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Context

User-Generated Content and Social Media

@ Significant growth in data sources available in many domains
Web 2.0 and User-Generated Content (UGC)

2 billon @ 48.3% of the world’s population

using social media in 2020

Massive content (per day)

Rumbe O 500 millions X tweets

Twkter O 216 millions Facebook messages

Source: Statista

Introduction: Generic Framework for the Multidimensional Processing and Analysis of Social Media Content: A Proxemic Approach



Context

APs Project

BEARN

pA PYRENEES

Communauté d’Agglomération

Specificity:
Use of the theory of

Proxemics

|: 1 I)—
“1° Library of
= Application
S Domains
) [i‘ Tourism ]
&
= [9, Education ]
=
O
§ [+ Health ]

' 2 L...---------------I

p =" Active Domain of
Application

APs Project

""Set of Generic Tools to Process and
Analyze Social Media Data

End-Users ;
' (Non-computer Scientists)

Indicators
and

Visualizations

‘f—’Answers to Domain-
Specific Requirements
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Motivations |

Decision Support in the Tourism Domain

Tourism Professionals
o Assistance in the decision-making process and infrastructure planning

e Understanding the requirements, practices and expectations of visitors

What leisure activities do tourists typically engage in together?
® e Q
Which cities do tourists tend to go to after visiting Bayonne? Facew ms\ae‘am =
® @ * ®
What are the typical demographics of tourists who visit Biarritz? Unkedin

pinterest

What are the common chained tourist activities? ‘ Nm
TiKTok

Introduction: Generic Framework for the Multidimensional Processing and Analysis of Social Media Content: A Proxemic Approach



Motivations lI

Main Hypothesis

Temporal matic Spatial ematic Sentime:
men Thematic P Thematic Spatial Sentimental TourismHeritage TourismLegislation
Yesterday , we went swimming at the grande plage beach in Biarritz , it was an amazing experience! The ’Mur-'Reswrm CuitunilHeritage Regulation Publicl
weather was incredibly sunny .  :)  # holidays # sun # btz S b
— ——— e e e rnile -~
Thematic Thematic  Sentimental  Thematic ~ 1hematic Spatial \ a =

S == UN Tourism

Posted on 22" June 2019 by @Maxime268 in Biarritz, Nouvelle-Aquitaine, France

£ \ UNITED NATIONS
5 —_—
E mml—' e e TrainjngAndEmployment  LeisureActivities WORLD TOURISM ORGANIZATION
L ———— Outings pospa—
= 22 likes — 12 retweets — 6 answers — 2 quotes Emplbyment g Damage
Z wme EEs o
£ Engagement | S
TousnnOfupations . . \ Games
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. . | | B \
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Phase 1: Collect

Raw Dataset
Social Media Posts and Users

Collect

International Conference (CORE: B)
International Conference on Web Information
Systems Engineering (WISE 2022)




Research Challenge and Hypothesis

Constructing Accurate and Representative Social Media Datasets

® Challenge: Constructing accurate and representative social media datasets

o Social media are massive and noisy

o Applicable across various social media and domain of application

@ Hypothesis: High-level generic methodology to build social media datasets
o Iterative and incremental process
o Human feedback

o Semantic domain description

o Various existing filtering techniques

Collect: Toward a Generic and Iterative Methodology for Constructing Thematic Datasets from Social Media 9




Related Work

Existing Dataset Building Approaches from Social Media

Most Common Filtering Techniques used on Social Media
e

g R
@ Spatial N @ Temporal N @ Thematic N
Rules Rules Rules
Bounding Box Timestamp Account List, Followers
Geocoding on Toponyms Account Creation Date Linked Threads (repost, etc.)
Toponym List + Temporal Entities + Thematic Hashtags
Exclusion List Thematic Keywords
N RN AN -
Metadata-based Content-based

No high-level, generic collection approach. Mostly ad-hoc implementations

Collect: Toward a Generic and Iterative Methodology for Constructing Thematic Datasets from Social Media 10




Generic and Iterative Methodology for
Constructing Thematic Datasets from Social

Media
Filtering Process and Iterations

End-User Involvement

= = Evaluate the resulting dataset
“ = Submit feedback
Feedback Loops ‘ | '

e Indefinite number of iterations

e Until the dataset is deemed satisfactory

Collect: Toward a Generic and Iterative Methodology for Constructing Thematic Datasets from Social Media

Feedback Loop Q

Other
Posts
100%

Posts with Spatial
Metadata

Associated
Medias
<5%

=1to2%

Pre-Filtering
Accounts, Hastags,
Keywords Blacklist

Temporal Filtering

® Temporal Criteria

- e e ) e e e e s

Spatial Filtering

D:U] Spatial Criteria

Thematic Filtering

g Thematic Criteria
—

Enrichment

Preview

® § :

\ Domain-Specific Dataset

Domain Expert

Is there too much noise, silence ?




Experimentation

Definition and Filtering Process

Filtering Criteria Iteration 1 i\ Iteration 2 )\ Iteration 3
: Blacklist
Pre-Processing and \ ® Start Prl'?)l)?ecsls(:::al G7 hashtags
Temporal Filtering Accounts and keywords

Language: FR, ES, EN e s |:> > 1 billion tweets |:> > 1 billion tweets

Exclusion: retweets, citations

Temporality: Summer 2019 / °\ ‘ l: j
K ial Filteri \ Deletion Deletion
Spatial Filtering 46 too common 29 too common
Bounding Box: French . toponyms toponyms
Basque Coast iﬁgg&goo 155,549 tweets 66,005 tweets

Toponyms: 625 from
kOpenStreetMap / ‘

S A S

Thematic Filtering

Thesaurus of Tourism and WTO Thesaurus WTO Thesaurus -
Leisure Activities of the Cance"e.d 59,358 tweets [ Final Dataset ]
World Tourism (too much noise) |::> !
K Organization (full) 27,379 tweets

=~ 15,000 users

Collect: Toward a Generic and Iterative Methodology for Constructing Thematic Datasets from Social Media



Evaluation

Quantitative Analysis: Comparison with X/Twitter’s Travel Context Annotations

/ Tweets we spatially filter in th
French Basque Coast Area
66,005 tweets

. 0

/ Tweets we thematically filter
as related to Tourism
27,379 tweets

ﬁ Tweets tagged o

— as "Travel" by Twitter

1,668 217
tweets

\ o=

@ Is what we collect additionally relevant? Or is it just noise?

Collect: Toward a Generic and Iterative Methodology for Constructing Thematic Datasets from Social Media 13




Evaluation

Qualitative Analysis: Dataset Accuracy

Iteration 1 Iteration 2 Iteration 3
Geotagged | Others | Geotagged | Others | Geotagged Others
(@20) 0.75 0.60 0.30 0.83 0.72
Accuracy | (@50) 0.64 < 0.1 0.60 0.30 0.77 0.74
(@ 100) 0.52 0.59 0.35 0.74 (x 0.74) | 0.65 (x 0.48)

@ Potentially 65% to 83% of the tweets collected could be pertinent

@ Highlight the role of iterations in improving accuracy

Collect: Toward a Generic and Iterative Methodology for Constructing Thematic Datasets from Social Media



Phase 2: Transform

Raw Dataset Enriched Dataset

Social Media Posts and Users Sentiments, Locations, Themes

Transform

National Conference
Conference on Computer Science for
Organizations and Information and Decision

Systems (INFORSID 2024)

15



Research Challenge

Knowledge Extraction for Social Media Content

@ Challenge 1: Identifying best knowledge extraction strategies and models for a given
application domain and task

@ Challenge 2: Determining the number of domain-specific annotated examples needed to
get satisfying results

o Manually annotating — Lengthy, costly, time-consuming
m Objective - Get optimal results with minimal use of annotated examples

@ Hypothesis: Use of a comparative study on optimal strategies for multilingual analysis of

social media content based on a novel annotated dataset

@ Limitation: Tourism domain, social media texts

Transform: Optimal Strategies for the Multilingual Analysis of Social Media Content in the Tourism Domain



Introduction

Common Knowledge Extraction Tasks

Sentiment Posits Yesterday, we went swimming at the Grande Plage beach in Biarritz, it was an
= os1tve
Analysis amazing experience! The weather was incredibly sunny. :) #holidays #sun #btz
. Location Location
Named Entity p ~ N PN

. Yesterday, we went swimming at the Grande Plage beach in Biarritz , it was an amazing
Recognition (NER) - _ _ : ,
experience! The weather was incredibly sunny. :) #holidays #sun # btz

for Locations e
ocation

Sports::WaterSports::Swimming NaturalResources:Beaches

r——— e N,
Yesterday, we went swimming at the Grande Plage beach in Biarritz, it
Fine-Grained . . | . .
was an amazing experience! The weather was incredibly sunny .2)
. — \—\f—/ R ,
Thematlc concept NaturalResources::Weather ClimaticFactors::Sun
N S’

VisitorFlows::Holidays ClimaticFactors::Sun

Transform: Optimal Strategies for the Multilingual Analysis of Social Media Content in the Tourism Domain



Related Work

Rule-based Techniques for NER for Locations

Technique based on ... Advantages (+) Disadvantages (-)

Lexicon Easy to implement, easily Requires a lexicon, limited by
understandable lexicon size, ignores context and
grammatical structures
Patterns Precise for well-defined Missing variations not covered by
patterns patterns, requires properly
formatted sentences
Syntax and grammar Exploits linguistic structures Complex to maintain, especially in
for deeper analysis multilingual contexts
Semantics Can understand nuanced Require comprehensive semantic
meanings and relationships knowledge bases, more
between terms computationally intensive

Transform: Optimal Strategies for the Multilingual Analysis of Social Media Content in the Tourism Domain



Related Work

Fine-Tuning and Zero-Shot Prompting

Fine-Tuning

Domain-Specific

Annotated Examples

Altered

Weights New Specialized
Model

Base
Weights

Base Pre-Trained
Model

Prediction

Zero-Shot or Few-Shot Prompting

- . Prompting
Description of the task in Prompt
natural language +

Some examples

Output .
> Prediction

Language Model

Transform: Optimal Strategies for the Multilingual Analysis of Social Media Content in the Tourism Domain



Text Classification Sequence Labelling

.
[ ar hl

M Knowledge Sentiment NER for Fine-grained
Experlmental Setup Extraction Analysis Locations Thematic Concept
. . Tasks Extractions
.
Com pa ratlve Ana |ySIS —— l— XLM RoBERTa-Base ()(LM R) H
g3
re= 1 XLM-RoBERTa TW|tter Base (XLM-T) g
S I
° Mu|ti|ingua| Dataset 2= | | XLM-T Sentiment Multilingual BERT (mBERT) &
Language _ [ GPT3.5/GPT4
o 2961 tweets, 624 users Models o/ »
~ S Mistral 7B ®
= n
o] (o]
I =< (B2 lama278 o
S~ GoLLIE7B @
1. Language Models . FlanTs @
hi : hni Fine-Tuning (FT) o
2. Machine Learning Techniques L":ac".i”e T — o
. arnin
3. Dataset Sampling Methods Techniqui SetFit (SF) ¥
L Prompt-based Few-Shot (FS) £}
SE;‘;?:; [ k-shot Sampling Y
Technlques Percentage Sampling Y
Transform: Optimal Strategies for the Multilingual Analysis of - 20
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Results

Examples per class (location) — F1-score
N E R fo r LO ca t| ons A Techniques 0 5 [ 10 | 20 | 30 | 40 | 50 | 100 | All
'Igrompt-based FS Regular Prompt-based Few-Shot of LLMs
GPT 3.5 0.694 | 0.698 0762 0.762 0.798 0.809 0.828 0.806
Mistral 7B 0.680 | 0.704 | 0.689 | 0.730 | 0.749 | 0.741 0.742 | 0.739
e Rules-based F1: 0,707 LLaMA 27B 0.627 | 0.587 | 0.615 | 0.594 | 0.621 | 0.580 0.568 | 0.169
. FT of MLMs Fine-Tune of Encoder-Only Models (MLMs) @
XLM-T 0.067 0.113 0.001 0.029 0.000 0.067 0.05 .802
e Few-shot prompting with XLM-R 0.107 0067 0130 0062 0328 0133 0.001 | 0.791
LLMs mBERT 0.115 0.108 0.083 0.007 0.000 0.000 0.000 | 0.818
FT of LLMs Fine-Tune of Encoder-Decoder and Decoder-Only Models (LLMs)
LLaMA 2 7B 0.000 | 0.000 | 0.000 | 0.000 | 0.000 0.000 | 0.228 } 0.701
@ Fine-Tuning with Large
FlanT5 0.000 | 0.000 | 0.000 | 0.000 | 0.000 0.000 | 0.000 § 0.806
(LLMs) or Masked Language EntLM Template-Free Few-Shot in Sequence Labeling Tasks for MLMs
Models (MLMs) mBERT 0.317 | 0.385 | 0.437 | 0.529 | 0.562 0.591 | 0.584 | 0.788
@ GoLLIE GoLLIE Guideline following model for Information Extraction @
GoLLIE 7B 0.670 | 0.622 | 0.632 | 0.662 | 0.661 | 0.694 0.689 | 0.732 | 0.832
Transform: Optimal Strategies for the Multilingual Analysis of 21
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Discussion

Named Entity Recognition for Locations

Task with few classes but many label words

©

o Low representativeness of label words

If it is possible to annotate many examples, fine-tuning with MLMs works
very well

Otherwise, 30 examples are enough to obtain satisfactory results in few-shot
with LLMs

© © ©

Combining our training dataset with other datasets dedicated to NER
- No significant improvements

Transform: Optimal Strategies for the Multilingual Analysis of Social Media Content in the Tourism Domain



Phase 3: Analyze

Enriched Dataset

Proxemic Model

Sentiments, Locations, Themes Proxemic Similarity Indicators

0 International Conference
(CORE: B)
International Symposium on

International Journal
(SJR: Q1)

Social Network Analysis

and Mining (2024) Intelligent Data Analysis (IDA

2023)

Young Researcher Forum

Young Researchers' Forum
at INFORSID 2022

23



Research Challenge

Social Media Indicators

(1) Challenge: Modeling social media entities

and interactions in a domain-agnostic

. . S i Modular Stakeholders
manner to produce adaptable indicators || Tmenc Dimensions in various domains
.. Description [TTTT] W\
for decision support. e o° Thesaurus, ' Similarity
f".-. M) ¢ Indlcators
. . . I
(@ Hypothesis: Redefining the Proxemics 00 i’ o' Vicualization
. . . ig] PostsandUsers Universal Toolkit
theory for use in social media and Social to calculate indicators

calculating indicators through similarity

measures based on proxemic dimensions.

Analyze: Redefining Proxemics to Model Social Media Entities and their Interactions to Generate Domain-Adaptable Indicators from Social Media



Related Work

The Proxemics Theory (Hall, 1966)

@ Cultural, social, and physical
factors can affect the definition of Proxemic Zones
proxemic zones

@ Two levels of analysis

o Individual

Intimate Zone Personal Zone Social Zone Public Zone
0t0o0.45m 0.45t01.2m 1.2t03.6m more than 3.6m

7 : s : -
Forclose Interaction Regular Public speaking
o Grou P hveieal eontact with friends conversations with an audience
Phys! or family L with strangers or large gathering

@ Notion of centrality -

— 4\\ ,» A l !\
e — ]/\

\“‘H:i )i_,_,»/’ Narrower

J

\

Analyze: Redefining Proxemics to Model Social Media Entities and their Interactions to Generate Domain-Adaptable Indicators from Social Media



Related Work

The 5 Proxemic Dimensions: DILMO (Greenberg, 2011)

(i) DILMO Dimensions
@ Extension of the theory of proxemics

@ Five dimensions used to describe proxemic environments

=]
ol

Distance Jl Orowation Il overert [ doniy

Source: Greenberg and Marquardt, 2071

Analyze: Redefining Proxemics to Model Social Media Entities and their Interactions to Generate Domain-Adaptable Indicators from Social Media



Formal Redefinition of Proxemics in the Context of Social Media

Adapting Proxemic Dimensions to Model Social Media Entities and Interactions

Physical
User <« » User

T
_EE — S

r )

Physical
: : Place < » Place
Time Theme Time Theme

Temporal Interval

05/08/2023 4:42 PM Bayonne, France on 12/08/2023 4:42 PM
We visited the city of Biaffitzand Just got out of 2B < » Date
practiced swimming at the main the museum, it's raining )
beach. It was amazing! #Holidays sowe can't Semantic
#Travel go to the beach. :( Theme < » Theme

30w

0@ -
Orientation _ Orientation

Analyze: Redefining Proxemics to Model Social Media Entities and their Interactions to Generate Domain-Adaptable Indicators from Social Media



Identity (1)
—

+ H i
+ description: String key: String

T h e A PS ¥ isInCriteEia(user) -Bool ”alue:oo__ bect - m
Proxemic
Model

Data Model Overview

T +start: DateTime
0.% + name: String +end: DateTime

+ getSpatialTrajectory(): List<Set<Place>>

+ groupName: String
+ getEntityCount(): Int

+getTemporalTrajectory(): List<Time>

+ getThematicTrajectory(): List<Set<Theme>>
+ getSentimentalTrajectory(): List<Set<Sentiment>> {ordered]
+ getMultiTrajectory(dimensions): List<Set<Tuple>>

—— L T B
T

********* 1 |t placeName : String isReplyTo
— 1 +osmUri:Uri L 1

Post

1
_______ :“ i String
+ datetime: DateTime

+ value: Double + content: String

1 A
+ compute(): Int +compute():Int [T 4 + conceptName: String — -

+ conceptUri: Uri

+fromMetadata: Bool <]1 R
JANiY +startindex: Int? -
\ ‘ +length: Int?

. . + getTotalEngagement(): Int u
+ polarity: String

5

+name : String
+url : String

Interval
Distance

Distance

+compute(): Int

|dentity

D

I

Location L
M

Movement

+ type: String
+value: Object 28




The APs Proxemic

Instantiation Process

@ Raw Data @ Enriched Data @ Proxemic Indicators

-

'q_’S ﬂ- Sentiment Analysis

Posts' i
Content E c N 1E t‘ty 5 ” .‘
| © amed Entity Recognitio T
-~
ooig| Lo (NER) for Locations g5 M[D}— o
. . . ' p Computing Domain-Adaptable
Extraction O?OF:::‘;SOCBI Media ' § Fine-Grained Thematic Concept Indicators with the PrescMesrics Toolkit
] Extraction (analyze phase)
(collect phase) ' ~ Proxemic model with static distances
Set of raw social media posts : -~ {extensible) and proxemic similarity measures
and their associated metadata Battery of Knowledge Extraction Modules BT w]e]
(v ] n ’@ (transform phase)
Set of posts linked with informational entities
Posts’ .'-.'. o !

Metadata
Legend

all Metadata (User and Profiles, Geotags, E\gageme:t Metric;) APs Trajecfory Model
] [o] D[1[L[m]|o

Analyze: Redefining Proxemics to Model Social Media Entities and their Interactions to Generate Domain-Adaptable Indicators from Social Media



Related Work

Social Media Indicators

Social Media
Indicators




ProxMetrics: Modular Toolkit to Evaluate Proxemic Similarity in

Social Media

Social Media Entity Definition and Proxemic Similarity

(1) Dynamic Entities &%

Individual User Group of Users

O o2
aa e

@ Static Entities (Informational Entities) é’ﬁ

Places Periods Themes

@ O

Pattern 2

Theme 1
PeriOQ-é Perlo..q_l‘..- """" T

G\ @ ...... | QPice .

AL A

T heme4 ‘ :’z“ } “' - -

b Theme 2

Eef € {user, group}
VEtarget €T, Etarget € {place, time, theme}

Analyze: Redefining Proxemics to Model Social Media Entities and their Interactions to Generate Domain-Adaptable Indicators from Social Media




ProxMetrics: Modular Toolkit to Evaluate Proxemic Similarity in

Social Media
Proxemic Similarity Definition

Modular Proxemic Dimension (DILMO)
Distance, ldentity, Location, Movement, Orientation

—

aD Bl yL M | 0O

v

( Target )
Entities (1)

Distance Similarity (D)
Identity Similarity (1)
Location Similarity (L)

Orientation Similarity (O)

vV v ¥

Movement Similarity (M)

L — L L L — L
1 ' ' 1 ]

Reference Entity (E ¢f)

~

| Proxemic Similarity (P) |

&=

]Dé( refs Eturgct) - Q’D(Eref: Etargct) + JBI(Eref: Eta,rgct) + "YL(ETefr Etar'gct)
+ ‘51"’{(Erefa Etu‘r'gct) + WO(Erefa Em'r'g(it)

witha+ B8 +~v+d+ w=1

Analyze: Redefining Proxemics to Model Social Media Entities and their Interactions to Generate Domain-Adaptable Indicators from Social Media



ProxMetrics: Modular Toolkit to Evaluate Proxemic Similarity in

Social Media

Proxemic Similarity Definition

Ere f Etarget D I L M o
[ ﬁ. [ }’ﬂl Iindz‘m’dual
Pattern 1 -V -V Dphysz'cal Lindividual M;ndividual Oindividual
Igroup
e
Pattern 2 - Y "&“ o \ ©) vV n/a Igroup Loceurrences Mentropy Ooccurrences
o
Pattern 3 o \% O V - ﬁ n/a Igroup Loccu'r?'ences Mentropy Ooccurrences
Dphysical
Pattern 4 o vV © vV O Vv © v D emantic I group Lcr)—occ:u"r"r'ences ﬂ’fsequf:'recing Oco—ocrcur:r'e'n.ces
D interval

(?) Based on existing formula, adapted for social media

o Jaccard (Lindividual)

> Conditional Probability (Msequencing)

o Entropy (Mentropy)

Analyze: Redefining Proxemics to Model Social Media Entities and their Interactions to Generate Domain-Adaptable Indicators from Social Media




Experimentation

Modelling Tourism Requirements with ProxMetrics

Proxemic Environment Dimensions
Req. Reference (F,.f) Targets (1) D I LM O
@ Leisure Activity Leisure Activities . .
Q@ Municipality or @ POI Q@ Municipalities, POIs . .
@ & User Group Q@ Municipalities o o .
A
| 1
A B
What leisure activities do tourists typically Which municipalities do tourists tend to go to
engage in together? after visiting Bayonne?
C

What are the typical demographics of
tourists who visit Biarritz?

Analyze: Redefining Proxemics to Model Social Media Entities and their Interactions to Generate Domain-Adaptable Indicators from Social Media



Experimentation

Case Study on Indicator (@

Indicator
Municipality-Specific Demographics

X

( )
Perspective 1 Perspective 2
Group (Photographs) to Municipalities Municipality (Biarritz) to Groups
" Weak Affinity " Weak Affinity
%2,9 Q B P %
Tam%s gutabilincay Urrusone 0 O RS P,(Photographers, Biarritz) =
7 I{).(assou o > 4 Spéﬁ!sh‘f‘f‘ourists
9 (s i\ / A Medimamoiy X Igroup(Photographers, getUsersMentioning(Biarritz)) +
Irun 9 Ustaritz ":“ “‘ ‘;2
o [E= //strongAfﬁnity \ \ / StrongAfﬁmty: T 5 \ 1 03
Bidart | . | e | ourists | ! e P
| l » %&e f Q 3 X Loceurrences(Photographers, Biarritz) +
Photographs / i it Biarritz ! ~~
i 3 \ ’ : ; ;"‘ :‘E \ \\ h. E ﬁish%urists / i 0.34
\ Q b / AR X \ , / / 1
\Arbonne \\II Q / X \ \_ j y / _ T rea 21779
\ A  Spole [\ & / X Opecurr [(Photographers, Biarritz
\abarie :‘*‘PS - 0403 Salﬂt )ea?ﬂg‘t& \ Ij\ﬂuencers \ P‘S 0. 403 ¢ 3 OCCUTTENCES ( { N }
g"’ 14 N smma%mvounsts 0.36
Ba&ﬁg Q Ascain , ~ : :
Cambo Ies Bains Btz R : ~--Photographs =~ U 40-5
Y . Al :
B SaInt-André-de-_SeE;:?:igs
Wi RE———
- ] 1
Identity (0.33) Location (0.33) Orientation (0.33)

Analyze: Redefining Proxemics to Model Social Media Entities and their Interactions to Generate Domain-Adaptable Indicators from Social Media



Experimentation

Examples of Indicators: @) and @

Indicator A Indicator B
Leisure Act|V|t|es Practlced Together Mun|C|paI|t|es Visited i in Sequence

@ = Mouguerre -
Running Drama ’,,Sﬁi'nt-Pée»sur-N ivelle Q»
Tarnos Q
= e B Bayonne ™.
&=
-  Bathhg \ / Rrbot
Y Filming ‘\.‘ . Ihemi*
/ Sz i Espelety)
o VL) (1) e— Uty
4 > ' hsoees / Lt .
/ Outings V] / : N \
{ [ A i/ 1 N 4 :
| Concerts | . ‘0 | " L A N
/ £ Jussarry { £ 1 4 Briscd
"-.\ 1o ‘-.\ Ustaritz i
| Exhibitions \\ ‘J." U:.taou \ \_\\
' o\ .
/” hohce
A 7 3\, ;
.. v . v /
/ . - Guéthary
~ o . Saint-Jean-de-Luzl]
s = -
Filmy"

~SpectatorEvents

[oc] Saint-Apdr‘é-de-Seignanx
ideo-C. 7
Rambling Video-! aSsetteRecurder

Theme (Surfing) to Themes ™ w\F'lace (Ustaritz) to Places?:

L(0.5) 0(0.5) ‘ D(0.05) ‘ ( M (0.95) ‘

Analyze: Redefining Proxemics to Model Social Media Entities and their Interactions to Generate Domain-Adaptable Indicators from Social Media



Evaluation

Protocol

Pattern 1 - Dynamic to Dynamic
Indicator Connection of Sitmilar Tourists
Prox. Environment User (Dominique) to User (Luco)
Evaluators o X | ProxMetrics A
Distance] 5 | 8 | 8 | 5 | 8 [1,47|6,80 8,60 1,80
Identity| 3 | 3 | 3 | 2 | 4 (0,63]|3,00 6,50
Location| 2 | 5 [ 2 | 4 | 2 |[1,26(3,00 1,70 1,30
Movement| 2 | 5 (3 | 2| 2 |1,17(2,80 1,70 1,10
Orientation] 1 | 5 | 2 | 2| 3 |1,36(/2,60 2,80 0,20
Combination i
3 7 5 2 2 | 4 |1,17]|3.20 4,26 Im

Analyze: Redefining Proxemics to Model Social Media Entities and their Interactions to Generate Domain-Adaptable Indicators from Social Media



Phase 4: Valorize

Proxemic Model
Proxemic Similarity Indicators

Valorize

Insights for End-Users

Non-Computer Scientists

\

National Geonumeric

Days (GeoDataDays) .
Winner of the GeoData 0 National Workshop

International Conference (CORE: A) Challenge 2023

Workshop “Exploring Traces
in an All-Digital World:
Challenges and

Conference of the European Chapter of
the Association for Computational 0
Linguistics: System Demonstrations National Journal
(EACL 2024) Mappemonde

Perspectives” at INFORSID
2023 38




Research Challenge

Visualization for Decision Support

1. Collect

Raw Dataset from Social Media

Vo

Corpus of Posts
{ Yesterday, we visited the city of Biarritz

@ Challenge: Presenting multidimensional social media

analyses to non-computer scientists in a domain-

and practiced swimming at the main
beach. It was amazing! #Holiday
#Travel 10/09/2023in Biarritz

Metadata

Texts and

Unstructured

adaptable manner.

A}
1

: ~ 2.Transform | a :
@ Hypothesis: Extending, integrating, and blending L

Spatial: Biarritz s
’

o . . . . o & [ |Temporal: 10/09/2023
selected features from existing visualization-based 5T |Thematic Swimming, Beach, Vi | 3 aratye
2 E ’ K ProscMetne: Toolkit
Q

decision support tools could allow to build a dashboard Mutidimensina ©

Annotations

. . Visualization :.r,:::?:x—
addreSSIng Our reqUIrements. “ Indicators
Insight:
Stakellzg;:i‘eali'z ¢ -~ Q
For Decision )
Support
4. Valorize
For End Users

Valorize: Interactive Visualization of Multidimensional Analyses from Social Media



Related Work

Visualization for Decision Support

@ Domain-Specific Dashboards (DSD) e - B <00 A e b e -y
@ Geographic Information Systems (GIS) s 7 = :
..... = b
@ Business Intelligence Tools (BI) _— e
@ Linguistic Information Visualizations (LV) L — 5 e T
@ Ceraie Visusfaifem L . (. Y
Source: INSEE

) : -

Source: PowerBI

Source: D3JS

Source: IRaMuTeQ

Valorize: Interactive Visualization of Multidimensional Analyses from Social Media



The TextBI Dashboard

Frequency View

. E Timeline

Demonstration video available:
maxime-masson.github.io/TextBI
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The TextBI Dashboard

Association View
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The TextBI Dashboard

Proxemics View

Powered by the

ProxMetrics Toolkit
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The TextBI Dashboard

Overlays

© Overlays

Sentiment Overlay Engagement Overlay
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The TextBI Dashboard

Interactions
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Conclusion

APs Framework

Contributions fitting within the APs framework
o Framework aiming to assist in decision-making based on social media

o @Generic: Domain of application and social media source

New Domain and Data Source

e * Local Public @ Municipality
« ®. Policies Review Platforms

e
r N
Collect Transform Analyze Valorize
Contribution 1 Contribution 2 Contribution 3 Contribution 4
L )
RS

Does the APs Framework generalizes well to this
new domain of application and data source?

Conclusion 46




Conclusion

Contributions and Perspectives

@ Collect

Generic Methodology
for Constructing
Thematic Datasets from
Social Media

@Transform

Comparative Study on

Best Strategies for the

Multilingual Analysis of
Social Media Content

*) Analyze

Redefinition of
Proxemics for Social
Media, Proxemic Data
Model and Toolkit

@ Valorize

Interactive Dashboard
for Visualizing
Multidimensional
Analyses in Social Media

*Experiment on larger,
heterogenous datasets

Multimedia sources
«Extend dimensions

«Implementation as a
software platform

*Experiment on other
application domains,
languages and text

types
*Propose strategies for

using LLMs for tasks
with numerous labels

«Assess computational
cost of formula

Investigating new
formula

*Extend proxemic
applications

« Automatic semantic
resource generation

*Experiment with more
users and domains

Make the dashboard
modular and user
customizable

«Support for live feeds

*Industrializing TextB/
(project submitted)

Conclusion
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Thank you for your attention

Any questions?

maxime.masson@univ-pau.fr

maxime-masson.github.io
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Awards and Communications

Y Award

O Ranked 1t at the Geodata Challenge of the National Geonumeric Days 2023 (GeoDataDays 2023) with the proposal "Visualization of data from social media: a Business

intelligence type platform”. This event was organized by the French Association for Geographic Information (Afigéo).
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O M. Masson. (November, 2022). APs: A Proxemic Approach for Data Analysis on Social Media. Workshop “Smart city, smart destination: from management to territorial
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