Community Detection Comparison>
h h d t d diff t . t Berezkin Catalogue |:> Ua_CC?OI_' 'mlt?” yd S e ] ] ] o e The Binary Motif Leiden community detection created 4 communities while Topic-Modeling Leiden community
exc anges snared ances rYs an Iferent environments SINg dinary matrix anc networx ecoe welgn's MOtlf Tltle MOtlf Descrlptlon detection created 5 distinct communities. When mapped onto global map, most of points corresponded with each
° Myths preserve human culture by recording how societies understand (926 traditions x 2,138 mOtIfS) @ The old sun Another sun, usually less benevolent and/or powerful, existed before the present one other, but variations existed in the Topic-Modeling network
_ _ _ m e Supporting the geographic distribution, most traditions corresponded (B4 — T1, B3 — T3, B2 — T5), except B1
natu re, ide ntlty, morallty, the unknown, and reallty LB | S| M | 2 e o - Leiden Communlty Detection ‘ 1. Text Normalization: Convert “Motif Title; Motif Description” into combined text community mapping to 2 distinct topic communities, T2 and T4
. . H H . Tradition 1 1 0 1 Clustering based on optimized modularity 2. Tokenization: Filter the text with English stopword list and include terms relevant to mythology
e It serves as a unique and valuable lens in which the intangible cultural S ——— : : | | o _ - | | : -
— 3. Unigram & Bigram Construction: Create title_local and description_local Bigrams for analysis Case Study of T2 and T2 Leiden Communities <T2 Community>
heritage of societies can be accurately observed and understood Tradition31 1 1 0 hd e 4 Communit Unsupervised Leiden algorithm detects a
_ ] ] ] ] _ - Node Attribute Extraction Finalized Unigram/Bigram for Topic Modeling Y common celestial phenomenon that can be
e Therefore, exploring myths is exploring the intricate history, thought, and Analyze the composition of each community _ Theme | Celestial, Cosmology Terrestrial observed from many places around the world
old sun old_sun sun usually benevolent powerful existed before present one sun_usually usually benevolent |f‘> _
re|ationship peop|e had with their community and surroundings benevolent_powerful powerful_existed existed before before_present present_one Geography Global Northern South America J::ug;c::;gﬂ?ézn algorithm detects a
3 ) Compar is on An a Iys is <Document Frequency Filtering> Ancestry | Across unrelated languages | Amazonian language family specific theme from a region of the world; this
is furth ted by the | famil
Im p ort an ce Of My th TOday <Commun ity Overla p> Filter the text with English stopword list and include terms relevant to mythology (df_min =2.00, df_max = 0.80) Climate No significant correlation Warm, humid climate ;Sndu::"r:;tseuppor o6 By The fanghage Ty

<TF-IDF Algorithm>
Filter the text with English stopword list and include terms relevant to mythology The comparison analysis of the two different network algorithm revealed drastic differences in the communities it captured. With in the same

distribution of motifs across communities and identify overlapping communities B1 community, the T2 community highlight global, celestial themes and the T4 community highlights the region-specific, terrestrial themes.

<TOpiC MOdeIing> Non-Negative Matrix Factorization (NMF), k=15

5,172 UnigramslBigrams 15 Topics “ ‘.’ One Ca talogue, TWO Stories

5,172 Unigrams/Bigrams

Compare the motifs sorted into the binary and topic modeling Leiden communities to find the

e Intangible Cultural Heritage:

Preserve collection memory and identity that may

otherwise disappear across generations

e Indigenous Knowledge:

Contain knowledge that is increasingly endangered by

In-Depth Analysis on Topic Modeling Community T2 & T4

<Topic Prevalence + Distribution>
Identify the prevalence of each of the 15 NMF factors for both T2 and T4 to observe how much of each NMF factor
were accounted for in the two distinct communities. Further, overlay the prevalence of these factors with the

ANB Berezkin Catalogue

J A,B - mgm L
bzt AUB (926 traditions x 2,138 motifs)
<Climate Analysis>

u

X
15 Topics

language loss and cultural displacement

e Al and Information Homogenization:

geographical region to derive which regions were highly concentrated with the factors present in T2 and T4.

2,138 motifs
2,138 motifs

Algorithms amplify dominant narratives; studying

. . . . . . . . S < 1 > ) : . . - - .
myths helps preserve diverse ways of understanding Inves.tlgate what enwronme.ntlcllmate e.a.ch of t.he binary and topic-modeling network communities influenced the Network Construction Sim (A,B) Binary Recorded Motif Network Topic-Modeling Semantic Motif Network
— — creation, spread, or dispersion of specific stories. 1. Cosine Similarity computed for each tradition pair * Detects terrestrial-narrative profiles concentrated * Forms communities by shared meaning and stories
the world around us (Source: Russell, ca. 1893-1895) <Longitude Level> ) I _ Amazonia and Northern South America o _
. . . . . . 2. Union kNN similarity network using k = 12 B * Enables identification of underlying, common
Investigate where each of the 4 binary and 5 topic-modeling network community are located on the latitude and ) ] ) ] 0 . ) ] . mvthological structure in human societies
identifying the insights obtained from the topic-modeling approach that cannot be derived from the binary matrix 3. Leiden Community Detection, resolution gamma = 0.75 > * Sensitive to rare, geographically restricted traditions v d veture in htt et
* Able to identify region-specific variants of myths and * Reveals more subtle semantic trends that are not
P re ious Research also precisely identify unique stories captured/overlooked by the binary motif matrix
P Eu ro pean fol ktale Variations reﬂect both geographic proximity and The binary matrix approach to mythology allows The topic-modeling approach to mythology allows
precise, specific observations of motifs and culture observations of common human tendency, instinct,
ethnolinguistic population history, suggesting the stories preserve ] ] ] ] ] _ ] around the world and imagination
traces of cultural movements around the world Leiden Community Detection Leiden Community and Geographical Location
In order for more accurate and complete understanding of human history, a combination of binary motif matrix and the
e However anthropological field suggests the Galton’s Problem. which <Binary Motif Network> <Topic-Modeling Motif Network> <Binary Motif Network> <Topic-Modeling Motif Network> topic-modeling approach should both use in tandem. The binary motif matrix highlights the specific overlapping motifs in
y y . S : >
5, 1 e . gt - traditions; the topic-modeling provides insight into the universal human thought and imagination, especially in
indicates that folktales and culture is SImU|taneOUS|y influenced by § A s ; 7. re o phenomena that was observed all around the world. Hence, this shows that viewing the world and understanding myths
. . . i REOE T ’ o § 20 Bl . . : . R . I O e in the context of human history requires a nuanced combination of both approaches.
migration, cross-cultural contact, ancestry, and the environment ey RSN OE A R T i D .y A g PR v S S
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e Large-scale, global analysis of myths have been successful recently T A e g Y R Limitations and Future Directions
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* e . . C e BRI L e S A A . es o e s Sz WY et o AR ¥ DAPE Lol v SN S S e T P X U e Uneven documentation, translation, and author perspective Since binary motif and topic-modeling yielded different results
e Topic modeling have shown to be able to identify broader semantic i e R L LR AR o R SC o Ss e SRR Y . | ) e EOn, Persp il ¢ - !
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th . d f f_ | t t t t " t . ol i s 5 AV S E A . A R s,;g.-v’ L ey R TR M0 Binary matrix and topic-modeling cannot capture the Combine networks with ancient trade roots, phylogenies, and
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emes remain airricu O com pu ationa y rep resen . N narratives and complete nuances of myths various cultures languages to identify similarities and differences in networks
" = - y . ® 1. Sub-Saharan Africa n=117 @ 7. Melanesia & Oceania n=49 ® 12. Western North America & Subarctic n=143 LaCk Of Causal Inference: Expert Valldatlon
® Bl n=363 @ B2 n=123 @ B3 n=230 @ B4 n=210 RN aRALL W TelmN VT2 N0 (1R Tnmt O 13 nemdl : i 'S“If""ff“'&"? N : g zus:;alia ::8 - : :: ;asmm Nénh:fpeﬂfa':ﬂo_ i Analysis of mythological similarities does not indicate a Work with historians and archaeologists to receive advice and
2. Nortn rca ear Last n=3 . 20uthemn Siberia n= . esoamerica Lentra menca n=0o
— Binary and Topic-Modeling Network with each node representing each tradition and edge representing the weighted similarity between @ 4. Eastern Europe n=33 ® 10. Taiwan & Insular Southeast Asia n=17 @ 15. Amazonia & Northern South America n=125 casual relationship explore mythologies and human history more accurately
esea rc u es Ion traditions: 1) each Leiden cluster labeled in different color: 2) geographical region labeled with region code color ® 5. Caucasus & Central Asia n=94 @ 11. Northeast Siberia & Arctic n=27 ® 16. Southern South America n=17
. ’ ® 6. South & Southeast Asia n=89

Question 01: How does the network structure, similarity representation, and Distribution of Global Mythological Motifs Comparison Analysis

cultural understandings derived from the networks different when the global S Ve, T <In-Depth Analysis of Communities: T2 and T4>

mythology is analyzed using the binary motif matrix and unsupervised topic e S B A - B conmunty T 4 T, Esch of e rtion show 3 i This research shows that representations of myth produce distinct yet complementary networks

modeling network? L HPW f’a‘::ﬁ;a:t:;:'t;?fseze;Tsotzri:l:bﬁ; er?;;:en:;T::iz ::: of human culture. Exact motifs pre-designated by the Berezkin Catalogue reveals specific,
g T4 topic-modeling Leiden communities. geographically localized stories, while topic modeling identifies broader thematic connections

Question 02: How does the representation of myths affect our ability to E n el - 2 G DT A T e e . across regions. Together, they demonstrate that global mythological similarity reflects both

cultural specificity and shared patterns of human instinct and imagination.
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accurately determine whether cross-cultural similarities reflect migration,

Throughout human history, myth has always been present to pass on the knowledge, advice,
observations, warning, and messages through space and time. Yet, as modern technology

NERR|
III||
111
RN

gl

1y
L
ey
T

cultural exchange, shared ancestry, or common environments?
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Binary Motif Network and Topic-Modeling Motif Network were mapped geographically in the Equal Earth Map; the prevalent motifs in the traditions

advances and the primarily Western narrative dominates the world of “information”, this

in each cluster are displayed below the map ?—
_ _ Node Attribute Ana IySiS = computational geo-social network analysis to global mythology aims to highlight the value of
ObleCtlve <Bivary Mot Notwork <Topi Modeling Mt Netvrk Topic-Modeling Motif Composition o mythology in understanding human imagination, thought, and sense of self in this world.
P e o Ultimately, this research provides a framework for analyzing mythology and preserving the
To better understand how the stories of human history are represented, o3y T e Y | = . intangible cultural heritage at a global scale.
remembered, and transmitted today, this research specifically focuses on RS - A %’ T e —~
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