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Advancing the Multilevel Theory
of Legitimacy: Relevance of social
media




Ample opportunities to advance ...

"We see ample opportunities to advance our
understanding of legitimacy by drawing on Consensus
the context of social media (...) The rise of
social media as a heterogeneous and
coproduced environment changes how social
judgments about organizations are produced
and disseminated (...) may help flag abrupt
institutional change (...) can also provide
visible evidence of cascades that reinforce
legitimacy, destroy it, or create something

Underlying
disagreement

Pluralistic
ignorance

1
NEW.  (Haacketal, 2021, p. 24)



Context of Social Media: upward loop

— Macro-Level
Institutional (Formation and validation of
evaluator judgment through
institutionalized and formal
processes).
Source and Content
Selection
Meso-Level Top-down
Formation and social "pre- influence on
Co-creation validation" of judgements individual's
via interaction/ judgements

communication

Externalizing

propriety judgments Micro-Level
in social media Formation of propriety
judgment through
Individuals cognitive information
processing

Figure source :Adapted from lllia, Etter, Meggiorin, Colleoni,2022



What to analyze in this upward loop?

Extant studies have analysed...

Heterogeneous discourses

receiving collective attention
(Ilia et al. 2023a)

Institutional
evaluator

and Content

"Legitimacy struggles” Selection
(Glozer et al., 2019, p. 627).

Convergence around few

aggregative judgments -« Co-creation
(Illia et al. 2023a; Colleoni et al., 2023; lllia

L.,2023b)

Affective and emotional Externalizing

(Etter et al., 2018; Barbera-Tomas et al., 2019) propriety judgments

in social media

Heterogeneous micro-level
actors (etter et al, 2018)

Individuals

*Not yet used to analyze social media dynamics in legitimacy studies but has excellent potential as deliberative experiments may create
interactions-communications in communities and allow synchronic deliberation.



Which methods at hand...?

®

Heterogeneous discourses

receiving collective attention
(Ilia et al. 2023a)

"Legitimacy struggles”
(Glozer et al., 2019, p. 627).

Convergence around few

aggregative judgments
(Illia et al. 2023a; Colleoni et al., 2023; lllia
L.,2023b)

Affective and emotional
(Etter et al., 2018; Barbera-Tomas et al., 2019)

A

Semantic network analysis
PR b

Thematic analysis rhetoric
Sentiment analysis

Heterogeneous micro-level
actors (etter et al, 2018)

Institutional
evaluator

and Content
Selection

Co-creation

Externalizing
propriety judgments
in social media

Individuals



Why at this stage?...Because data look like.....

Who is (de-) Which discourses receive
legitimizing? collective attention?

Main issue: when micro-actors
interact as a group, the group is
informal —most if not all times
temporary. Hence, one can
identify who they are on the
base of what they say. Yet,
identifying "who is who" on the
basis of what they say in a tweet
would be problematic,
tautological.....




Computer-assisted quantitative
text analysis: its benefits and
limitations




Computer-assisted quantitative text analysis

"refers to a range of current techniques from quantitative social science
and content analysis to data mining and text classification (of) data in the
form of natural language texts of social scientific interest"” (saver etal., 2014)

Approach Method What it does

Produces meaning of word is
provided by context where it is
inserted

Keyword-in-context

Positioning (KWIC)

Keyword-out-of-
Inference context (KWOC) —
dictionary based

Assigns meaning by inferring that
a word has a meaning




Computer-assisted quantitative text analysis

"refers to a range of current techniques from quantitative social science

and content analysis to data mining and text classification (of) data in the
form of natural language texts of social scientific interest"” (saver etal., 2014)

Approach Method What it does

Produces meaning of word is

provided by context where it is
inserted

Keyword-in-context

Positioning (KWIC)

The general approach of this method is:
words co-occurring in relative proximity

(i.e., distance) in the same context (i.e.,

text-corpus) are interpreted as relating
to a common theme or concept in the
discourse studied.




Key Word in Context (KWIC)

Advantages

Allows to identify hidden patterns

v

v

“that are generally impossible
to specify a priori” (aemany & vayre,
2015:11)

that are impossible to be
grasped with ‘human coding’
due to a high volume of data

(Baumer, Minmo, Guha et al., 2017).

that can enable an excellent

q ud | itative ana |ySiS (Baumer, Minmo, Guha
etal., 2017)

Disadvantages
Does not allow us...

X to provide theoretical
advancement unless one also
conducts inferential tests
(quantitative) or theory building
(qualitative) (randaetal, 2021; Hannigan et al, 2019)

X Interpretation of machine

learning indicators is tidy (Hannigan etal,
2019).



Examples KWIC used so far for legitimacy

Sentiment Semantic
(machine learning) Network
= NV
= e / = S
= o )
Ca.tegorical Topological
distances distance
A |
( \ ( \
Judgments' Judgment'
valence attributes
character Heterogeneity

vs Convergence

Visualizations adapted from Evans and Aceves, 2016: :21-50



Examples KWIC NOT used so far for legitimacy

Analyse user's Structural Topic Vector Space
descriptions Modeling (STM) Modeling (VSM)

| ROAR

Analyse tweets

Combinational Geometrical
distance distance
\ \
. : [ \ { |
Extant studies still have Attributes of

not proposed this. STM Heterogeneous

and VSM are ideal,
respectively for:

heterogeneous micro-actors
discourses and their
receiving identifying
attention attributes

Visualizations adapted from Evans and Aceves, 2016: :21-50




STM vs VSM at a glance

STM VSM
(Roberts et a.., 2016;2019) (Mikolov et al., 2013)
Distance Combinational Geometrical
Statistical Bayesian probabilistic model (LDA) Word embedding model (NLP)
model
Focus is Semantic description of attributes of a salient Semantic distance (discourse attributes

discourse

similarities vs differences)

Used to trace..

Collective attention over certain discourses
attributes: probabilistic model calculates most
prevailing topics (i.e., discourses) in a dataset
based on words (FREX) most significantly related
to a topic.

Social/cultural dimension of discourses
attribute: NLP models used for VSN grasp
important semantics typical of a specific
culture/social system

Disadvantage

Corpus text sparsely distributed, as one
document (e.g. tweet) belongs to more topics
(threshold for exclusiveness difficult to be
decided)

Pre-training dataset has to be hudge
(NLP). Otherwhise emerging clusters are
nonesense.

Advantage

Meta-variables to do inferences, and allow causal
relationships and test hypothesis or build theory

Corpus-text exclusively embedded as one
document (e.g.Tweet) belong to one
cluster only.

Attributes of heterogeneous
discourses receiving attention

Heterogeneous micro-actors
and their identifying attributes




Example of application:

Financed by

Becas Leonardo
a Investigadores y
Creadores Culturales

Fundacion BBVA Laura lllia (P1), Marco Caserta, Nuccio Ludovico,
U Fribourg IE University, U Groningen,
Switzerland ~ Spain Netherlands




Uber: Underlying disagreement voiced...
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Methods: Data collection and analysis

-~

118,202 113,971

KWIC Manual coding Regression analysisx
(qualltat|ve) to analyze which VSM clusters

significantly influence the rise of which
STM topic when (time-period)
interpretation of

13 5 5 13
y= Z.Bi Ci +Zpt +ZZ.BitCipt
' i=0 t=2 t=1i=0
resulting robust

(hidden) patterns where ¢; indicates the cluster number,

p; indicates the period, and

Users' Tweets*
descriptions
Vector space Topic model Human

c_ip_t models interaction cluster-period.

* initially 149,366 (before clearing technigues: Lemmatization (Spacy); Stopwords (1100 terms); Threshold f,.,» >= 20; wordLengths >= 4; Cleaned up punctuation)



Step 1: 118.292 users' descriptions clustered

in 14 clusters (VSM)
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The approach proposed is inspired by forensic linguistics: | will tell
you who you are based on how you describe yourself



Qualitative analysis of user's descriptions

and entrepreneurship in IT.

Below average n°
followers

13 Disillusioned Self-description is very how should we like it were stars to burn with a passion for us we could not return if
pessimistic in terms of equal affection cannot be let the more loving one be me auden (user 11411332)
trust in oth d reality. . . . :

Avser;n :n‘? 2??2115556;? do not draw a conclusion from me by reading my bio you are sad to love is to

& become vulnerable to that person that you do not know if it will end up destroying
you (user 33080849)
3 Creative and | Self-description denoting | creative leader codean at adhouse advertising school illustrator podcaster new york
activist profession related with red bulls fan father to two nincompoops black lives matter » (n° user, 489396705)

creativity and art that are

engaged politically. Very

high n° followers best known for being mds humanitarian activist photographer goofball actor lover
of cupcakes starbucks and razorback football (user 20561849)

4 Tech Self-description denoting | student of cities businessman consultant technologist innovator passion for gis

professional profession related with IT | global 1op ambassador founder innorte urban expert advisor medell (user

947383580)

senior software engineerteam lead by profession photographer designer twitter
entrepreneur achiever (user 76000475)




Figure 3: VSM clusters

VSM cluster

VSM cluster n® 0: 7138 users, 8445
tweets, avg n® followers 4549

Patterns in_self-descriptions VSM - Actor label

Self-description showing offown diversity and uniqueness withoutshame; Low 4
number of followers [_V The diverse

VSM cluster n® 2: 961 users, 1024
tweets, avq n° followers 21160

creativity and love for art. Video markers, passion for cultural industries; Low The free creatives

number of followers

, w
o N ) N

Self-description with expressing freedom to exert own sexuality and express own | [

VSM cluster n® 8: 3220 users, 3847 Self-description on the basis of slang expressions and language that refers to The hashtaggers

tweets, avg n° followers 2834 hashtags circulating in Twitter or mentions. Very diverse user type as they show [=> \. J
~

e e . L | e e e e = v=nmie | Thacronpmars

tweets, avg n° followers 10116 P : L )
-

VSM cluster n® 7: 10164 users, 14834 Self-description based on profession in news media (news publishing, news content .

tweets, avg n° followers 53878 production). Average number of followers News specmllsts

VSM cluster n® 9: 9010 users, 11367
tweets, avg n* followers 13740

VSM cluster n® 10: 16727 users,
23777 tweets, avg n° followers 23204

VSM cluster n® 12: 120907 users,
15589 tweets, avg n° followers 38423

PR specialists

Self-description denoting expertise and profession in public relations, public affairs
or web communication. Below average number of followers

industry; Above average number of followers

S
Self-description denoting passion or profession in editorial or entertainment \,ZD[ Entertainment sp ecialists ]

advertising or journalism. Largely above average number of followers

Self-description denoting profession related to content production in marketing, [I: l|> [ Content spe cialists

VSM cluster n® 4: 4537 users, 5831 Self-description denoting profession related to IT and entrepreneurship in IT. Below Tech prOfESSionals
tweets, avg n° followers 9208 average number of followers I
VSM cluster n® 6: 10249 users, 20792 Selfdgscription very prosaic, with quotations or “maxims” that talk about life and )
tweets, avg n° followers 31774 meaning of life. Largely above average number of followers Philosophers
VSM cluster n® 13: 9120 users, 11556 Self-description very pessimistic about trust in others and reality. Average number isillusi
tweets, avg n° followers 10274 of followers Disillusioned
.o, Self-description denoting profession related to creativity and art, engaged politically. . CH
&M ::Sluster n f3.| '5319 ussgrss,77529 s b ik Tt o ol s \,=(> [ Creative activists J
ets, aveg n foliowers
o Self-description denoting profession related to IT and entrepreneurship in IT. Below :
VSM cluster n fs:l '4559 u;irzséssy averags number of followers 35 [ Ideological hackers ]
tweets, avg n° followers

VSM cluster n® 1: 23471 users, 29571
tweets, avg n® followers 2012
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Step 2: STM of 113,971 tweets

All 35 discourses -topics
with collective attention.
Here their fluctuation

v

ooming into 6 topics
that fluctuate the most
during the boycott
expressing de-legitimizing
evaluations about UBER

Expected Topic Proportion

Expected Topic Proportion
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6 discourses : qualitative analysis (e.g.

Highest Prob

taxi, service, play, catch, bitch, hand, cabify, seat, transportation, launch, industry,
competition, comment, fart, bike

service, play, catch, bitch, hand, cabify, seat, transportation, industry, competition,

FREX : )
comment, fart, bike, american, regulate
Lift alliance, labor, rescue, simplified, american, association, bike, bitch, blessing, boat,
cheat, citizen, comment, competition, current
Score taxi, service, play, catch, bitch, hand, cabify, seat, industry, transportation, launch,

competition, fart, comment, bike

Highest Prob

company, tech, rate, post, harassment, sexual, sound, culture, agree, engineer, sexism,
lead, past, female, billion

company, tech, rate, post, harassment, sexual, sound, culture, agree, sexism, lead,

FREX o ; :
past, billion, singe, investor
Lift annoy, curse, snap, technews, allege, artist, billion, blast, blog, candidate, careem
content, crown, culture, demonstrate
o company, harassment, sexual, tech, rate, post, sexism, culture, sound, engineer,

investigation, resign, agree, lead, female

uber use simplified business model disrupt taxi
industry (tweet n° 9768)

citizen request taxi driver improve provision
service way taxi service sustainable (tweet n°®
128936)

blog post write female engineer uber/describe
rampant sexual harassment discrimination
(tweet n°138937)

news tech uber tech company mishandle sexual
harassment claim (tweet n® 139300)



Step 3: § = NiZ0 Bi €i + X2 Pr + Xoe1 Dimo BitCibe

4 discourses receiving a

temporary pick of attention 2 discourses receiving longer

pick of attention
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14 VSM clusters of actors

Example Discourse 29 and 32

* 29: sharing economy_ lack regulation

e 32: Sexist culture tech industry-Uber

5 4 3 2 1 0

7 6

3 12 11 1 9 8

Topic29

[
N
w

Time - period

Long-term pick of attention
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14 VSM clusters of actors
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In definitive...

STM and VSM as promising but still to be validated as ideal for analyzing... this work is

unpublished, yet (I put it in orange...)

Heterogeneous discourses

S
ructural tope Mod
e

receiving collective attention ling (st | Institutional
(Ilia et al. 2023a) ) evaluator
-
“
Source and Content
5 | "Legitimacy struggles” Selection
2/ | (Glozer et al, 2019, p. 627).
5 Converge_ncé around few Semantic network analysis .
/| aggregative judgments «-— Co-creation
(Illia et al. 2023a; Colleoni et al., 2023; lllia
L.,2023b)
_ _ Thematic analysis rhetoric
O Affective and emotional Sentiment analysis Externalizing
(Etter et al., 2018; Barbera-Tomas et al., 2019) < propriety judgments
in social media

Heterogeneous micro-level
actors (etter et al, 2018)

Vector Space Modeling (VSM) o
Individuals



This is us in this paper with STM and VSM...
UNFINISHED  LJORK

FRIDAY EVENING

PERFECT!
I'LL FINISH
THIS ON
MONDRAY

(

MONDAY MORNING ...

WHAT DOES
THIS MEAN!?I?
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