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Ample opportunities to advance ...

"We see ample opportunities to advance our 
understanding of legitimacy by drawing on 
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 
new."  (Haack et al., 2021, p. 24 )
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Figure source :Adapted from Illia, Etter, Meggiorin, Colleoni ,2022

Context of Social Media: upward loop
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What to analyze in this upward loop?
Extant studies have analysed... 

Heterogeneous discourses 
receiving collective attention
(Illia et al. 2023a)

Heterogeneous micro-level 
actors (Etter et al., 2018)

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

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

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

Legitimacy-as-deliberation* 
(Schnider et al., 2018; Jasinenko et al., 2020)

*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.
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Which methods at hand...?
Heterogeneous discourses 
receiving collective attention 
(Illia et al. 2023a)

Heterogeneous micro-level 
actors (Etter et al., 2018)

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

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

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

Legitimacy-as-deliberation
(Schnider et al., 2018; Jasinenko et al., 2020)

Discourse/dialogue trajectory

Semantic network analysis

Sentiment analysis
Thematic analysis rhetoric 

Experiments



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

Who is (de-) 
legitimizing?

Which discourses receive 
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
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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" (Bauer et al., 2014)

Approach Method What it does 

Positioning
Keyword-in-context
(KWIC)

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

Inference
Keyword-out-of-
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" (Bauer et al., 2014)

Approach Method What it does 

Positioning
Keyword-in-context
(KWIC)

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

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

Assigns meaning by inferring that 
a word has a meaning 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 

ü “that are generally impossible 
to specify a priori” (Alemany & Vayre, 
2015:11) 

ü that are impossible to be 
grasped with ‘human coding’ 
due to a high volume of data 
(Baumer, Minmo, Guha et al., 2017).

ü that  can enable an excellent 
qualitative analysis (Baumer, Minmo, Guha 
et al., 2017)

Disadvantages 
Does not allow us...
☓ to provide theoretical 

advancement unless one also 
conducts inferential tests 
(quantitative) or theory building 
(qualitative) (Aranda et al., 2021; Hannigan et al., 2019) 
.

☓ Interpretation of machine 
learning indicators is tidy (Hannigan et al., 
2019).



Examples KWIC used so far for legitimacy

Visualizations adapted from Evans and Aceves, 2016: :21-50
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Examples KWIC NOT used so far for legitimacy

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

Structural Topic 
Modeling (STM)

Combinational
distance

Vector Space
Modeling (VSM)

Geometrical
distance  

Attributes of 
heterogeneous 

discourses 
receiving 
attention

Heterogeneous 
micro-actors 

and their 
identifying 
attributes

Extant studies still have
not proposed this. STM 
and VSM are ideal, 
respectively for:

Analyse tweets

Analyse user's 
descriptions



STM
(Roberts et a.., 2016;2019)

VSM
(Mikolov et al., 2013)

Distance Combinational Geometrical

Statistical 
model

Bayesian probabilistic model (LDA) Word embedding model (NLP)

Focus is Semantic description of attributes of a  salient 
discourse

Semantic distance (discourse attributes 
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.

STM vs VSM at a glance

Attributes of heterogeneous 
discourses receiving attention

Heterogeneous micro-actors 
and their identifying attributes



Example of application:
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Uber: Underlying disagreement voiced...



Methods:  Data collection and analysis

KWIC Manual coding 
(qualitative)

Human 
interpretation of 
resulting  robust 
(hidden) patterns

118,202 
Users' 
descriptions 

113,971 
Tweets*

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

Regression analysis
to analyze which VSM clusters 
significantly influence the rise of which  
STM topic when (time-period)
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where 𝑐! indicates the cluster number, 
𝑝& indicates the period, and 
𝑐_𝑖𝑝_𝑡 models  interaction cluster-period.



Step 1: 118.292 users' descriptions clustered 
in 14 clusters (VSM)

The approach proposed is inspired by forensic linguistics: I will tell 
you who you are based on how you describe yourself



Qualitative analysis of user's descriptions 





Step 2: STM of 113,971 tweets

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

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



6 discourses : qualitative analysis (e.g.)

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: !𝑦 = ∑!"#$% 𝛽! 𝑐! +∑&"'( 𝑝& +∑&"$( ∑!"#$% 𝛽!&𝑐!𝑝&

4 discourses receiving a 
temporary pick of attention 2 discourses receiving longer 

pick of attention



Example Discourse 29 and 32
• 29: sharing economy_ lack regulation
• 32:  Sexist culture tech industry-Uber
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In definitive...

Heterogeneous discourses 
receiving collective attention 
(Illia et al. 2023a)

Heterogeneous micro-level 
actors (Etter et al., 2018)

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

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

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

Legitimacy-as-deliberation
(Schnider et al., 2018; Jasinenko et al., 2020)

Discourse/dialogue trajectory

Semantic network analysis

Sentiment analysis
Thematic analysis rhetoric 

Experiments

STM and VSM as promising but still to be validated as ideal for analyzing... this work is 
unpublished, yet (I put it in orange...)

Structural topic Modeling (STM)

Vector Space Modeling (VSM)



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