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A B S T R A C T

Relevant socio-psychological processes can be detected in social networks thanks to an analysis of linguistic
markers that sheds light on the characteristics and dynamics of the social discourse. Usually, linguistic markers
comprise a list of words representative of a given construct; however, this approach does not account for
contextual interdependencies of words, which can amplify or diminish the relevance of a particular word. In
this paper, we present and leverage a scalable method called PageRank-like marker projection (PLMP) that
addresses this problem. Its rationale, inspired by PageRank, is meant to fully exploit the interdependencies in
a semantic network to project markers from a social discourse level (tweets) to its semantic elements (words).
We show how PLMP is able to associate markers with specific words from their semantic context, which allows
for an even richer interpretation of the online sentiment. We demonstrate the effectiveness of PLMP in practice
by considering specific instances of social discourse on Twitter for three exemplary calls to collective action.
. Introduction

Online social networks connect people and convey ideas faster than
ny real or virtual meeting platform [1]. As social media platforms
re increasingly ubiquitous in our daily lives, they have become rich
ata sources that can be analysed to understand the collective atti-
ude, belief, and behaviour of society [2]. Yet, the online corpus of
icro-blogging platforms is a melting pot of content, often bubbly and
oisy. Consequently, a prominent challenge for research is to employ
nalytical methods to extrapolate the underlying meaning, capture the
eitgeist, and predict evolving trends [3].

The effective utilization of data requires a strong multidisciplinary
ollaboration. First, quantitative analysis is a key component of data
ining and involves the handling of large and complex data sets. To

his end, technological know-how is essential to access, process, and
tore the vast amounts of data generated by online social networks [4].
t the same time, social sciences play a critical role in data mining, as

hey provide the theoretical frameworks and conceptual tools necessary
o understand the complex dynamics that underlie online interactions.
ocial scientists can help identify relevant variables to analyse, develop
ppropriate sampling methods, and interpret the results of data mining
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in the context of social theory [5–7]. Finally, mathematical formaliza-
tion is important for creating models that can capture the dynamics
of social interactions and make predictions about future trends [8].
These models can be used to identify patterns and correlations in
the data that may not be apparent through qualitative analysis alone.
Overall, the success of data analytics in social online networks relies
on a balanced blend of quantitative methods, technological know-how,
social sciences, and mathematical formalization.

In this article, we apply such a blend to propose a novel approach
allowing for the projection of socio-psychological linguistic markers
from the holistic perspective of the social discourse to its semantic
elements, i.e., words.

Building on an earlier proposal available in [9], we developed
a PageRank-like marker projection (PLMP) [1], a methodology that
accounts for the interdependencies in the semantic network. In PLMP,
a bipartite network of tweets/words is processed through a PageRank-
inspired approach [10,11] where information freely flows through
the network interdependencies. Unlike PageRank, a row-normalized
update matrix (as opposed to column-normalized) is used to maintain
coherence with the end goal.
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In this paper, we develop and expand the contribution of Erseghe
et al. [1] along three different avenues. First, we give rigorous mathe-
matical proof of the exactness of PLMP, along the lines of Haveliwala
and Kamvar [12], with proper modifications. Second, we show how
PLMP enables the investigation of the rhetoric of calls to action in
the online social discourse. PLMP allows for a quantification of the
syntagms used in terms of certain semantic attributes, based not only
on their intrinsic meanings but also on their structural role within
the context of the online discourse. In this way, we can show how
PLMP is able to detect structural changes of the semantic network from
a holistic perspective. Finally, we expand the PLMP evaluations to a
much broader set of data, considering three main events that had a
strong global impact, reflected in online social communities. We focus
on social discourse on Twitter and specifically consider: (1) #MeToo
(2017–2018): an initiative encouraging victims of sexual harassment
(typically young women) to break the silence; (2) #FridaysForFuture
(2018–2019): school strikes demanding action from global leaders to
counteract climate change; and (3) #Covid19 (2020): a world-wide
pandemic that revolutionized habits and social interactions around the
globe. For all these cases, PLMP is used to show how many pertinent
keywords in each of the datasets can have a translational change in
meaning and relevance, which through a stronger information flow
enables collective action. In addition, we demonstrate how PLMP can
discover significant variations between the three considered calls to
action due to their contextual differences.

The rest of the paper is organized as follows. Section 2 discusses
the most relevant findings of the literature that relate to the present
work. Section 3 introduces the PLMP approach, and presents a number
of possible alternatives that can be devised by exploiting the same
rationale. In Section 4, the theoretical/mathematical results related
to PLMP convergence are proved. The application to the analysis of
call-to-action scenarios is presented in Section 5, showing quantitative
results. Section 6 concludes the paper.

2. Related work

2.1. Socio-psychological linguistic markers in calls-to-action

Engaging in a collective action challenges the social system and
requires a personal and social investment. As this endeavour runs
contrary to the common need for stability, generally operating in
favour of the status quo [13], several scholars have investigated socio-
psychological factors that drive individuals to such an outstanding and
costly devotion to the cause. Notably, the Social Identity Model of
Collective Action (SIMCA) [6,14] recognizes three relevant drives for
engaging in collective action, namely: social identity, collective efficacy,
and anger.

Social identity First, as indicated by the name, collective action requires
individuals to act collectively in the interest of the group. In order to
do that, individuals need to see themselves as members of a group
with shared values, motives, and emotions [15]. The extent to which
an individual embraces the group’s identity (for example of fellow
citizens in case of the pandemic) is predictive of participation in actions
aimed at goals relevant for the collective, such as mask wearing [16].
Therefore, the emergence of this common identity, interdependence,
and shared meaning is critical to broadening the social scale from an
individual perspective focusing on self-interest (‘‘I’’) to the collective
perspective of a common good (‘‘we’’) [7].

Collective efficacy Having a collective, however, is only one prereq-
uisite for the formation of the collective movements. What is also
necessary is a shared idea that collective mobilization can indeed
contribute to a broader change. Defined as collective efficacy or agency,
it is the sense that the group has adequate resources and sufficient
control to achieve the desired social change. In line with resource
2

mobilization theory [17] and its further developments [18], agency is
conceptualized as the perceived capacity and the effort of the group
to manage collective resources and mobilize its members to achieve
an improvement for the group. As this sense of agency has also been
identified as a precursor for any human action [19], not surprisingly it
is considered a key feature in online mobilizations [4,5].

Anger The third core feature identified as a driver of collective action
pertains to the emotional reactions tied to the moral evaluation of
the social context. When members of a group assess that their group
has been mistreated or that the current status quo runs against group
values, they tend to experience individual and group-level emotions,
of which anger is the most prominent for collective mobilization. In
other words, the emotional aspect of engagement in political action
is amplified by a mix of personal and group-based moral motivations.
Moral outrage is activated when the issue is of high relevance to one’s
standards and accordingly leads to doing what is considered right in
the situation: collective action [20]. As a result, moral motivations
can have a catalyst function that sets people into motion and prompts
societal change. Some authors, however, find anger as more harmful
than beneficial, because it could cause violence and social division.
As moral outrage is more likely to occur among privileged members
of the society at the cost of minority groups [21], some results show
that anger is less associated with collective action among people of low
status than among people of high status [22].

Despite the recent advancements in the understanding of the role of
anger in collective action, all three features affecting collective action
(i.e., social identity, collective efficacy, and anger) are investigated in
the domain of the online movements, see [4,23]. The primary means
of that investigation are based on the quantification of their linguistic
presence, e.g., through dictionary methods.

2.2 The use of dictionaries

The use of dictionaries is a popular method to investigate socio-
cognitive processes in natural language use in general, and specifically
their emergence in social media discourse. Only to mention a few,
the NCR (National Research Council of Canada) lexicon developed
by Mohammad and Turney [24] provides codes for emotions and
sentiments; Brysbaert et al. [25] developed concreteness norms for
over 40K words, applied for example in tracking temporal changes in
language prior to the important societal events [26]; gender stereotypes
can be captured by counting words expressing masculine and feminine
words [27].

Particularly prevalent in the field is the use of Linguistic Inquiry
and Word Count (LIWC) software [28]. LIWC 2015 is a well-established
instrument for detecting linguistic proxies of psychological processes
in text samples [29]. It contains a wide set of bags of words (over
60 dictionaries), coded and validated for their accuracy in reflecting
psychological content. The software counts the number of words that
belong to psychologically meaningful categories, and there is ample
empirical evidence proving its validity to capture social phenomena on
popular media such as Twitter [30–33]. Particularly relevant for our
work is the application of LIWC to the language in online collective ac-
tions. Gulliver et al. [34] analysed the language used by 497 Australian
environmental organizations to promote collective engagement. In line
with the literature on the psychological drivers of collective action [6,
14], the language of environmental advocacy was characterized by
words that reflect collective efficacy and social identity, operationalized
through the use of affiliation dictionary and the use of the first person
plural pronoun ‘‘we’’. Accordingly, in this research, we rely on LIWC
to quantify social identity (through the affiliation dictionary in Study 1
and ‘‘we’’ usage in Study 2 - see also [4]) and anger (through the anger

dictionary).
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2.3 The limits of dictionaries

There are multiple advantages of using word-count (or dictionary)
methodology specifically, their simplicity of implementation and usage.
This simplicity, however, comes at a cost, such as the lack of sensitivity
to polysemy as well as the lack in the nuance of how well words
represent a given construct, since all words in a dictionary are typically
assumed to contribute identically.

Deep learning tools are today widely used to overcome these lim-
itations and their superiority in comparison to traditional approaches
is postulated (e.g., in [35,36]). State-of-the-art techniques mostly rely
on the transformer architecture [37], the core of ChatGPT, and on
related models such as Bidirectional Encoder Representations from
Transformers (BERT) [38]. The research in this area is very active,
especially in relation with sentiment analysis, see [39–42], to cite a
few relevant ones. A worth mentioning tool dealing with agency is
BERTAgent, a computational language representation model fine-tuned
to detect agency in textual data [43]. This model is of particular value
since it is substantiated by a set of validation studies and proven to
be more powerful than the common dictionary approach (e.g., LIWC).
Accordingly, we quantify collective efficacy with the use of this newly
developed tool.

At the present time, we are not familiar with any deep learning
tools developed for quantifying social identity in language. While, there
are tools available for the quantification of emotions (e.g., [44,45]),
there is no evidence on their improved performance with respect to
dictionary based approaches. Accordingly, as described above, we rely
on the dictionary methods to measure social identity and anger.

2.4 Page-rank approaches

It is important to note, that online calls to action are not simply
a collection of words, which meanings can be considered in isolation
or even in addition to one another. Calls to action comprise complex
utterances in which meaning of words is intertwined, and these interde-
pendencies can be well captured by a network formalism. Constraining
ourselves to the semantic content, a widely assessed methodology
relies on building networks that relate the elements of inspection,
i.e., the documents (or tweets if referring to an online social network),
through their constituent factors, i.e., the words. This can be done
either directly by linking documents via the number of words they
share or, equivalently, by linking words via the number of documents
they appear in [4,46,47] or by doing it indirectly through their math-
ematical representation [48]. In both cases, the resulting network is
a powerful structure that allows to extract holistic information in an
unsupervised manner, i.e., without any previous knowledge on the
network properties.

A few methods based on a flow-of-information concept have gained
particular interest over the years. In this context, PageRank [10,11],
the original core of Google’s search algorithm, is an iterative method
to spread information from a node to its neighbourhood. It is a way
to assess the node importance not only based on the number of its
connections, but also as a measure of the quality of such connections. Its
mathematical properties [12] ensure fast convergence in few iterations,
only 35 for the 80 million nodes network of Kamvar et al. [49],
which makes its computational complexity almost linear and largely
affordable. It is definitely tractable in the context of online social
networks, where a targeted samples of a few million tweets or less are
completely sufficient for very detailed analyses [50]. Variations of the
PageRank rationale have been used for many purposes: Haveliwala [51]
modifies the original idea to evaluate vicinity/similarity to a subset
of nodes in the network (a community); Weng et al. [52] modifies
the flow-of-information weight in the network to identify relevance
with respect to spreading a specific topic in the online discussion; He
et al. [53] applies it in a bipartite network setup by modifying the
constituent matrix, which controls the flow-of-information, to solve a
3
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regularization problem; Cao et al. [54], which is the closest reference to
this paper, uses a modified version of PageRank where the constituent
matrix is row-normalized (as opposed as to column-normalized) to
return a ranked list of related entities for a given query. Hits [55] is
another widely cited alternative to PageRank based on similar concepts,
but the absence of strong mathematical properties in its constituent
matrix fails to make its convergence properties scalable, hence it is of
limited appeal in large networks.

3 Method: the PLMP approach

3.1 Rationale

To improve the methods of capturing relevant aspects of the online
discourse and its related social dynamics, we introduce the PLMP
method and assess its performance. To describe the procedure, assume
that we can exploit data extracted from social media, for example
Twitter, forming a bipartite network of tweets and words. Furthermore,
assume that a socio-psychological linguistic marker (e.g., agency) is
extracted separately for each tweet and each word appearing on tweets,
and these are stored in vectors �̃�𝑡 and �̃�𝑤, respectively. Our intent is
to define PLMP on this network and then perform a semantic analysis
of its content oriented toward the socio-psychological context.

We review the problem at hand and illustrate the PLMP solution
with the help of Fig. 1, where, without any loss of generality, we
consider a sample semantic network. This network was formed from
tweets related to the #MeToo movement in 2018, and as an illustrative
linguistic feature we chose agency, i.e., action and goal orientation,
sense of which is necessary for people to attempt social change [56].
The exact details are explained later in Section 5, but are not necessary
for the understanding of this illustration. The word-clouds in Fig. 1 are
built in such a way that the nodes size is proportional to their PageRank
centrality score (and also roughly proportional to the frequency of each
word in the discussion). Thanks to the application of a graph layout
– forceatlas2 as implemented in Gephi [57] – and a topic detection
algorithm, see [4], also the position of nodes carries a meaning in
Fig. 1. Specifically, words belonging to the same topic in the #MeToo
discussion, as well as nodes that frequently appear together in tweets,
are placed close to one another in the graphical representation. For
example, in the lower right corner the words gender, right, speak, need,
take, action refer to a call-to-action, while the central help, achieve,
quality identify a discussion topic. Size and position of words is the
ame in all subplots. The node colour, however, changes in each
ubplot, according to different projection approaches (Fig. 1.(c) refers
o PLMP) as explained in what follows.

Fig. 1.(a) displays, with different colours, the agentic meaning in
he absence of a social discourse, i.e., it measures the in isolation
evel of agency of words �̃�𝑤 without resorting to the social discussion
xpressed by tweets. The distribution of agency values �̃�𝑤 is available
n Fig. 2.(a). The limit of such an approach is evident in that, in

specific context (e.g., the #MeToo feminist rhetoric on Twitter) a
umber of words that are agency-neutral (e.g., woman), in this specific
ocial discourse ought to carry a much higher level of agency. This
eans that an agency level just attributed to words in isolation fails

o capture the entire complexity of a social discourse. We argue that
he in isolation approach fails to capture the social interconnections
nd relationships expressed in the particular context, whose analysis
equires carefully crafted solutions [58,59].

Consequently, a true quantification of agency is better captured
hrough context-based extraction of meaning within the semantic in-
eraction of tweets. We take the vector �̃�𝑡 (tweets markers) to carry
his context-specific information. Our goal is to identify an algorithm
hat reliably assigns agency to words taking into account the available
nformation from �̃�𝑤 and �̃�𝑡. Thus, we leverage the indirect effect of
ocio-psychological markers, as somehow hinted by the well-known

ageRank approach [10,11], i.e., by letting information (iteratively)
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Fig. 1. Comparison of different methods for agency contextualization – Agency word clouds for #MeToo network in 2018; node size is proportional to the PageRank value in the
network, colour corresponds to the level of agency. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
traverse the semantic network. This corresponds to arguing that, in
the association of syntagms to a given indicator, a word is affected by
the mean values of the indicator contained in the tweets it belongs to;
conversely, the parent tweet is also affected by the mean values of the
words it contains. If the adjacency matrix linking words to tweets is
denoted as 𝑩, then averages can be inferred from the row-normalized
(𝑩1) and the column-normalized-and-transposed (𝑩2) counterparts to
𝑩, respectively, as

𝑩1 = diag((𝑩𝟏)−1) ⋅ 𝑩
𝑩2 = diag((𝑩𝑇 𝟏)−1) ⋅ 𝑩𝑇 .

(1)

Specifically, the flow-of-information rationale discussed above can be
formalized as a PageRank-like steady-state equation
[

𝒎𝑤
𝒎𝑡

]

⏟⏟⏟
𝒎

= 𝛼
[

𝟎 𝑩1
𝑩2 𝟎

]

⏟⏞⏞⏞⏟⏞⏞⏞⏟
𝑴

[

𝒎𝑤
𝒎𝑡

]

+ (1 − 𝛼)
[

�̃�𝑤
�̃�𝑡

]

⏟⏟⏟
𝒒

, (2)

where 𝛼 ∈ (0, 1) is a mixing parameter that can be seen as the rate
of information spreading. It is possible to solve (2) through a standard
power iteration, by subsequently applying

𝒎𝑘 = 𝛼𝑴𝒎𝑘−1 + (1 − 𝛼)𝒒 , (3)

in which averages are iteratively exchanged from tweets to words, and
then from words to tweets, starting from an initial state 𝒎 = 𝒒, which
4

0

is a required initialization to achieve the correct solution. Note that,
although (2) looks like a standard PageRank equation, here matrix 𝑴 is
row-normalized and not column-normalized, which implies a number
of technical complications, discussed in later Section 4, to prove the
exactness of (3) and assess the validity of (2). Section 4 also proves that
the eigenstructure of 𝑴 is equivalent to that of a PageRank approach,
hence the power iteration (3) exhibits the same properties of PageRank
iterations, i.e., it is scalable and easily applicable to very large networks
at a low computational cost. As a side note, (2) directly works on the
bipartite network, which is a particularly useful approach that avoids a
projection onto a network of words, a step that would actually discard
essential information [60]. We also observe that the above idea can be
strengthened by taking into account any further available information.
For example, any metric on the tweets relevance (e.g., number of
retweets), or the word relevance, can be used to enhance the effect
of more important tweets/words, i.e., to obtain a weighted average
effect. This can be done by assigning different weights to the columns
of 𝑩1 and 𝑩2, prior to row-normalization. We finally point out that the
reference equation (2), using a row-stochastic matrix 𝑴 , is also used
in [54] as a method to refine an initial ranking estimate, which in the
present context can be interpreted as a map from �̃�𝑡 to 𝒎𝑡. Differently,
here we propose to exploit this PageRank-like approach in a completely
different scenario, where we are interested in projecting information
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Fig. 2. Comparison of different methods for agency contextualization – Agency densities for the wordclouds of Fig. 1. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)
from one class to another, i.e., from �̃�𝑡 to 𝒎𝑤, further corroborating
our proposal by the key findings of Section 4. The outcome of PLMP is
graphically shown in the wordcloud of Fig. 1.(c), whose corresponding
density is shown in Fig. 2.(c).

To get a full understanding on the nature of PLMP, we focus on the
upper part of Figs. 1 and 2 comparing:

(a) agency in isolation �̃�𝑤;
(b) tweet agency projection, namely the state-of-the-art solution [9],

which corresponds to 𝒎𝑤 = 𝑩1�̃�𝑡, i.e., to assigning to a word the
average marker value of its parent tweets;

(c) our proposed solution PLMP, in which averages are iteratively
exchanged from tweets to words, and then from words to tweets.

Note that, in the word plots of Fig. 1, the colour scale is normalized, to
allow for a comparison of results that are different in absolute terms.
Different approaches in fact imply different active ranges, as can be
inferred from the density plots of Fig. 2. Namely, as shown in the
legend, the orange colour refers to the average value of the agency
distribution, whereas darker (purple) or lighter (yellow) colour denote
words that deviate from that, up to an increase of two standard devia-
tions or a decrease of one standard deviation, respectively. By observing
Fig. 1.(c), it is evident how PLMP is able to combine the agency in
isolation of Fig. 1.(a) and the one-hop projection [9] of Fig. 1.(b), in two
different ways. First, words that are agentic in themselves keep their
original in isolation agency level, e.g., stand, speak, and achieve in dark
colour in both Fig. 1.(a) and (c) and in lighter colour in Fig. 1.(b). This
effect is visible from the wider colour range of both Fig. 1.(a) and (c),
compared to the narrow range of Fig. 1.(b). Second, thanks to the flow
through the semantic network, words acquire agency from the social
discourse. This is evident from the density plots of Fig. 2.(b) and (c)
whose agency values belong to the positive range, while in Fig. 2.(a)
we observe the presence of a large fraction of values with negative/zero
agency; e.g., the agentic level of girl is negative in Fig. 2.(a), and turns
to positive in both Fig. 2.(b) and (c).
5

3.2 Convergence validity and alternative formulations

To fully assess the adequateness of PLMP, we evaluate its divergent
and convergent validity. To establish that the projection is not inflated
by the specific role that a target word (possibly a relevant one) has
on the network, we compare PLMP with PageRank, proving its inde-
pendence. To verify its convergent validity, we compare its congruence
with some alternative projection methods that we formulated, as valid
alternatives to PLMP, based on either Badia et al. [9] or the PageRank
rationale. These alternatives further validate that our proposal reliably
captures the phenomenon under investigation. They are displayed in
the plots below in Figs. 1 and 2, as follows:

(d) that we call word agency projection, applies the approach of Badia
et al. [9] to the sub-network of words whose (projected) adja-
cency matrix takes the form 𝑴𝑤 = 𝑩1𝑩2 [61], so that agency
projection is inferred from

𝒎𝑤 = 𝑴𝑤�̃�𝑤 (4)

(e) that we call word agency diffusion, generalizes (4) by adopting
a PageRank diffusion, to identify a steady-state equation of the
form

𝒎𝑤 = 𝛼𝑴𝑤𝒎𝑤 + (1 − 𝛼)�̃�𝑤 (5)

(f) that we call tweet agency diffusion, conversely exploits �̃�𝑡 in a
PageRank-like context, to obtain a projection 𝑴 𝑡 = 𝑩2𝑩1 on
tweets, and have

𝒎𝑡 = 𝛼𝑴 𝑡𝒎𝑡 + (1 − 𝛼)�̃�𝑡
𝒎𝑤 = 𝑩1𝒎𝑡 .

(6)

From the plots of Figs. 1 and 2, one can see how word agency projection
(d) and word agency diffusion (e) closely relate to PLMP (c) in both
wordcloud and density, while tweet agency diffusion (f) gathers a result
similar to tweet agency projection (b), although with a more compact
active region as evident from the agency density in Fig. 2.(f).
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Fig. 3. Pearson’s correlation matrix comparing projection methods among themselves
and with PageRank centrality; all values are statistically significant.

A full view of the interdependencies between the six approaches is
available in Fig. 3, showing Pearson’s correlations between different
options. With the help of Fig. 3, we can infer how different approaches
are able to balance the two main effects of keeping the information
in isolation as visible from row (a) as well as the averaging effect of
one hop spreading [9] displayed in row (b). The best compromise is
in this case obtained by PLMP, as it outperforms word projection (d)
in both correlation values, and it also stays away from the unbal-
anced correlation values of word diffusion (e) (slightly unbalanced)
and tweet diffusion (f) (strongly unbalanced). The consistency of Fig. 3,
tested over different semantic networks, confirms the predicted PLMP
advantage as the preferred choice among the proposed alternatives
implementing the same concept.

Fig. 3 further investigates the relation with the PageRank centrality
of the network, highlighting the absence of correlation. This feature,
especially for approaches based on a PageRank-like rationale, is a
guarantee of adequateness as it implies that the flow of agency across
the network is not redundant with the nodes centrality.

4 Mathematical insights

4.1 Solving PLMP through power iterations: a proof

We explore the solutions to the steady-state equation (2) for a row-
normalized square matrix 𝑴 , i.e., 𝑴𝟏 = 𝟏, and for 𝒒 ≥ 𝟎, 𝒒 ≠ 𝟎.
f 𝑴 is irreducible, which is the situation of greatest interest in our
roblem, and the mixing parameter 𝛼 lies in the open interval (0, 1),

then one can mimic the PageRank analysis of Haveliwala and Kamvar
[12], with some modifications because of the different normalization
of 𝑴 . Assume that 𝒗 is the left eigenvector corresponding to the right
eigenvector 𝟏, i.e., related to eigenvalue 1. From Perron–Frobenius
theorem [62], without loss of generality we can assume 𝒗 > 𝟎; then,
2) gives
𝑇𝒎 = 𝛼 𝒗𝑇𝑴

⏟⏟⏟
𝒗𝑇

𝒎 + (1 − 𝛼)𝒗𝑇 𝒒 , (7)

so that 𝒗𝑇𝒎 = 𝒗𝑇 𝒒 > 0. This enables a rewriting of the steady-state
equation (2) as

𝒎 =
[

𝛼𝑴 + (1 − 𝛼)
𝒒𝒗𝑇

𝒗𝑇 𝒒

]

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟

𝒎 , (8)
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𝑴 1
here matrix 𝑴1 satisfies 𝒗𝑇𝑴1 = 𝒗𝑇 by construction, i.e., 𝒗𝑇 is a
left eigenvector of 𝑴1 associated to eigenvalue 1. Instead, the corre-
sponding right eigenvector, providing the solution 𝒎, is different from
𝟏. As the irreducibility of 𝑴 implies that 𝑴1 is irreducible as well,
then Perron–Frobenius theorem guarantees that the eigenvalues of 𝑴1
satisfy |𝜆| ≤ 1, and eigenvalue 1 has multiplicity 1.

The left eigenvector 𝒗 can be employed to characterize the right
igenvectors of 𝑴1. If the Jordan form of 𝑴1 is 𝑴1 = 𝑹𝑱𝑹−1, where

collects the (generalized) right eigenvectors of 𝑴1, and, conversely,
−1 collects the right eigenvectors, we have

𝒗𝑇𝑴1
⏟⏟
𝒗𝑇

𝑹 = 𝒗𝑇𝑹𝑱 . (9)

Therefore, 𝒗𝑇𝑹(𝑰 − 𝑱 ) = 𝟎. Since 𝑴1 contains only one eigenvalue
qual to 1, all of the right eigenvectors, but the one related to 𝒗, satisfy
𝑇 𝒓𝑖 = 0. Thus, we get

1𝒓𝑖 = 𝛼𝑴𝒓𝑖 + (1 − 𝛼)
𝒒𝒗𝑇

𝒗𝑇 𝒒
𝒓𝑖 = 𝛼𝑴𝒓𝑖 (10)

so that the right (generalized) eigenvector 𝒓𝑖 of 𝑴1 is also a right
(generalized) eigenvector of 𝛼𝑴 ; as such, it is related to an eigenvalue
|𝜆𝑖| ≤ 𝛼. Thus, 1 is also included among the eigenvalues of 𝑴1, as

ell as other eigenvalues with absolute value lower than or equal to
. This guarantees the convergence of (3) to the desired (and unique)
olution; note the importance of imposing 𝒎0 = 𝒒 to ensure 𝒗𝑇𝒎𝑘 = 𝒗𝑇 𝒒

throughout the iterations.

4.2 The reducible matrix case

An equivalent result can be obtained in case that 𝑴 is reducible.
f so, it can be organized (by a permutation of its elements) in the
pper-triangular block form [63]

∼

⎡

⎢

⎢

⎢

⎢

⎣

𝑩1,1 𝑩1,2 ⋯ 𝑩1,𝐾
𝑩2,2 ⋯ 𝑩2,𝐾

⋱ ⋮
𝑩𝐾,𝐾

⎤

⎥

⎥

⎥

⎥

⎦

with irreducible diagonal blocks 𝑩𝑘,𝑘. Incidentally, the diagonal blocks
identify sets of nodes that are strongly connected. By construction, all
diagonal blocks have eigenvalues |𝜆| ≤ 1. Moreover, by the Perron–
Frobenius theorem, those diagonal blocks that satisfy 𝑩𝑘,𝑘𝟏 = 𝟏 have
exactly one eigenvalue equal to 1 – these are blocks that correspond
to leaves in the condensation graph [63]. Conversely, those diagonal
blocks that satisfy 𝑩𝑘,𝑘𝟏 ≠ 𝟏 have all their eigenvalues with |𝜆| < 1.
In this context, vector 𝒗 should be active only on those leaves that are
reachable from blocks where 𝒒 is active. If this is the case, then matrix
𝑴1 assumes the form

𝑴1 ∼

⎡

⎢

⎢

⎢

⎢

⎣

�̃�1,1 �̃�1,2 ⋯ �̃�1,𝐾
�̃�2,2 ⋯ �̃�2,𝐾

⋱ ⋮
�̃�𝐾,𝐾

⎤

⎥

⎥

⎥

⎥

⎦

where all �̃�𝑘,𝑘 = 𝛼𝑩𝑛𝑘 ,𝑛𝑘 for some 𝑛𝑘, i.e., they are related to eigenvalues
|𝜆| ≤ 𝛼, while �̃�𝐾,𝐾 is an irreducible block containing all the nodes
where both 𝒒 and 𝒗 are active. Now, to guarantee that �̃�𝐾,𝐾 has
only one eigenvalue equal to 1, which also corresponds to the spectral
radius, we need that 𝒗 is non-zero in all the nodes belonging to �̃�𝐾,𝐾 ,
which is a consequence of the Perron–Frobenius theorem. This is the
case if 𝒒 is active in the leaf nodes of 𝑴 . In our specific setting,
where 𝑴 is not symmetric, this is ensured by the fact that if a link is
active from nodes 𝑖 and 𝑗 then it is active in both directions, although
with a different weight. As a consequence, the same result as above is
obtained.
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5 Results and discussion: Application to socio-psychological lin-
guistic markers

5.1 Datasets

We assess the ability of PLMP to capture relevant aspects of online
discourse and its related social dynamics by applying it to three differ-
ent scenarios. To this end, we extracted data from social media related
to well-known events, with the intent to perform contextual analyses of
their contents through PLMP. In all cases, we chose Twitter as a well-
suited reality mirror for our analyses [2], because of its widespread
usage and the ease of accessing data through the APIs. From this raw
data, we extracted different semantic networks, which we analysed
using PLMP. Unlike other common approaches [64], we did not limit
our analysis to a bipartite graph of tweets and hashtags, but rather
we considered all the words present in the tweets, to better capture
the contextual interdependencies in the social discourse. Thus, we
always created a network of tweets and words (or words plus hashtags,
epending on the context), where the former ones are connected to the
atter that appear inside them.

We limited our scope to tweets in the English language, and we
ampled two groups of tweets before and after a main event, in three
cenarios:

1. #MeToo – Tweets from the @UN_Women pages in the periods of
April 1–June 30, 2017 and April 1–June 30, 2018 – 1500 tweets
pre and 1500 post the event;

2. #FridaysForFuture – Tweets in the periods of March 1–April 19,
2018 and March 1–April 19, 2019 by using the neutral hashtag
#climatechange in the search [4] – 5000 tweets pre and 5000
post the event.

3. #Covid19 – Tweets in the periods of February 11–March 10,
2020 and March 11–April 11, 2020 by using the hashtag
#Covid19 in the search; 1000 tweets per week were selected
among the most influential ones, i.e., those that received the
most reactions, i.e., replies, likes, and quotes.

fter getting a sizeable corpus to read as a semantic network, identifi-
ation and marking were achieved by means of POS non-deterministic
agger [3,65]. We applied a post-processing in which we: discarded all
ords not tagged as nouns, adjectives, adverbs, or verbs, unless oth-
rwise stated; expanded contracted forms; split non-meaningful com-
osed words; removed stopwords. The remaining words were lemma-
ized preserving their POS tag.

.2 Socio-psychological linguistic markers of interest

To establish the validity of the PLMP method in capturing relevant
spects of the online discourse and social dynamics, the resulting
emantic networks were analysed with a socio-psychological lens. In
articular, we inspected the core features of collective action discussed
n Section 2, namely, social identity, collective efficacy, and anger [66],
epresented in linguistic markers of affiliation, agency, and anger [4],
espectively. These were quantitatively inferred from tweets by means
f state-of-the-art software tools. Specifically, a validated deep learn-
ng approach was chosen for agency, while more standard dictionary
pproaches were used for affiliation and anger as no validated deep
earning tool is today available in this case. The tools are described in
hat follows.

For affiliation and anger, we leverage Linguistic Inquiry and Word
ount (LIWC) 2015 [67], a tool that performs a dictionary-based quan-
itative content analysis, where every message gets scores relative to
everal categories; these scores are derived from the number of words
elonging to the specific category, adjusted for the overall number of
ords within the message. LIWC entries of ‘‘affiliation’’ and ‘‘anger’’
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ere used.
Fig. 4. Tweets statistics (mean 𝑚, standard deviation 𝜎, and t-test 𝑡-ratio, Cohen’s 𝑑
and confidence interval CI) for agency (a), affiliation (b), and anger (c) – increase
from pre to post the main event; we highlight with ∗∗∗ a statistically highly significant
increase, and with ∗∗ a statistically significant increase (both also marked in orange).

Linguistic agency was instead measured using BERTAgent, a com-
putational language representation model (LRM) fine-tuned to detect
agency in textual data [43]. BERTAgent relies on the transformer
architecture [37] and is based on BERT [38], an architecture that
has achieved groundbreaking results in a broad range of natural lan-
guage processing (NLP) tasks [68]. Compared to dictionary- and POS-
based methods of agency quantification, BERTAgent offers improved
sensitivity to polysemy and negation, because it captures not only
agentic words but also the context of their usage. Thus, it provides
improved validity and reliability for linguistic agency quantification.
The BERTAgent model is available as a Python package [69].

As shown in Fig. 4, for each marker we performed a t-test on tweets
to compare the mean values before and after the main event. In the
#MeToo discourse, the average per-tweet levels of agency and affil-
iation markers increased over time, whereas the change of anger was
negligible. A different pattern can be observed for #FridaysForFuture as
the only marker that was reliably changing over time was affiliation. All
markers had instead a significant increase in the #Covid19 outbreak.

5.3 Study #1: PLMP marker increase

A first application of PLMP is displayed in Fig. 5 with respect to the
markers of affiliation, agency, and anger for the datasets of #MeToo,
#FridaysForFuture, and #Covid19. The semantic networks displayed
in Fig. 5 refer to tweets published after the main event, including
nouns and verbs for the sake of readability, and colours highlighting
the increase of the marker with respect to the semantic network built
on tweets published prior to the main event. Moreover, in Fig. 5
the size of nouns and verbs is proportional to their PageRank value,
i.e., their centrality in the online discourse, while their position relates
horizontally to the strength in the increase of the marker, and vertically
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Fig. 5. Wordclouds of the PLMP increase in agency, affiliation, and anger in #MeToo, #FridaysForFuture, and #Covid19 – darker colours identify larger increases; font size
proportional to PageRank centrality; PageRank centrality of ‘‘woman’’ was bounded to allow for improved readability. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)
Fig. 6. Density plots of PLMP projected agency, affiliation, and anger on words – pre and post the main event.
to their PageRank centrality strength. Nouns and verbs on the right
(left) refer to a stronger increase (decrease) in the marker, while nouns
and verbs above (below) refer to more (less) central nodes. This is
also reflected by node size (PageRank) and colour (marker increase).
Fig. 6 further investigates the density of PLMP projected markers values
pre and post the main event, showing agreement with the statistics of
Fig. 4, thus certifying the adequacy of the PLMP method to preserve
the content of tweets �̃�𝑡.

Fig. 5 shows how these increases relate to words. For #MeToo, the
increase pertaining to markers of collective action is strongly associated
with the central words of the discourse (e.g., girl, woman, violence,
equality, join, speak, right, all represented with a darker colour), evident
8

especially for agency and affiliation. For #FridaysForFuture most cen-
tral words are not generally heavily associated with an increase in the
markers (see their brighter colours). #Covid19 shows a general increase
in all of the three markers, uniformly spread irrespective of the word
centrality (see the dark colours in the entire word cloud).

This variation is further quantified in Fig. 7. #MeToo shows a de-
pendency between the PageRank centrality of words and their marker
increase, as can be inferred from the increasing yellow linear regression
lines (increasing especially for agency). For the feminist call #MeToo
the most central words in the discourse acquire weight in terms of
agency, affiliation, and anger, i.e., they are very prominent hubs em-
bedded in the socio-psychological discourse. Changes between the pre-
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Fig. 7. PLMP markers increase density (above) and increase versus PageRank (below).
and post-event PLMP projected values reflect changes in the discourse,
pertaining to socio-psychological concepts under investigation. By
contrast, the environmentalist call to action #FridaysForFuture and the
#covid19 dataset are not characterized by a strong positive relation
between PageRank and collective action markers, i.e., their linear
regression lines tend to be horizontal or negatively correlated. This
suggests that the evolution of these discourses cannot be traced down
to the investigated linguistic markers in relation to specific words.
#FridaysForFuture apparently contains a sparser rhetoric that con-
centrates the increase in agency and affiliation at the periphery of
the speech; thus, slightly decreasing linear regression lines indicate
stronger relevance for the words with lower PageRank centrality.

These findings enable a finely tuned characterization of the rhetoric
of movements, which may offer original insights into social influence
phenomena. The feminist discourse appears to be focusing on fewer key
target words, with the discussion concentrating on themes that feature
relevant emotional and psycho-social qualities. Differently, the climate
action call addresses many different topics, and their psychological
characterization (in terms of collective action features) is sparser. This
finding can be correlated to the Elaboration Likelihood Model [70],
according to which people’s style of argumentation varies with the
relevance of the topic. When people are highly involved in a topic
(the self-relevance in the #MeToo is signalled even in the name of
the movement), fewer arguments are more persuasive. However, a
high quantity of argumentation is more effective when the personal
relevance of the topic is lower.

Fig. 5 also offers an overview of the discourse about the pandemic.
We can infer that the discussion on #Covid19 is evolving around
several important words, which are very diverse in meaning, suggest-
ing that different topics are guiding the social exchange. While this
diversity in topics is further investigated in Study #2, it is worthwhile
noting that the main keywords evolving over time prove the PLMP
usefulness to capture dynamics in a social discourse, likely reflecting
the natural evolution of movements and the reality they pertain to.
Specifically, we can see that increasing agency is featuring the main
actors involved in the event, namely workers and doctors, but also
the pandemic itself, and words prompting specific behaviours including
fight, test, help, stay, home. The importance of an increased sense of
9

community and affiliation is carried by semantically congruent key-
words, including help, share, community, family, and support. Finally,
the graphical representation of the relevance of anger confirms that
this dimension is not very central to the online discussion, and does
not characterize a strong dynamic, in line with the fact that the effect
size of anger’s change is small, as reported in Fig. 4. Interestingly,
there is indeed one outstanding word that is not only an important
element of the semantic network (as emphasized by its high PageRank)
but also carrying an increase in anger, namely the word fight, which
possibly signals a mobilization of the negative emotion within a specific
subgroup of the social exchange. This insight is further investigated in
Study #2.

5.4 Study #2: PLMP similarity ranking

In this second study, tweets related to #Covid19 are investigated
under a different lens. Van Zomeren et al. [71] suggest that a shared
identity can be built through group efficacy, calling for a unitary
assessment of the architectural structure of collective action. Along this
line, we show that PLMP projection can provide a valid practical tool
for operationalizing this holistic view, thanks to its ability to project
one feature (e.g., agency) onto the other (e.g., we-ness). In this context,
we also test the ability of PMLP to spot topics in the online discussion
that specifically call for collective action, so as to offer a more nuanced
approach to the psychological analysis of the discourse.

Our choice is to focus on the word ‘‘we’’, because social iden-
tification with an ingroup is well signalled by the use of this first-
person plural pronoun [72], and this word already proved to be a
reliable predictor of online collective actions [73], such as #Occupy-
WallStreet [74]. Importantly, by projecting anger and agency on the
target word ‘‘we’’, one can inspect the interconnection of psycho-social
features in online collective action. Such an analysis would be in line
with a theoretical perspective advanced in the social psychological
literature, which so far has little empirical actualization.

The online discourse regarding #Covid19 is displayed in Fig. 8,
which shows the result of the Louvain community detection algo-
rithm [4,75–78] on the bipartite network linking tweets to words and
hashtags. Only the words related to the seven most relevant topics
(those greater than 5%) are shown in Fig. 8, capturing 80% of the full
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Fig. 8. #Covid19 topics – by Louvain community detection.
semantic network. Even though Fig. 8 displays only words, through this
approach we can easily identify, for each topic, both words as well as
tweets that pertain to it.

The influence of topics on the target word ‘‘we’’ is measured by
resorting to a generalization of the SimRank approach, originally in-
troduced by Haveliwala [51]. In more detail, we exploit the diffusion
of PLMP for measuring correlation by activating the vector 𝒒 in (2)
only within a subset of nodes belonging to a specific topic. In case 𝒒
is only active on a selected tweet 𝑖, we measure the influence of the
𝑖th tweet on a specific word (e.g., the word ‘‘we’’ at position 𝑘), by
reading the resulting PLMP vector 𝒎 at the specific word entry (i.e., 𝑘).
The influence of a topic, instead, consists of the union (i.e., the sum) of
all the contributions from the tweets belonging to the topic.2 Formally,
for each tweet 𝑖, the above is equivalent to solving

𝒎𝑖 = 𝛼𝑴𝒎𝑖 + (1 − 𝛼)
[

𝟎
𝜹𝑖

]

�̃�𝑡,𝑖 , (11)

where 𝜹𝑖 is a binary vector active only in position 𝑖, and where �̃�𝑡,𝑖
corresponds to the 𝑖th entry of the agency-in-isolation tweet vector
�̃�𝑡. The influence of the 𝑗th topic on the word ‘‘we’’(assumed to be at
position 𝑘) is then obtained via

𝑖𝑗,𝑘 =
∑

𝑖∈𝑗

𝑚𝑖,𝑘

where 𝑗 collects the tweets of topic 𝑗, and 𝑚𝑖,𝑘 is the 𝑘th entry of
𝒎𝑖. Interestingly, separately knowing the contribution of each tweet,
𝑚𝑖,𝑘, allows us to apply statistical tests on the increase/decrease of the
markers of interest. This is illustrated in Fig. 9, showing, for agency and
anger, the statistical variation within each topic from two perspectives,
namely: (1) the evaluation of markers on tweets for different topics,
and (2) an improved investigation that exploits the topic-driven PLMP
projection on ‘‘we’’. Statistically relevant changes are highlighted by
arrows.

2 In the PageRank original setup, the weight of multiple tweets ought to
be averaged, since the mixing matrix is column-normalized and the teleport
vector is stochastic. Here, instead, because of the averaging action of matrix
𝑴 in (2), we must consider their sum.
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By analysing the psychological characterization in the topics of
Fig. 8, and in particular the projection of agency on the target word
‘‘we’’, it is possible to see the social development of the online discourse
over time and across specific topics, and capture trends that cannot be
spotted without the PLMP projection. Agency is generally increasing
from pre to post, but not in every community, and not every word
is featured by agency. In particular, while the increase in agency is
observable as a general trend in tweets from every community (Fig. 9),
the intersection of ingroup salience and agency captured by the pro-
jection of agency on the keyword ‘‘we’’ is specifically emerging in four
communities (Fig. 9). It is worth noting that these four communities are
exactly those characterizing online mobilization, as they either prompt
behaviours for the collective good (get tested, fight and help, stay home)
or share content that challenges the government (political criticism). The
PLMP projection of anger on ‘‘we’’ is particularly telling, as the general
analyses of anger on the tweets would lead to the gross conclusion
that anger is mainly irrelevant, as the only community featuring an
increase in this emotion regards getting tested, and possibly is capturing
the obvious anger emerging after a positive outcome of the test. PLMP
projection allows for a fine-tuned understanding of this psychological
feature, which we have already introduced as the most controversial
element of collective action. Importantly, we can conclude that an
increase of anger on the word ‘‘we’’ appears only in three communities
(fight and help, political criticism, and stay home), all being collective
action communities. Notably, the community covid-19 outbreak is char-
acterized by a decrease of both anger and agency, possibly suggesting
a general reduction of the psychological resources in association with
the discourse focusing on the data and factual reports signalling the
worsening of the pandemic.

6 Conclusions

We introduced PLMP, a method for extrapolating holistic informa-
tion from a semantic network. PLMP maps linguistic markers onto the
network elements, i.e., the words, exploiting a PageRank-like rationale
to track the network interdependencies, hence better capturing the
subtleties of the social discourse. Its application to the study of calls to
collective action revealed that PLMP is able to characterize many call-
specific aspects, providing a scented appraisal of the dynamic evolution



Online Social Networks and Media 37–38 (2023) 100271T. Erseghe et al.
Fig. 9. #Covid19 topics perspective on agency (left) and anger (right) – marker values are displayed as the average of the tweets belonging to a community (above), or as the
aggregate PLMP value separately projected on we for each community (below); yellow arrows indicate a statistically relevant increase or decrease (arrow up or down, respectively),
while a horizontal dash indicates the absence of a statistically relevant change. Histograms and bars on top represent the average value and the standard error, respectively. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
of the social discourse. A relevant application of the PLMP projection
rests on its ability to capture the interplay of the psychological features
that characterize social discourse. Applied to the theoretical and prac-
tical field of collective action, the projection of agency and anger on
ingroup provides relevant insights for the boundary conditions of the
evolution of social processes for example confirming agency as a key
dimension for collective discourse, and anger being mobilized mainly in
specific calls for actions where a key enemy is targeted. We also showed
how PLMP is able to keep into account different aspects of individual
and in-context meaning of the words, achieving statistical reliability,
thus confirming the validity of our approach. Future studies may apply
the proposed framework to different datasets, possibly focusing on
various social matters and/or worldwide events with a similar variegate
discourse that requires carefully targeted interpretation.
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