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by
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degree of Doctor of Philosophy

Abstract

This thesis examines the complexity of human interactions and societal dynamics, focusing
on the phenomena associated with modern communication technologies, i.e. social media.
It emphasizes the role of computational methodologies, particularly machine learning and
deep learning, to analyze social data. Motivated by challenges like misinformation and
radicalisation on social media, the thesis advocates for computational solutions and new

perspectives on approaching psychosocial research.

The thesis aims to bridge the gap between sociological and computational approaches,
asserting that computational methods can advance our understanding of psychological and
sociological phenomena. The research covers measurement, modeling, profiling, tooling,
and collaboration, exploring the synergy between computational methods and psychosocial
practices. It includes measuring social influence, introducing the General Influence Model,
profiling political ideologies, developing tools for practitioners, and sharing the author’s
experiences at the intersection of psychosocial and computational disciplines. The goal
is to demonstrate how computational methods offer a promising avenue for addressing

enduring societal challenges and improving our comprehension of human behavior.
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The schema illustrates the human-in-the-loop system for generating compar-
ISOMS. . o o e
(a) Estimate required MTurk budget. Here we infer the budget, given a
required quality of ranking and number of targets. We vary the number
of targets (n, y-axis) and maximum budget (B, x-axis). The color map
and contour annotations show the Spearman correlation between the BT-
estimated influence ranking (@) and a synthetic ground truth (8). The
cross denotes the chosen setup and estimated budget for our real-world
experiments. (b) Select worker interface design features. Here we determine
design features associated with higher worker decision accuracies, and find
the relationship between noise and accuracy. The blue line shows the relation
between the average accuracy (y-axis) and the noise (A) (averaged over 100
simulations, n = 500 targets, B = 30,000). The points show ablations of
design features (see Table 2.1) and their MLE fitted noise (relevant area
zoomed in the inset). As more features are shown, worker accuracy increases.
An example of the user panel within the MTurk interface, showing profile
features (name, picture, and handle), metrics (follower, followee, and status
counts), and a scrollable sample of authored tweets. . . . .. .. ... ...
Plot (a) illustrates the insufficiency of follower count (i.e., the canonical
metric) in representing empirical influence. It shows a moderate (spearman)
correlation of 0.48 between empirical influence (x-axis) and follower count
(y-axis). Plot (b) and (c) illustrate the nessecity of an empirical influence
measure, in uncovering relationships with psychosocial attributes, over
ad hoc metrics such as follower count. They show the coefficients of a
linear regression predicting follower count (b) and empirical influence (c),
respectively. The predictors are the use (or lack of use) of agency and
communion in user tweets, and there is no intercept. The dashed line shows
the estimate for the reference group (using neither agency nor communion),
and the range shows a 95% confidence interval. Accordingly, coefficient
ranges encompassing the dashed line are not significantly different from the
reference group. . . . .. L
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Chapter 1

Introduction

The intricacies of social interaction and resulting societal dynamics pose challenges for
empirical investigation due to their inherent complexity and vast scale. Human interactions
significantly influence critical events such as unrest, war, trade, economics, and social
progress, particularly within democratic contexts where decisions are linked to public

sentiment.

Advancements in communication technology have historically reshaped societal dynamics.
From the telegraph’s ability to bridge distances to television’s introduction of a visual
medium for mass communication, these innovations have transformed human interaction
patterns. In contemporary times, the rise of social media platforms further revolutionizes

communication, marking a fundamental shift in how people engage and mold society.

Social Media Concerns & Opportunities. Social media, where users simultaneously
function as content publishers and consumers, signifies a radical transformation in communi-
cation modalities and opinion dynamics. However, its relative novelty raises concerns about
its enduring impact. This is particularly evident as phenomena such as misinformation
spread at unprecedented speeds, filter bubbles are amplified by recommender systems, and

pathways for radicalization are observed.

However, amidst these concerns, the ubiquity of the internet and the widespread adoption
of social media present unprecedented opportunities for comprehending society. The digital
landscape offers an expansive repository of rich social data, serving as a powerful tool

1



2 Chapter 1. Introduction

for deciphering the intricate web of human interactions. The increasing prevalence of
social media participation across diverse segments of the population offers an unparalleled
opportunity to scrutinize shared opinions, unravel the processes of opinion formation, and

probe into the psychosocial characteristics of the broader populace.

Computational Advances. The increasing availability of social data coincides with a
substantial expansion of our capabilities to extract insights and understanding from this
wealth of information. The advent of deep neural network techniques has revolutionized
our approach to data analysis, challenging the conventional notion that certain tasks
were exclusively within the domain of human capability. Advances in Natural Language
Processing (NLP), Graph Machine Learning (Graph ML), and event-based machine learning
have proven particularly effective in providing nuanced insights into human behavior within

the realm of social media.

The efficacy of these computational models is intricately linked to the parallel advances
in infrastructure, spanning storage, compute, and networking. The ability to process
vast volumes of social data in real-time has become possible through the development of
sophisticated computational infrastructure. Similarly, the computational requirements for
complex analyses have been facilitated by advancements in graphical computing, allowing

for the rapid execution of computationally intensive algorithms.

Utilisation Within Psychosocial Literature. Traditionally, the domains of sociology
and social psychology have primarily relied on qualitative investigations, focus groups,
surveys, and controlled experimentation within laboratory settings. These conventional
methods, while valuable, often present limitations in scale, efficiency, and real-world
applicability. Notably, the subfields of social network analysis and artificial societies
have garnered significant attention, offering insights into the structural aspects of social
interactions. However, the deeper computational approaches within sociology and social

psychology have remained underutilized.
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Motivation

We are compelled to embrace computational approaches due to a collective acknowledgment
that our understanding of opinion formation, identity shaping, and societal dynamics is
limited. This necessity is particularly pronounced when dealing with large-scale phenomena
and the interplay between online spaces and their offline manifestations. The prevailing
issues of misinformation, disinformation, and radicalization, exacerbated by the pervasive
influence of social media, demand our attention. To address these challenges effectively,
there is a compelling need to enhance our comprehension of the underlying mechanisms

driving such phenomena.

Furthermore, we bear a responsibility to improve our societal situation by managing and
regulating online communities more effectively; building resilient online spaces that are
less susceptible to devolving into violence and hatred and fostering environments of social
trust. This proactive stance not only mitigates conflicts but also lays the foundation for a

more harmonious societal coexistence.

I suggest that problems exacerbated by social media necessitate computational solutions,
and computational approaches offer a promising avenue for understanding and addressing

enduring issues that have persisted throughout human history.

Scope

While others have explored similar paths, what distinguishes this thesis is its unique
synthesis of sociological depth and computational breadth. Sociological approaches often
lack computational rigor, and computational methods tend to superficially apply sociological
principles. My aim is to bridge this gap, approaching the study of societal dynamics from

both sociological and computational ends.
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1.1 Thesis Statement & Approach

In this thesis, I assert that applying computational methods will advance our understand-
ing of psychological and sociological phenomena. The research unfolds across five key
components within the research pipeline, namely measurement, modeling, profiling, tooling,

and (non-traditional) research outputs.

Measurement of psychosocial phenomena can be substantially enhanced in terms of scale,
representativity, and significance by employing data recruitment methods such as active
learning and leveraging the diverse data sources prevalent on social media. Traditional
methods, often confined to controlled laboratory experiments with limited sample sizes, can
be expanded through modern computational techniques. This raises the question of how

empirical measurement of psychosocial phenomena, like social influence, can be improved.

Modeling computationally offers a means to endogenize psychosocial mechanisms within
formal frameworks. This approach enables a more nuanced understanding of the complexi-

ties inherent in psychological and sociological dynamics.

Profiling populations of online users becomes crucial for comprehending the composition
of online communities, their traits, and the opinions stemming from their discussions.
Computational approaches can provide insights into the underlying traits that shape these

communities.

Tooling development is essential to empower psychosocial practitioners to readily profile
and model relevant phenomena. State-of-the-art computational classification techniques can
be integrated into tools, facilitating practical applications for researchers and practitioners

alike.

Non-Traditional Research Outputs form the basis of academic ecosystems and are
instrumental to not only the sharing of research methods, but also building trust in
them. Discourse with stakeholders, presentations, and broad audience articles are crucial,

particularly at the interface of disciplines.

Each chapter of this thesis directly aligns with these five components, offering a compre-

hensive exploration of the synergies between computational methods and psychosocial
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practices. They each contain a comprehensive literature review for their respective topics,

sufficient to situate the research within the broader research landscape.

1.2 Outline

In Chapter 2, we introduce a methodology for empirical measurement of social influence in
social media contexts utilising crowdsource workers in a human-in-the-loop paradigm. The
outcome is a framework for measuring psychosocial properties at scale in online contexts,
a human-labelled ground truth of social influence, and an application of this empirical
measurement to show its correlation with other psychosocial properties (i.e., agency and

communion).

In Chapter 3, we introduce the data-driven General Influence Model (GIM), which incorpo-
rates two psychosocial inspired mechanisms; conductance and influence-capital distribution.
We show that GIM is less arbitrary than computational influence models, and corrects
biases introduced through common influence metrics. We apply GIM to a large-scale
dataset of social media discussions surrounding COVID-19. Furthermore, by utilising
data wrangling techniques, we test the association between inferred social influence and
two psychosocial properties; social class (via occupation) and content veracity (via media
sharing behaviour). We find that some of the most influential occupations, also spread the

most misinformation.

In Chapter 4, we introduce a methodology for profiling the political ideologies of social
media users. Ideology reflects views on how society should operate, and intuitively forms
the basis for many other opinions. Prior approaches tend to utilise few signals of ideology,
which limit the representativity and effectiveness of their approaches. Here we curate a set
of ideological signals, characterising both moderate and extreme variations, which forms
the basis of our classification technique. We utilised ideological signals that are (somewhat)
agnostic to the dataset context and allow for generalisability of the approach. Furthermore,
we extract psychological traits from the language of profiled ideological users, to further

characterise the association between psychology and ideology. In particular we characterise
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their language in terms of morality, grievance, nationalism and cognitive distortions; finding

significant relationships with ideology.

In Chapter 5, we introduce a set of tooling aimed at psychosocial practitioners to perform
profiling and influence modelling on social media datasets. The tooling comes in the form
birdspotter — a software tool to analyze and label Twitter users — and birdspotter.ml —
an exploratory visualisation of the generated metrics. birdspotter is an end-to-end analysis
tool, which allows interdisciplinary practitioners to assess state-of-the-art computational
techniques for social media analysis, with only a few lines of code. Furthermore, the package
features tutorials, detailed documentation, and an in-depth case study showing how it can

be readily utilised as a state-of-the-art bot detection system.

In Chapter 6, I illustrate a body of experience situating my scholarship in the intersection of
psychosocial and computational disciplines. I assert here that for psychosocial practitioners
to effectively utilise modern computational approaches, they must observe these approaches
championed in their domain. I present a history of event participation, presentations, and
collaborations, which showcase non-traditional research outputs, in efforts toward this

thesis.

Finally, in Chapter 7 I reassert that applying computational methods will advance our
understanding of psychological and sociological phenomena, and demonstrate how the

preceding chapters support this assertion.



Chapter 2

Empirical Influence Measurement

Measurement is the foundation of scientific inquiry, providing the basis for accurate
modeling and deeper theoretical understanding. In the context of social influence, effective
measurement is particularly challenging due to the complexity of human interactions.
Traditional experimental approaches in psychology, like controlled lab studies, have been
instrumental in isolating social phenomena but often fail to scale beyond small groups,
limiting their applicability to real-world contexts. Classic experiments, such as those by
Asch on conformity [12], demonstrate how social influence operates but are difficult to
replicate at scale due to the constraints of traditional psychometrics, which rely on carefully

controlled environments that do not easily extend to broader populations.

This research seeks to overcome these limitations by introducing a human-in-the-loop active
learning method to empirically measure social influence. By using crowdsourced pairwise
comparisons and integrating them with computational simulations, this method leverages
large-scale sociometric data to capture the nuances of social dynamics that traditional
lab experiments miss. The research addresses the challenges of scaling in psychometrics,
offering a practical way to gather and analyze data across diverse, real-world contexts, such

as social media platforms.

A critical aspect of measurement in social sciences is managing systematic noise — consistent
biases that might stem from the study design or environment — and differentiating it

from random noise, which introduces variability. This research illustrates how to navigate

7
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these complexities, accounting for systematic noise in experimental design and random
noise using simulation tools to estimate research budgets based on design parameters and

participant accuracy.

To ensure the validity of these measurements, this study employs multiple approaches:
phenomenological validation by aligning findings with established psychological constructs
and predictive validation through correlation with expected social outcomes. For example,
the study deploys the active learning method to rank the influence of 500 X/Twitter
users, revealing a strong association between empirically derived influence metrics and
the psychological constructs of agency and communion. Agency, or the perception of
assertiveness and goal-oriented behavior, emerged as a critical dimension, suggesting that

these traits significantly drive social influence.

Precise and scalable measurement techniques are essential to advancing the study of
social phenomena. The utilization of the active learning method exemplifies the thesis,
demonstrating how computational tools can empirically capture complex social behaviors

in a manner that aligns with established psychological frameworks.

By positioning this work within the broader scientific discourse on measurement and vali-
dation, the thesis underscores the importance of interdisciplinary collaboration. Combining
the precision of computational methods with the depth of psychosocial insights offers a
promising pathway to address enduring societal challenges, such as misinformation and
polarization. This synthesis aims to provide a more comprehensive understanding of human
behavior, bringing new perspectives to the study of social influence and the development

of effective interventions.
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2.1 Introduction

Social influence is a pervasive force that shapes our interactions with others and contributes
to the emergence of complex societal behaviors. Understanding social influence mechanisms
is crucial for comprehending how individuals and groups decide and act in concert. Empirical
measurement of online influence can help us identify the factors that shape online behavior,
such as the influence of opinion leaders, the latent topology of social networks, and the role
of algorithms in directing the flow of information. This, in turn, assists us in developing
strategies for managing and regulating online behavior and ultimately contributes to

creating healthier and more sustainable communities.

Social influence is defined as a change in a person’s cognition, attitude, or behavior, which
has its origin in another person or group [13]. Influential people are those capable of
effecting this change and here we measure this influence in people. This element of
behavioral dynamics makes influence surprisingly challenging to quantify. There are two
main approaches to achieving this, each with merits and shortcomings; psychosocial and
quantitative. Psychosocial experiments are conducted in controlled laboratory environments
[14-16], capable of investigating the minute nuances of the influence phenomenon but are
consequently limited in size and cannot assess emergent behavior. On the other hand,
quantitative methods for measuring influence based on online social media data [17] are
often ad hoc, somewhat arbitrary, and do not relate strongly to social phenomena [18]. The
insights from one domain remain largely orthogonal to the other [19]. Furthermore, the
capability to apply psychometrics at an online scale is lacking. The question is, therefore,
how can the influence phenomenon be measured at scale, while maintaining a

high-quality experimental environment?

This paper explores how to measure social influence empirically and at scale by ranking a
set of online social media users (hereafter called targets). We base our quantification on the
perception of social influence by peers — we ask people to compare two targets and choose
the more influential one. Note that, the peers are Amazon Mechanical Turk (MTurk)
workers and targets are online users, who represent disjoint sets. We assume that people can
judge the relative social influence between individuals. While this may seem like a strong

assumption, sociometric research often utilizes peer-perceived measures of social attributes
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FIGURE 2.1: The schema illustrates the human-in-the-loop system for generating compar-
isons.

— such as popularity and reputation — and finds these measures are robust and reliable
[20-22]; however, the methodology is rarely applied to the scale of our cohort. Influence
measurement has two main challenges: scaling up the experiments to hundreds or thousands
of targets and constructing the ranking from pairwise comparisons. The naive approach
would require performing all possible comparisons — which scales quadratically with the
number of targets. This quickly becomes prohibitive in a crowdsourcing environment where

one pays a fixed price per comparison.

We solve both challenges by proposing a system with three components. First, we address
the scaling challenge. As the first component, we use a human-in-the-loop active learning
technique — human crowdsource workers are allocated tasks dynamically by an algorithm
based on the previous decisions of other workers. Fig. 2.1 illustrates our human-in-the-loop
system. The active learning mechanism generates comparison queries and adds them to
a queue. Multiple crowdsource workers concurrently complete batches of queries — each
query compares two target users and asks who is the more influential. The completed
pairs are returned to the active learning mechanism, which uses them to generate more
comparison queries, thus closing the loop. Section 2.3.1 further details our empirical
influence measurement approach and shows it reduces the required pairwise comparisons
and improves each decision’s utility. For example, for 300 targets the naive approach would

cost ~$2, 500, but our approach would only cost ~$67. Our framework scales loglinearly
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and, consequently, gains improve with scale. For 600 targets the naive approach would

cost ~$10, 100, but our approach would only cost ~$145.

Next, we address the ranking challenge. The second component is an augmented Bradley-
Terry model [23] that we leverage to build an influence ranking from pairwise comparisons
while accounting for systematic noise in worker decisions. We show that the systematic
noise is theoretically linked to the expected worker decision accuracy, allowing us to recover,
via simulation, the relationship between the required budget, the systematic noise, and
the quality of the influence ranking. This allows answering questions such as “What is
the expected ranking quality for a given number of targets and my maximum budget?”
Conversely, it can answer the question, “What budget do I require to achieve a certain
ranking quality for my given number of targets?” With systematic noise approximated

through experiments with real workers, we infer the ranking quality achievable.

The third component is an Amazon Mechanical Turk (MTurk) survey instrument that we
develop and optimize to estimate the impact of design features on worker decision accuracy
and reduce the required comparison budget. We account for several design features —
such as user metrics, proxies, and qualifications — and show through a series of ablative
pilot studies that improving the MTurk worker interface improves the accuracy of worker
decisions. We find that each feature individually improves worker accuracy, and jointly

using all features provides the best results.

We validate our empirical influence measure by linking it to the Big Two of social cognition
(i.e., agency and communion). The Big Two are known as the fundamental dimensions of
social comparison, and they are strong predictors of social factors, such as gender, class,
and power [24, 25]. Furthermore, prior works [26-28] have linked the Big Two and social
influence. It follows that this link should also be measurable between the Big Two and
our proposed empirical influence measure. We build regression models for the empirical
influence using the intensity of the Big Two as features. We find that both agency and
communion are significantly linked to empirical influence. Agency (the drive to get ahead)
appears more important than communion (the drive to get along) for influence formation

in our X/Twitter users, given the transient and non-ongoing nature of relationships on the
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platform. Interestingly, the user follower count — a widely used proxy for social influence —

does not have any detectable connection to social cognition.
The main contributions of this work include:

e A crowdsource empirical influence measurement framework to build the

influence ranking of large cohorts that leverages human-in-the-loop active learning.

A set of simulation and fitting tools for the measurement framework letting
practitioners assess the required budget, design quality of annotation environment,

and annotation fidelity.

A pilot study of MTurk design features that improves the expected worker

decision accuracy and minimizes the required budget.

A showcase of the link between empirical influence and the Big Two of social

cognition.

Challenges Of Measuring Social Influence. Social influence is a complex behavioral
phenomenon, which is inherently subjective. Our measure is based on influence as perceived
by MTurk workers; while we enforce interventions to manage worker subjectivity, we do
not remove the inherent societal biases around influence. For example, would a profound
impact on a small group or a minor impact dispersed over a vast group display more
influence? Furthermore, influence is often described with a social context and a goal. One
might choose to measure influence by whether an influencee performs an influenced action
(i.e., compliance). In this work, we limit our scope to the facet of social influence related

to online opinion formation.

We assume that people have a latent influence factor, which describes their influence with
respect to the population. Additionally, we assume that a total ordering of the social
influence of online users exists. In our protocol, we do not necessarily compare every pair
of target users, however, we infer a relation between every pair using this latent influence
factor. Note, that our monadic interpretation of influence has differing applicability
compared to a dyadic one. This interpretation allows for a macro-scale analysis of the
attributes associated with influence in general. However, it does not allow for analysis of
micro-scale interactions and the attributes of relationships that reinforce influence (e.g.,

homophily-induced influence).
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2.2 Preliminaries and Related Work

We structure the discussion of related work and preliminaries into two parts. Section 2.2.1
presents previous influence estimation approaches, accenting crowdsourced quantification
and psychometrics. Section 2.2.2 introduces the required concepts of pairwise comparisons,

the Bradley-Terry model and how to construct a ranking.

2.2.1 Influence Estimation and Crowdsourcing

Empirical Influence Measurements. There are two popular avenues in literature to
investigate the dynamics of influence. The first avenue within the sociology literature uses
agent-based simulations, which can demonstrate sufficient conditions for particular emergent
outcomes [18, 29-31]. However, this avenue has rarely correlated outcomes with empirical
data, and is predominantly validated at a phenomenological level [30, 32]. The second (and
more practiced) avenue emanates from psychology and tests for particular behaviors in a
social context, such as social distancing [15]. Researchers aim to identify the characteristics
that allow individuals to exert influence — such as authority, likeability, attractiveness,
and expertise [33]. Neither avenue deals with measuring the relative influence between
individuals. Our work uses human workers to perform pairwise comparisons and creates
a ranking of a set of targets based on their human-perceived influence. The approach is
inspired by sociometry — used to measure social quantities, such as status, popularity, and
reputation [34]. Generally, sociometric methods elicit (positive and negative) nominations
about the quantity of interest (e.g., status) from members within a group and derive a
measure from these nominations. Our approach differs from traditional sociometry in its
application in the online space and, consequently, to peers in a large population who do

not necessarily know each other.

Crowdsourcing Psychometrics. Extant literature has used crowdsourcing for psycho-
metrics to measure context relevance [35], factors of explainability [36], and interest [37].
Unlike our work, these studies treat workers as the subject and fail to scale using modern

active learning methods.
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Influence Co-Variates. Influence has been related to several co-variates, such as likeability
and authority. Given its fundamental role in human interactions there are likely many
such co-variates. Bhattacharya et al. [38] show that embeddedness within a community
is crucial to the formation of social movements. Furthermore, Shaik et al. [39] map
the types of engagement, as a measure of cognitive mobilization, throughout a social
movement. Embeddedness and engagement are likely covariates with influence, however
their measurement remains elusive in setups like ours. In this work, we choose to investigate

the big two of social cognition, given their recent utility in understand social cognition.

Crowdsourcing Influence. The investigation of influence through crowdsourcing is not
unique to our work. There are two main themes in the literature: recruitment to artificial
social platforms, and identification of micro-influencers. In the first theme, the extant
literature constructs artificial social platforms and recruits crowdsource workers to interact
on these platforms. This allows researchers access to metadata, which is usually proprietary
and inaccessible for the typical social media platforms. Furthermore, this allows them to
construct traditional controlled experiments with interventions. For example, Liu et al.
[40] construct an artificial social platform with recruited MTurk workers and construct an
influence ground truth (notably not a full ranking). Guilbeault et al. [41] use a similar
approach to investigate opinion polarization. These approaches suffer from the artificial
nature of the experiment, and their limitations are typically acknowledged within [40]. Our
work does not leverage a synthetic world, and it uses human workers to compare pairs of
targets — therefore, the conclusions suffer less from artificially introduced biases. In the
second theme, works enlist the knowledge of crowdsource workers and the communities
they are situated to identify micro-influencers (often as practical solutions to influence
maximization problems). For example, Arous et al. [42] build a framework to ask workers
open-ended questions for identifying micro-influencers. However, these approaches address
a distinct task (classification rather than ranking), leverage complex worker responses
(i.e., open-ended questions), and are constructed predominantly for marketing applications.
Our work leverages an easily quantifiable human decision (pairwise comparison) and an

algorithmic method to create a ranking of large populations of targets.

Crowdsource Design. Several papers point to the importance of properly designing

the interface of crowdsource annotation tools and providing the proper context [43, 44].
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The design choices directly link to the crowdsourced annotation quality, and prior work
suggests keeping tasks simple and clear [45]. Our work defines a measure of performance
for the MTurk interface design — the average accuracy of workers — and uses it to optimize

the interface design by ablating over several features and procedures.

Crowdsourcing Platforms, such as Amazon Mechanical Turk (MTurk), allow large pools
of human workers to complete tasks that computers cannot do. The research community
uses them for labeling tasks (say, identifying objects in pictures) and psychometric studies.
They are significantly cheaper, quicker, and induce a more diverse participant pool than
traditional surveys [46]. MTurk provides a programmatic interface to serve tasks and
process worker responses, making it amenable to active learning setups [47]—i.e., construct
the next task based on previous answers. Additionally, researchers have meticulous control

of the worker interface and can filter workers by their characteristics.

Pairwise Comparisons. There are two main psychometric approaches to measurement.
The first approach asks people to rate items according to the measured trait (e.g., using a
likert scale [48]). However, this direct ranking has scale calibration issues when performed
by non-experts [49]. The second approach is the pairwise comparison, which features several
advantages; it leads to lower measurement errors than the direct ranking of a set of targets
[50]. It induces a quicker and more straightforward experimental task [51], suitable for
non-experts in crowdsourcing setups [52] and is amenable to the active learning paradigm
[47], which reduces the number of comparisons required for high measurement fidelity.
Particularly in noisy and uncertain setups, pairwise comparisons outperform rating scales
[53]. Methods for recovering a scoring from pairwise comparisons, such as Bradley-Terry

and Thurstonian models, have a strong precedence in psychometric analysis [54, 55].

2.2.2 Pairwise Decisions and Ranking

The Pairwise Comparison Matrix (PCM) M € R"™*" represents the outcome of n items
being compared where M|i, j] is the number of times item 4 is favoured to item j—denoted

hereafter as j < 1.
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Stochastic Pairwise Decisions and Ranking Items. An influence ranking is an
ordered list i < j < k < ... < z, meaning that ¢ is the least influential, j is more influential
than ¢ but less than k, and so on. Going from pairwise comparisons to ranking depends
on the difficulty of the pairwise decision task. For simple tasks, human decisions can be
considered deterministic — i.e., the same decision is made at multiple repetitions. For
such deterministic pairwise decisions, the optimal ranking complexity requires O(nlog(n))
comparisons [56]. However, estimating influence is a difficult problem, even for humans;
when presented with the same task, two humans might make different choices — e.g., one
would say that ¢ < j and the other that j < ¢. We denote this as a stochastic pairwise
comparison. When pairwise comparisons are stochastic, all pairs must be compared ¢ times
to overcome intransitivity. This requires a dense PCM, which takes O(tn?) comparisons

and is prohibitively expensive when worker remuneration is per comparison.

Bradley-Terry Model (BT) [57] proposes a method for ranking individuals with sparse
PCM — when only incomplete pairwise comparisons are available. It is commonly used
in sports analysis [58, 59] (e.g., ranking chess players from matches) and psychometric
studies [54]. The BT model is intimately linked to the work of the Weber-Fechner laws
[60], and Thurstone’s Law of Comparative Judgement [61]. Each individual i (i.e., a target)
is ranked by its latent intensity 6; € R. The probability that target j is preferred to ¢

is P(i < j) = % . The maximum-likelihood estimates (MLE) 6 are computable

1+e

even from incomplete sets of pairwise comparisons containing circular comparison results
(e.g. i < j <k < 1) [23, 55]; particularly relevant for crowdsourcing experiments where
workers make difficult choices differently. Furthermore, adaptive methods for choosing the

pairs to compare were proposed [62] to obtain high fidelity measurements with minimal

comparisons.

2.3 The Empirical Influence Ranking Model

This section introduces the empirical influence methodology — our cost-effective method to
construct empirical influence rankings using peer perceptions by MTurk workers. First,
we describe the active learning approach that leverages an augmented BT model [23] and

the ranking inference procedure (Section 2.3.1). Next, we propose a set of simulation
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and fitting tools to estimate the required annotation budget (Section 2.3.2). Furthermore,
we show the connection between parameters (for modeling systematic noise) and MTurk

worker accuracy (Section 2.3.2).

2.3.1 Empirical influence measurements

Building the dense pairwise comparisons matrix M requires O(tn?) comparisons for n
targets (because decisions are stochastic, see Section 2.2.2). As n grows, the process
becomes prohibitive using crowdsourcing platforms, where costs are directly proportional
to the number of comparisons. The Bradley-Terry model has been successfully applied on
sparse versions of M (i.e., not all pairs are compared) to build approximate rankings [63].
The question is selecting which pairs to compare to maximize the ranking quality with
the minimum number of comparisons. Passive techniques choose pairs before running
the experiment; however, they do not use the information learned during the experiment.
Here, we employ a solution that exploits active learning to choose comparisons on the fly.
Past comparisons inform future choices, which, in turn, are more informative than random

choices.

Sparse Pairwise Comparisons Matrix Via Human-In-the-Loop Active Learning.
Our empirical influence quantification method builds on the active learning approach
introduced by Maystre and Grossglauser [23]. We use the Quicksort (QS) algorithm to
select pairs in the sparse pairwise comparison matrix M. We implement a human-in-the-
loop system, in which human judges make the pairwise comparisons (using the MTurk
platform), while the algorithm chooses which pairs to compare and builds the final ranking.
The QS algorithm chooses a pivot point (target) and compares every other target in the
set to this pivot. Crowdsourcing workers perform these comparisons. Two partitions are
then formed based on these comparisons. Furthermore, we implement QS recursively; at
each iteration, the sorting of the left (<) and right (>) subpartitions are performed in
parallel, taking full advantage of MTurk’s massive worker pool. In its design, QS exploits
information from past comparisons to reduce the number of future comparisons required

to complete the task, minimizing the total experiment cost.
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We compare a pair of targets at most once during each QS execution (denoted as a run);
usually, multiple runs are required. Maystre and Grossglauser [23] show that Kendall’s
Tau — a ranking quality metric — improves with the number of comparisons made, and the

estimated ranking approaches asymptotically the true ranking.

The Augmented BT Model. Response fidelity in psychometric experiments suffers from
two types of noise. The first type is systematic noise, associated with worker subjectivity,
worker inauthenticity, and perception biases. This type of noise can be minimized via
experimental design interventions (see Section 2.5). The second type of noise is stochastic
noise that we average out using repeated trials. To account for response fidelity, we use an
augmented BT model [23] that introduces the noise A into the probability of preferring the

target j over 7 as
. 1
14+e >

Maystre and Grossglauser [23] show that Kendall’s Tau deteriorates as noise increases.

Target Ranking Inference. Finally, given an observed set of comparisons {i < j}, we

infer the influence scores 6 by maximizing the log-likelihood:

6 = argmax Z log(Paug(i < 7))

{fi<i}
1
= argznax Z lOg w
{i<j} 1+e %
—(6;—6;)
= argmax — Z log <1 +e >
0 o
{i=s}
—(0,—6;)
= argmin Z log <1 +e > . (2.2)
° =i

In this work, we solve Eq. (2.2) using maximum likelihood estimation (MLE) via iterative
Luce Spectral Ranking [64]. The following section shows how to estimate the required

budget needed to run a real-world experiment.
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FIGURE 2.2: (a) Estimate required MTurk budget. Here we infer the budget, given a
required quality of ranking and number of targets. We vary the number of targets (n,
y-axis) and maximum budget (B, x-axis). The color map and contour annotations show

the Spearman correlation between the BT-estimated influence ranking (€) and a synthetic
ground truth (@). The cross denotes the chosen setup and estimated budget for our
real-world experiments. (b) Select worker interface design features. Here we determine
design features associated with higher worker decision accuracies, and find the relationship
between noise and accuracy. The blue line shows the relation between the average accuracy
(y-axis) and the noise (\) (averaged over 100 simulations, n = 500 targets, B = 30, 000).
The points show ablations of design features (see Table 2.1) and their MLE fitted noise
(relevant area zoomed in the inset). As more features are shown, worker accuracy increases.

2.3.2 Estimate required budget: noise, accuracy and simulations

This section introduces tools to estimate the required budget to run an influence estimation
experiment at scale. First, we discuss the intertwining of noise, budget, and ranking quality.
Next, we introduce a tool to simulate worker decisions with a given accuracy, and we show
how to compute the required budget given the expected worker accuracy and the desired
ranking quality. Finally, we show the theoretical link between the noise parameter A and

the average worker decision accuracy.

Intertwining Of Noise, Budget, and Ranking Quality. Deploying the empirical
influence measurement introduced in Section 2.3.1 requires making a tradeoff between
three intertwined factors: the noise parameter A\, budget (number of comparisons which
translate into dollars), and ranking quality. For example, a higher noise level would require

a higher budget to obtain a ranking of a given quality. Conversely, reducing the systematic
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noise reduces the required budget. We measure the ranking quality as the Spearman rank

correlation between the targets’ inferred and real ranking.

Estimate Budget Requirements. It is often desirable to be able to estimate the required

budget prior to launching the MTurk experiment. We achieve this in two steps.

In the first step, we simulate the worker’s decision process with a given noise parameter,
infer the synthetic influence ranking, and compute the ranking quality. The simulation
requires three parameters: the maximum number of comparisons B (budget), the number
of targets n (#targets), and the noise parameter A (noise). We sample the synthetic latent
influence intensities ; from a power-law distribution. We chose power-law as the literature
observes that social metrics tend to follow a rich-get-richer paradigm [65]. For example,
Twitter follower count is power-law distributed with exponent 2.016 [66], which we use
for sampling the synthetic 6;. For a pair of targets (i, ), our simulated workers produce
correct decisions with probability Pgy4(i < j) (see Eq. (2.1)), which is completely defined
by 0;, 0;, and A. We use the QS procedure to select B comparisons and compute the BT
estimates @ from the recorded responses. Finally, we measure ranking quality p as the
Spearman correlation between 6 and 6. T herefore, the first step expresses the ranking

quality as p = function(B, n, \).

In the second step, we perform a grid search over the budget B and the number of targets n.
We therefore obtain B = function(p, n|\). We note that A is not a parameter; it is linked to
the worker accuracy (see later in this section) and depends on the MTurk interface design
(see Section 2.5). Fig. 2.2a shows as a colormap p as a function of B (x-axis) and n (y-axis).
Visibly, for a target quality (the colored area in Fig. 2.2a), the required budget increases
with the number of targets. Here, A = 1.22 based on our pilot study in Section 2.5. The
labeled crossmark in Fig. 2.2a shows the configuration that we use in our experiments in
Section 2.5; we chose a correlation level of 0.93 and 500 targets. Therefore, we estimate we

require 30,000 comparisons (approximately US$120).

Link Between the Noise Parameter and Worker Decision Accuracy. The system-
atic noise A is intuitively linked to the accuracy of worker decisions: a higher noise is linked
to a lower accuracy and vice-versa. Here, we show the theoretical connection between these

two quantities. Let the decision of a worker comparing targets ¢ and j be described by a
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Bernoulli random variable

Xij ~ Bern(Pgug(i < 7))
with E[XU] =1x Paug(i =< ]) + 0 x (1 — ]P’aug(i < j))

=Puug(i < j) .

The MTurk experiment is characterized by a series of Bernoulli trials, one trial per pair (i, j).
Consequently, the accuracy of the human choices in the MTurk experiment is %
Note that X;; are independent but not identically distributed since they depend on the
choice of (i,7) for a given A. The expected accuracy of the MTurk experiment over all

worker choices is

Elaccuracy] = E (2.3)

N N N

2 (i.9) Xij] _ 2 BEG] 20 Paug (i < )

where N is the total number of compared (i, j) pairs. Eq. (2.3) links the mean worker

accuracy and the A noise parameter (via Eq. (2.1)). Visibly,

Z(z ) 1im>\—>inf IP>¢1ug (Z = j)
lim E = =)
Jim [accuracy] N
1
cf. Sec. 2.3.1 _ Z(id) 2 — 1 (2 4)
N 27 )
e.g., the accuracy of unbiased random choice is a binary classification problem.

We use the synthetic worker decision generator described above to compute the relation
between the noise A and the mean accuracy. Fig. 2.2b plots this relationship and the
standard deviation determined from 1000 process simuations. We make two observations.
First, the mean accuracy converges asymptotically to 0.5 as the A increases, as indicated
by Eq. (2.4). Second, we notice that the standard deviations (dotted lines) are minimal,
implying the relationship between accuracy and noise is fairly robust. In Section 2.5 we
perform a series of pilot experiments to optimize the MTurk worker interface. We observe
that, as we refine the worker interface design, the slider on the noise-accuracy line moves

towards higher accuracy and lower systematic noise.
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2.4 Dataset, Implementation, and Setup

This section introduces the foundational implementation details for running our QS ranking
using real-life crowdsourcing workers. Firstly, we introduce the base experimental setup.
Next, we describe the X/Twitter dataset that we use in this work. Finally, we describe

how we sample the target and proxy users from the dataset.

MTurk experimental setup. The base experimental setup detailed here is used consis-
tently across most variants explored in Sections 2.5 and 2.6. We use the ubiquitous MTurk
crowdsourcing platform to implement the QS active learning procedure. The implementa-
tion runs QS partitions concurrently, so comparison pairs enter a First-In-First-Out (FIFO)
queue and are served to MTurk workers in batches of 10. The workers were presented
with two target users and a proxy user (see Table 2.1 and Section 2.5). Through a pool of
differently worded questions, workers were asked to determine which target user was more
influential to the proxy. These questions are “Which user is the prozy user most likely to
retweet?”, “Who will the proxy user be more socially influenced by?”, and “Which user
would sway the proxy user’s opinion more?”. Fig. 2.3 shows the MTurk user interface as it

would be presented to a worker.

#ArsonEmergency Dataset was collected by Graham and Keller [67] from X/Twitter
in the context of the Australian ‘Black Summer’ Bushfires. It contains discussions around
claims that arsonists caused the bushfires — now debunked as misinformation. The dataset
was collected between 22 November 2019 and 9 January 2020—using keywords like ar-
sonemergency, bushfireaustralia, bushfirecrisis, and other—, and contains 197,475 tweets

emitted by 129, 778 users.

Target and Proxy Sample Selection. We selected from the #ARSONEMERGENCY
dataset a sample of 500 targets and 500 proxies, controlled for availability, language, and
Hawkes-modeled influence [1]. The users’ availability (suspended or protected status at
the time of the experiment) was queried through the Twitter API before the experiment.
We selected solely English-speaking users, so the majoritively English-speaking MTurk
workers could appropriately judge them. We use a triple-agreement approach between

three language detection systems langid [68], c1d3 [69], and whatthelang. There may be
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a significant interaction between language and influence, which could affect our sampling.
To remedy this, we verified that the (55.8% remaining) filtered users were uniformly
distributed with respect to Hawkes-modeled influence, via a chi-square test at a 95%
significance level. From this set of valid users, we used an inverse CDF sampling method,

with nearest-matching, to sample users with respect to Hawkes-modeled influence.

2.5 Pilot Study: Optimize MTurk Interface Design

In this section, we show how to design the MTurk worker interface to increase the worker
decision accuracy and reduce the systematic noise. Intuitively, a proper experimental
design and a worker interface presenting the appropriate information increase the accuracy
of the decision. We begin by generally describing our pilot study methodology. Next, we
detail each design feature and its corresponding impact on decision accuracy. Finally, we

apply our design learnings and generate our final empirical measurement for influence.

Methodology. An ablative pilot study has a few ingredients: a set of design features,
a procedure for running pilots, and a method to compare them. To begin, the set of
experimental design features includes the user component, proxies, and qualifications.
Table 2.1 shows the complete list and the feature description. Next, each pilot is a variation
of the basic setup with design features added or removed. We performed three QS runs
for each pilot and cleared the worker blocklist (see ‘qualification system’ below) between
pilots. For clarity, workers who have participated in a prior pilot could participate in
future pilots. In effect, workers may be exposed to different information associated with
the same targets between pilots. Given the number of targets and potential comparisons,
we assume this memory bias is negligible. Furthermore, we apply this protocol because
while MTurk worker pools are vast, we do not wish to disenfranchise high-quality workers.
Finally, to compare pilots we infer the decision accuracy they induce in workers. We
fit the noise hyper-parameter A by minimizing >V (6; — 6;)2, where 6 is the influence
determined using our QS active learning procedure and @ is the ground truth. Note that A
is a hyper-parameter of our empirical influence measurement model, as it depends on the
quality of workers’ decisions and not the evaluated targets (see Sections 2.3.1 and 2.3.2).

Consequently, A and @ cannot be jointly fit from pairwise comparisons (see Appendix A.1
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TABLE 2.1: Design features for the MTurk user study.

Feature name Feature description

Username, picture & link Twitter user profile information

Description User-reported description

Tweet samples Sample of 5 tweets emitted by the user

Follower Count The number of people who follow the user
Followee Count The number of people the user follows

Status Count The number of posts the user has authored
Proxy User A third user on whom the influence of each of the

targets is projected

Qualifications A mechanism to blocklist low-quality workers

for a formal proof). Our pilot study uses follower count as a proxy for 6 because it
is a widely adopted metric of influence (although it has been shown to be sub-optimal
[65, 70, 71]). Fig. 2.2b plots the obtained noise A and corresponding worker accuracy for
each ablated MTurk design. In the rest of this section, we detail the impact of each design

feature.

The User Component allows workers to quickly glean the relevant information about
users, including the users’ names, pictures, descriptions, hyperlinks to their Twitter profile,
and a small sample of their tweets presented. We found that the most important user
metrics are the follower count, followee count, and statuses count. Fig. 2.2b shows that
removing these metrics significantly reduces worker accuracy — when we remove all metrics
(the No Metrics annotated point on Fig. 2.2b), we observe the worst decision accuracy of
0.57. Showing the followee count or the status count significantly increases the accuracy to
0.61 (Only #Followee) and 0.68 (Only #Status), respectively; when showing both metrics
above, the accuracy increases to 0.70 (#Status & #Followee). Adding the follower count
(A1l Features) further boosts the accuracy to 0.72. While this incremental improvement
from adding the follower count might seem counterintuitive—given that we use it as a
proxy for the ground-truth influence parameter 8—two factors likely explain this effect.
First, follower count is correlated with both followee count and statuses count in how
workers perceive influence, providing limited unique information beyond these related cues.
Second, workers were not informed that follower count serves as the influence ground

truth in our model; when other cues are available, they may not treat follower count as a
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Which user is the proxy user most likely to retweet? Read the information for each of the users!
Select one of the two target users to answer the above question. (v The proy e and he e trset e
Tucker Carlson Bill Nye
Proxy User
Barack Obama
Tucker Carlson Bill Nye
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FIGURE 2.3: An example of the user panel within the MTurk interface, showing profile
features (name, picture, and handle), metrics (follower, followee, and status counts), and a
scrollable sample of authored tweets.

definitive indicator of influence. The above results suggest that all metrics are independently

important signals of influence.

Proxy Users are used to reduce the effect of a worker’s opinion on their influence judgment.
In judging between two targets, we ask workers “who the proxy would find more influential”.
Proxy users do not eliminate the workers’ subjectivity; however, they increase the worker

decision accuracy by 3% — No Proxy has an accuracy of 0.69 compared to A1l Features.

The Qualification System restricts designated workers from completing tasks. The
incentive structure of MTurk encourages workers to do as many tasks as quickly as possible.
This leads to workers performing low-quality work; increasing the payment for each HIT
(individual piece of work) does not alleviate the problem [72]. We broadly label such
workers as low-quality workers and implement a blocklist mechanism to stop them from

doing additional work and further reduce the decision accuracy.

Within a run, we measure the quality of a worker as the accuracy of the workers’ responses
concerning the target follower count percentiles. To clarify this procedure: workers provide
binary pairwise comparisons (selecting which of two users is more influential), and we
evaluate their accuracy by checking whether their selections align with follower count
rankings on unambiguous cases. As the task is inherently subjective and difficult, we add

some leniency to this banning scheme. Firstly, only comparisons where the difference of
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follower count percentiles is more significant than 20% are included in determining accuracy.
The intuition is that targets with a clear difference in the number of followers should be
easier to judge. Secondly, banning is only implemented after completing 100 comparisons
that satisfy the prior condition. Workers with accuracy below 50% on these clear-cut
comparisons are blocked from future tasks. Lastly, the banning decision is only made once
per run (but a banned worker stays banned for all remaining runs). This banning scheme
is lenient enough to complete work quickly while restrictive enough that response quality
remains high. Importantly, this filtering procedure is unlikely to train workers to focus
specifically on follower count: workers must perform particularly poorly (worse than random
chance) to be banned, and banned workers cannot return to learn from the experience,
preventing any feedback-based learning about our evaluation criteria. Counterintuitively,
Fig. 2.2b shows that removing the intra-banning mechanism (No Intra-Round Banning)
leads to slightly better performance (accuracy 0.73) than A1l Features (accuracy 0.72).
We believe the 0.73 score is too optimistic because low-quality workers were consistently
discouraged from our task by the prior implementation of banning; when we removed it to
measure impact, they did not return. This also corroborates with previous findings in the

literature [72, 73].

Optimal MTurk interface and required budget. The above pilot studies lead us to
the final MTurk worker interface with A1l Features, shown in Fig. 2.3, with a worker
accuracy of 0.72 (corresponding a systematic noise A = 1.22). Given the 500 targets to rank
(see Section 2.4) and a desired ranking quality p = 0.930, we use the budget estimation
procedure in Section 2.3.2. We determined that we require 36, 252 comparisons. According
to MTurk ethics and US Federal minimum wage, we pay MTurk workers US$0.04 per
HIT (a HIT contains 10 pairwise comparisons). As a result, we estimate the total cost of
building the influence ranking using our proposed QS ranking for 500 targets to US$145.
By comparison, building the dense comparison matrix for 500 targets would cost more

than US$7,000 (see Section 2.2.2).
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FIGURE 2.4: Plot (a) illustrates the insufficiency of follower count (i.e., the canonical
metric) in representing empirical influence. It shows a moderate (spearman) correlation
of 0.48 between empirical influence (x-axis) and follower count (y-axis). Plot (b) and
(c) illustrate the nessecity of an empirical influence measure, in uncovering relationships
with psychosocial attributes, over ad hoc metrics such as follower count. They show the
coefficients of a linear regression predicting follower count (b) and empirical influence (c),
respectively. The predictors are the use (or lack of use) of agency and communion in user
tweets, and there is no intercept. The dashed line shows the estimate for the reference
group (using neither agency nor communion), and the range shows a 95% confidence
interval. Accordingly, coefficient ranges encompassing the dashed line are not significantly
different from the reference group.

2.6 Empirical Social Influence and Social Cognition

Social influence is difficult to quantify directly; however, several works [26, 27] have shown
it is conceptually linked to social cognition. In this section, we illustrate how our empirical
influence measure captures the relationship between social influence and the Big Two of

social cognition [24]; however, the more widely used follower count fails to do so.

Empirical Influence and Follower Count. Many prior works use ad hoc proxies for
social influence that are simply correlated with it. One example of a widely used measure
correlated with social influence is follower count [3, 74, 75]; however, it has been shown
to be a biased measure of influence [65, 70, 71]. The QS ranking proposed in this work
moves towards measuring social influence at scale through peer perception measurements.
For example, Fig. 2.4a shows only a moderate Spearman correlation between the follower
count and our empirical social influence measure, suggesting a significant variation is not
explained by the former. Both follower count and empirical influence are converted to

rank-percentiles within our sample for this analysis. The remainder of this section shows
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why our empirical social influence estimation is a superior quantification of true social

influence by connecting it with social cognition.

Linking the Big Two Of Social Cognition To Influence. Many factors impact the
social influence phenomenon [33], some of which relate to the context of interaction and
others to the individuals. Factors related to individuals include likeability and authority
(i.e., expertise, confidence, social class, and status). The Big Two of social cognition —
i.e., agency and communion — are categories of social motives that have been linked to
gender [76], and social class [77]. Agency — the drive to get ahead, acquire skills, status,
and power — is associated with masculinity and independence. Communion — the drive to
get along, build trust, generate goodwill, and stoke mutual interest — is associated with
femininity and dependence. The Big Two are intimately related to one’s perception of
self, others, and groups [25]. Intuitively, social cognition is linked to influence formation
(for example, through agentic authority and communal likeability), and prior literature
draws links between these social cognition concepts and social influence. For example,
Abele and Wojciszke [25] show that liking is related to communion and respect is related to
agency (and both liking and respect are features of influence [33]). Furthermore, Tveleneva
et al. [26] link communion to higher susceptibility to influence. Frimer et al. [28] find that
influential figures (such as public figures) use agentic and communic motives in specific
ways. Finally, Abele and Wojciszke [24], Abele and Bruckmiiller [78] suggest the Big
Two are the fundamental ways we judge others; accordingly, if any personal traits affect

influence, it would be these.

Linking Empirical Influence and the Big Two. Here, we analyze the relationship
between the Big Two and social influence and illustrate the advantage of our empirical
measure over ad hoc metrics like the follower count. We quantify the Big Two using a
dictionary-based method [79], which matches the n-grams associated with agency and
communion with the n-grams in the posts of our 500 target users (see details in Section 2.4).
For example, posts containing the n-grams authoritative and persistent indicate higher

agency, while those containing benevolent and kindness indicate higher communion!.

'See https://osf.io/jfct2 for the complete list of Big Two n-grams.
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Next, we fit two linear regression models on the same dataset of 500 users: one for the
follower count percentile and another for the empirical influence score, using the presence
or absence of agentic and/or communic n-grams as predictors. The unit of analysis is
individual users (not individual posts), where each user is coded as binary presence/absence
of agentic and communic n-grams across their entire tweet corpus. Given the relatively
small corpus of posts per user, we use binary indicators rather than continuous counts to
avoid sparsity issues. This creates mutually exclusive categories: users with only agentic
language, only communic language, both types, or neither (reference group). The regression
uses standard linear regression with binary indicators, where each coefficient represents the
average score for members of that group. Figs. 2.4b and 2.4c show the coefficients for each
fitted model. For the follower count (Fig. 2.4b), we observe that no predictor accounting
for Big Two features is significantly different from the reference group, as all confidence
intervals intersect the dashed line of the reference group (see caption of Fig. 2.4). However,
in Fig. 2.4c, we observe that all predictors are significantly different from the reference
group. This means using agentic or communal language is associated with higher empirical
social influence but not with a higher follower count. In other words, the follower count
seems disconnected from social cognition measures, whereas our empirical influence measure
is tightly dependent. Furthermore, we observe that agency alone is most highly associated
with social influence, followed by communion alone. We speculate this is because X /Twitter
is a debating environment [10] where relationships are transient and non-ongoing. In such
environments, the agency is more important to project competence and influence quickly.
We might expect communion to have a higher role in influence formation on platforms more
conducive to forming social groups (such as Facebook). This is an avenue for future work.
Interestingly, having both agency and communion leads only to a modest increase in social
influence. This is because Abele and Wojciszke [25] show that agency and communion are
negatively correlated — showing one dimension makes people assume the opposite about the
other. As a result, Gebauer et al. [80] suggest that congruence (showing both dimensions
together) leads to ambivalence in an observer. Testing the above hypotheses requires a

larger sample, which we leave to future work.
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2.7 Discussion

This work’s contribution is four-fold; a human-in-the-loop empirical influence measurement
framework, simulation and fitting tools for the framework, an empirical study of experi-
mental design context features, and an analysis linking the Big Two of social cognition to
social influence. The empirical influence measurement methodology is a novel contribution;
robust to noise (see Fig. 2.2b) and highly correlated with true influence in a broad range
of flexible simulation studies (see Fig. 2.2a). Furthermore, we find that upon applying
the framework to online users, the empirical influence scores are better correlated with
factors intuitively related to social influence than the baseline. It is important to note
that the empirical method is limited to measuring the peer-perceived social influence of
target individuals, which might be epistemologically distinct from latent social influence.
We assume that workers are capable of distinguishing the relative social influence between
individuals, and this is an accepted sociometric approach [20, 21]. The method could
be appropriated to measure other psychosocial attributes of online individuals (such as

reputation and trustworthiness) inexpensively, reliably and simply.






Chapter 3

Generalized Influence

Measurement Model

Social influence plays a vital role in shaping human behavior, guiding how information
is adopted, norms are followed, and collective decisions are made. During crises, such as
the COVID-19 pandemic, social influence can determine whether life-saving information is
effectively communicated, public health measures are observed, and vaccination campaigns
reach their intended targets. However, the study of online social influence faces methodolog-
ical challenges. Traditional psychosocial approaches, which emphasize understanding the
social dynamics that drive influence, often rely on techniques that are slow, non-scalable,
and limited in their ability to generalize to emerging issues. Meanwhile, computational
approaches, which excel in processing large-scale data, frequently overlook the complex
mechanisms underlying influence, instead relying on oversimplified metrics like network

structures or event counts.

This chapter introduces research to address these challenges by developing a more integrative
approach to modeling social influence. It proposes the Generalized Influence Model, a
data-driven framework that bridges psychosocial theory and computational analysis. The
model incorporates two novel mechanisms inspired by psychosocial concepts: conductance

of social influence through ties and the distribution of influence capital throughout a

33
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network path. These mechanisms are designed to capture the underlying dynamics of

influence and to correct the biases introduced by simplistic metrics like follower counts.

Models play a critical role in the scientific understanding of social phenomena by capturing
the mechanisms, informed by theory, that drive processes. In this research, the Generalized
Influence Model serves not only as a descriptive tool but also as a theoretical framework
that reflects the complex interplay of social factors. By incorporating psychosocial insights,
the model provides a more nuanced understanding of influence, addressing limitations in
existing computational methods and offering a clearer picture of how influence functions in

online settings.

This research exemplifies the use of a model in a social science context. The model has been
rigorously tested and shown to outperform state-of-the-art approaches, providing more
accurate predictions of influence by correcting biases inherent in conventional models. By
applying the model to discussions surrounding COVID-19, we were able to quantify users’
influence and compare it against the veracity of the content they shared. Findings revealed
that professions like executives, media figures, and military personnel were often more
influential than experts such as life scientists and healthcare professionals. Troublingly, the
analysis showed that some of these influential non-experts were also among the most active
spreaders of misinformation, raising critical concerns about the effectiveness of information

dissemination during crises.

Beyond individual case studies, models must be scalable to have a broad impact, and the
Generalized Influence Model was designed with this in mind. Its ability to process large-
scale data allows for the analysis of influence patterns across diverse contexts, providing a
tool that can be applied widely in studying social phenomena. This scalability is essential

for making reliable, data-driven predictions that inform policy and intervention strategies.

This research emphasizes that effective models must do more than process data; they must
capture the mechanisms behind social behaviors, inform those mechanisms with robust
theoretical frameworks, and be adaptable enough to apply at scale. By combining the
depth of psychosocial theory with the precision of computational analysis, this approach
highlights the transformative potential of models as predictive, scalable tools that can

provide deeper insights into complex social dynamics.
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This chapter demonstrates how interdisciplinary approaches can address significant societal
challenges, such as misinformation and the spread of harmful narratives during crises. It
exemplifies how computational models, informed by theory, can serve as robust, predictive,
and scalable tools for understanding and managing social influence, supporting better

decision-making and crisis response in a digital age.
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3.1 Introduction

Understanding public opinion formation remains an enigma with ample impact on our
increasingly digitized society. The polarization of public opinion signals breakdowns in
social trust [81], extreme opinions form pathways to radicalization [82], and in recent years,
opinions opposing expert medical advice have led to loss of life by undermining immunization
campaigns and stoking vaccine hesitancy. While we are beginning to understand the factors
that drive opinion formation, we lack scalable modeling and quantification tools. These
tools are essential when trying to mobilize our peers to enact change—whether to accept the
vaccine or alter their consumption patterns to avert catastrophic climate change. One of
the foundational factors in opinion formation and in enacting change is influence [83]. This
force governs interpersonal relationships and contributes to establishing societal institutions

and reforms.

Social media ubiquity has expanded the role of influence by providing a fertile ground
for influence mechanisms to unfold and for a minority of users to exert disproportionate
control. There exists ample evidence that online dynamics have offline repercussions
in terms of collective movement [84] and radicalization [85]. Although there is a rich
trove of literature on social influence, stretching from the psychosocial to computational
domains, a quantitative approach to measuring online influence remains elusive [17, 18].
The computational approaches focus heavily on measuring message propagation propensities
and exposure to messages through one’s social network [66, 86, 87]; however, social influence
is more accurately defined as the ability to change the behaviors, opinions, or beliefs of
others [14]. Many psychosocial complexities of influence (like the social attributes of the
source of influence) are lost when influence is narrowly interpreted as merely a reaction to
exposure. Therefore, we ask how can online influence be quantified, such that it

relates to the theoretical psychosocial influence phenomenon?

Furthermore, sociologists have long espoused that influence is most directly related to
concepts such as social class and expertise [88]. Social class, a multifaceted construct
encompassing education, wealth, occupation, and subculture, strongly aligns with estab-
lished determinants of influence such as authority and likability [33]. While historically

linked to political power, in contemporary egalitarian societies with social mobility, class
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is predominantly indicated by occupation. Expertise, on the other hand, is related to a
specific context and typically derives influence through demonstrated outcomes. Despite the
compelling appeal of these sociological theories of influence, they remain largely untested on
a large scale in online domains. Evaluating these theories is crucial, as adherence to expert
advice reflects optimal societal behavior, and the extent to which social class either hinders
or reinforces such advice can have critical implications. For instance, in an ideal scenario,
populations would follow expert advice (e.g., from epidemiologists, biomedical scientists,
healthcare professionals) during pandemics. However, the emergence of the anti-vaxxer
movement and the proliferation of vaccine misinformation illustrates a contrasting reality.
Therefore, we ask how does influence correlate with its proposed determinants in

the online domain?

In this paper, we model online influence on Twitter/X. We achieve this in a sequence of
two parts. In the first part, we build the Generalized Influence Model (GIM) — a novel con-
tribution that bridges the divide between psychology and the quantitative approaches [12].
In Section 3.2, we review an essentially quantitative model [1] for online influence based on
exposure. In Section 3.3, we build GIM by augmenting this model with two factors known
in psychosocial literature to modulate the exertion of social influence: conductance 33, 89|
and social attribution [33, 90-92]. We endogenize these factors by incorporating a social
network conductance and a influence-capital distribution mechanism and propose several
flexible implementations that maintain scalability. In Section 3.4, we show GIM to outper-
form several baselines, including the current state-of-the-art influence quantification [1],
and to correct the biases introduced by the widely used follower count metric. In the second
part, in Section 3.5, we empirically test the hypothesis that social class and expertise are
the primary influence determinants. Following prior work, we assume that social class
is primarily associated with one’s occupation [93] and expertise is associated with the
quality of the sources they share. On a Twitter/X dataset containing discussions about
the COVID-19 pandemic, we utilize GIM to identify the occupational groups that yield
the highest influence. We determine user occupation using the O*NET taxonomy [94], and
numerically quantify the veracity of information users spread using a dataset of COVID-19

related misinformation [95]. The analysis reveals experts (i.e., epidemiologists, biomedical
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FIGURE 3.1: Schema of the Generalized Influence Model (GIM). (bottom) An example
cascade is modeled using Hawkes processes. Each event (timestamp on x-axis) has a mark
(y-axis) and spawns new events following a time-decaying intensity (magenta areas). (top)
The latent branching structure is shown with solid lines, and other valid pathways are shown
with dotted lines. GIM has two psychosocial-inspired components. Conductance: FEdge
thickness represents conductance, which modulates the likelihood of observing diffusions
along that edge. Influence-capital distribution: A percentage a of a node’s capital (green
shades) is transferred along diffusion edges (red arrows), from target to source. Influence
is proportional to the accumulated capital.

scientists, and healthcare professionals) are not always the ones that shape the discussions.

So who does exert the greatest influence?

Successfully modeling online influence identifies the actors who shape societal views. It
serves as the first step toward addressing societal issues—such as spreading misinformation

amid a pandemic. The main contributions of this work include:
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e The General Influence Model which introduces two psychosocial inspired mecha-
nisms: conductance and influence-capital distribution, to move toward psychosocial
influence.

e An evaluation analysis of GIM, where we find the optimal hyperparameters, show
that GIM outperforms the state-of-the-art, and illustrate how GIM is an unbiased
estimator.

e An analysis of sociological determinants of influence; investigating the rela-

tionship between social class, expertise, and GIM social influence.

3.2 Preliminaries & Related Works

Quantitative influence approaches exploit readily available metadata, such as timing and
network features, which has historically been underutilized in psychosocial literature. These
approaches, and the axioms from which they are built, form a strong foundation for an
inquiry into influence. Influence is traditionally difficult to observe, as we cannot easily
observe the minds of the influenced. We build upon prior works that take a longitudinal
view and hypothesize that the endorsement patterns over extended periods reveal the
influence structures in an observed cohort. On Twitter/X, this endorsement is signaled
via retweeting, which is widely accepted as a form of endorsement of an emitter (the
person being retweeted) by a receiver (the retweeter) [96]. However, platforms typically
do not expose the structure of these endorsements. Nearly all social media platforms
have a ‘resharing’ behavior (with varying degrees of API accessibility). The technique
of reconstructing influence structures relies on acquiring the timing of reshare events.
Rizoiu et al. [1] infer these structures by assuming retweets arrive following a Hawkes point
process. In this section, we review approaches to influence quantification and articulate

the Hawkes-modeled influence [1] from which GIM is built.

Prior Influence Quantification. Common approaches to quantitative models of influence
include: using centrality on social graphs as an influence proxy [4, 97], approximating
solutions to the influence maximization task [86, 87|, and explicitly modeling popularity
through approaches such as Hawkes Processes [98]. However, these approaches suffer from

the conflation of social influence with other concepts such as popularity or activity. Several
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studies have highlighted the discordance between measures of popularity and influence
[65, 70, 71]. Recent work has proposed several novel approaches to influence measurement.
Nickel and Le [99] efficiently model entity interactions via a Multivariate Hawkes Process
(though this approach is entirely based on propagation propensity rather than grounded
influence), and Smith et al. [70] estimate the impact by removing confounders through a
causal inference network framework (though this approach must effectively reconstruct
the network, makes restrictive diffusion assumptions, and focuses on influence operator
classification). Unlike these prior methods, our work directly accounts for psychosocial

factors that mediate influence propagation: influence-capital and network conductance.

Retweet Cascades consist of an original tweet and subsequent retweets. We denote a
marked cascade up to time 7" as H¢(T') = {v1,v2, ...}, where v; = (t;,(;) denotes the ith
tweet, t; is the event time relative to the original tweet (¢; = 0), and (; € R—dubbed
the mark—is the event meta-data. We denote a possible realization of the endorsement

structure as G, and the set of all potential endorsement structures as Y.

The Branching Structure of retweet cascades is a latent graph (G, ) where G are the
tweets, and F contains direct retweet relations. Given a cascade of n events, we define the
set of all valid branching structures as T = {G|(v;,v;) € G so that ¢; < t;}. Rizoiu et al.
[1] show that |Y| = (n — 1)!. Fig. 3.1 shows an example retweet cascade, its most likely
branching structure in solid lines and other potential branching structures in dashed lines.

Next, we compute the probability mass function over the branching structure set Y.

Hawkes Processes [100] have emerged as a powerful tool for modeling social media
events and information diffusion, providing a mathematical framework for capturing the
self-exciting nature of online user activities [101? |. The self-exciting property—the arrival
of an event increases the likelihood of future events— is applicable here due to the property

of social affirmation (i.e., past social actions encourage incoming actions).

In Hawkes processes, events arrive following the conditional intensity

AHH) =pt)+ D ot —t)

v; E’HC (t) <t



42 Chapter 3. Generalized Influence Measurement Model

where i(t) is the baseline intensity; each event v; increases the overall intensity by ¢?é(t—t;);
¢t is one way to model marks where b mediates the marks’ effect, and the kernel ¢ : RT — R

r

controls the event intensity decay. The exponential ¢ep(t) = e and the power-law

bpow(t) = (t +¢)~0+7) are common parametric forms.

Hawkes and Oakes [102] propose the branching representation of Hawkes processes, where
each event v; generates offspring following a non-homogenous Poisson process of intensity
¢bp(t — t;)—illustrated by the magenta areas in Fig. 3.1. Lewis and Mohler [103] use the
branching representation to estimate the probability that v; is a direct offspring of v; as

boh(t: — ¢

v p(t) + Ztk<tj C}?d’(tj — t)

Intuitively, p;; is the proportion of intensity that v; contributed to the total intensity at
time t;. Note that for retweet cascades u(t) =0, and p;; = 0, when ¢; > ¢;. Finally, the

probability of a valid branching structure is H(ij) cB(G) Pij-

Hawkes-Modeled Influence. Rizoiu et al. [1] measure influence as the expected number
of offspring of a tweet across all valid branching structures. They formalize influence as
o(vi) = Eger [th>ti ]l(gi_>j)] , where 1(G;—,;) indicates a path between v; and v; in the
branching structure G. Using the independent cascades assumption [86] (that generating a
tweet at t; is independent of the diffusion structure up to ¢;), Rizoiu et al. [1] devise an
efficient iterative procedure for computing ¢(v;). They introduce m;;, the pairwise influence
exerted by v; on vy, either directly when vy is a direct offspring of v; or indirectly when vy,

-lmijpjk,i <k , my, =1 when

lies on the same diffusion path as v;. Formally, m;; = > i

1 =k, and my;; = 0 when ¢ > k. Intuitively, m; is the sum of the probabilities of all valid
paths between ¢ and k. Consider an example with three tweets, vy, vo, v3, the influence
m13 is computed as mi3 = my11p13 + Mmi2pP23 = p13 + P12p23 representing all possible paths
between v; and vs. A tweet’s influence is the total influence it exerts, i.e. p(v;) = > p_; Mik.
The {m;x} matrix is computed in n matrix multiplications, and the total time complexity

is O(n?). Finally, a user’s influence is the average influence of all their tweets.

Towards Psychosocial. Our work is inspired by improved performance, via theory-based
social features, in tasks related to social influence such as the influence prediction task

[104, 105] (classifying whether users perform a behavior after exposure), social graph
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embedding [106, 107], and recommender systems [108]. This suggests that incorporating
psychosocial theory into computational models [109] can yield more accurate and nuanced
representations of social influence processes. Our work aims to bridge the gap between
computational efficiency and psychosocial theory by introducing mechanisms that capture

the relational qualities of influence while maintaining computational scalability.

3.3 Methodology

Prior work estimates influence through endorsement timing and accessible user metadata;
however, these approaches fail to consider the nature of relationships between people
and the structure of these relationships. To address these limitations we propose the
Generalized Influence Model (GIM) that quantifies influence based on observed information
cascades. Our proposed GIM generalizes the Hawkes-modeled influence (see Section 3.2) by
incorporating two mechanisms that model crucial social information, depicted in Fig. 3.1.
These mechanisms — conductance ([33, 89], see Section 3.3.1) and social attribution ([33, 90—
92], see Section 3.3.2) — are factors that psychosocial literature has identified as modulating

the exertion of social influence.

We first formally introduce GIM, before detailing its mechanisms. Given a retweet cascade

He(T) = {vi,v2,...}, GIM quantifies the social influence of a tweet v; as:

py(vi) = Z Z

Py (Gisj) V(Ging) (3.2)
GeTt; —— ~——

>ti Conductance  Capital Distrib.

where W(G;_,;) is the influence-capital allocated to v; along the endorsement pathway from
vj, and P, (G;—;) is the conductance-mediated probability that a path exists between v;
and v; in G (defined in Section 3.3.1). W is defined at the level of edges, preserving the
efficiency of the Hawkes-modeled influence computation (see Section 3.3.3). The influence

of a user is the average influence of their tweets.
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3.3.1 Conductance

Quantitative models often assume that social ties are the primary influence channels,
while other conductive channels (like homophily) are underexplored. Cognitive science
[110] and social psychology [33, 897 | literatures suggest that some relationships are
more influential than others. Notably, people in the same community (or who share
similarities) are more influential to each other. Conductance assumes that different types
of relations between users propagate influence more effectively (e.g., one might be more
influenced by close family than by distant work colleagues); this makes some people more
likely sources of influence than others. Intuitively, the social system propagates influence
similarly to physical materials conducting electricity or heat. The conductance of a social
connection modulates the likelihood of adopting an opinion. The higher the conductance,
the more likely the receiver will adopt the opinion of the emitter. The influence conductance
encapsulates user relationships; by measuring which links are more conducive to influence,

we can infer more realistic endorsement pathways.

The conductance mechanism modulates the likelihood of cascade pathways using user
lexical and following similarity, and relationship ties. We denote as 7; ; the conductance of

an edge (v;,v;), and define the updated probability that v; is a direct offspring of v; as

o= Gty — ti)viy
“ u(t) + Ztk<tj Cf¢(tj - tk)'yk,j

t; < tj. (33)

We consider two choices for conductance: topological (users’ social network) and homophilic
(users’ similarity with others). We further operationalize homophilic conductance, using

two lenses: following and lexical.

Topological Conductance assumes influence flows between users who are connected in
the social graph (i.e., the follower relationship). Each valid edge (v;,v;), with t; < t;, has
a baseline conductance (i, regardless of whether u; is connected to u;, accounting for
alternative influence conduits (such as news feeds or users following topics and hashtags).
Formally, we define the topological conductance ’yf;p € [0,1] as fyf;p := Brop + (1 — Brop)aij,
where a;; = 1 if u; follows u; and 0 otherwise (note that this creates a directed influence

relationship: w; — u;).
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Homophilic Conductance of an edge, models the connection between similarity and
influence, i.e., people similar to us influence us more [111, 112]. For each user u; we first
build a user representation h; € R™. Next, we quantify ’ylh;m the homophilic conductance
between two users using the cosine similarity between their user representations plus the

baseline conductance Bop,. Formally, %h?m = Bhom + (1 — Brom)cosine(h;, hj).

The following lens leverages the observation that similar people consume similar content.
On social media, following popular users is akin to consuming content. Accordingly, we
measure the similarity between two users based on whether they follow the same people.
For the following lens, we identify the 1000 most followed users, and collect the followees of
R 1000

all the users in our dataset (i.e., users they follow). We represent a user u; as h; € ,

where h;[j] = 1 if u; follows the jth most followed user (h;[j] = 0 otherwise).

The lexical lens exploits the insight that similar people use similar language. The vocabulary
and language style of users can be a strong indicator of their community, and we measure
the similarity of users based on their choice of language. For the lexical lens, we construct
user documents by concatenating the user tweets; we represent them using TF-IDF (Term
Frequency-Inverse Document Frequency); and a feature hashing dimensionality reduction
technique [113]. Finally, we represent each user u; as h; € Rb048576 Note that the
homophilic conductance with the lexical lens does not require knowledge of the user
following graph, which can be prohibitively expensive to obtain for Twitter. Related
to our work, ? | characterize the relationship between homophilic ties and the influence
phenomena, however their network is artificial and they illustrate only one homophilic

lense.

3.3.2 Influence-capital Distribution

The endorsement pattern is not a sufficient explanation of the ability of individuals to
exert influence. Sociologists have long pointed to the importance of weak-ties [114] and the
accumulation of social capital by bonders [115]. Consider the example in Fig. 3.1. Alice
influences Bobbie, who influences several people; should Alice (the initiator) or Bobbie (the

connector) be considered more influential?
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Psychologists have recognized that particular characteristics in individuals are correlated
with influence, namely authority [90], attractiveness [91], likeability and others [33]. We
define influence-capital as the congruence of characteristics that enable the exertion of
influence. We propose that users possess latent influence-capital, such that an emitter with
higher influence-capital exerts more influence. We posit that a distribution mechanism
that explains endorsement pathways, must measure this influence-capital. The question
remains, how do we allocate influence-capital to explain the exerted influence along an

inferred endorsement pathway?

We propose a influence-capital distribution that leads to the accumulation of influence-
capital and offers a post-hoc explanation for the inferred endorsement patterns. The
mechanism transfers a proportion of a node’s (tweet’s) influence-capital to its parent in
the information cascade, allowing upstream and highly connected nodes to accumulate
influence-capital (which translates to influence). The distribution mechanism that we
propose here aims to explain the endorsement pathways inferred from the data, and it is
related to the concept of value-allocation schemes [92, 116]. Several studies [92, 117, 118]
have utilized allocation schemes to recognize the role of bonders by assuming benefits,
generated by a node, decay with distance within a social graph. We migrate this intuition
to a directed diffusion scenario. Intuitively, the allocation rewards users responsible for

bonding (i.e. connectors), and those who reach distant communities (i.e. initiators).

We construct the influence-capital distribution as follows. Whenever the user u; directly
influences u; (i.e., v; is a direct offspring of v; in an endorsement pathway), u; transfers
a portion of their influence-capital to u; (denoted as m;;). Each tweet is endowed with 1
influence-capital for participation; it pays a proportion « € (0,1) of all its capital to its

parent (if they exist) and keeps (1 — ). Formally:

a, 1 <i<j, jtransfers a% capital to 7,
mij =94 (1—a), i=75#1, jkeeps (I —a)% capital,
1, i =7 =1, The initiator does not transfer.

Fig. 3.1 illustrates the mechanism. Charlie passes Bobbie « of her endowed capital (keeping

1—a), and Bobbie receives capital from her endowment (1), her three direct influencees (3a),
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and one indirect influencee (a?). She keeps (1 — ) of this sum. The capital distribution of
a path G;—,; is V(G;;) = H(k,l)eE(gi_,]-) ki, and a user’s social influence is proportional to
the total influence-capital they accumulate via the capital distribution mechanism. The

scheme naturally conserves total value, which is equal to the number of participants.

The current framework operates under the assumption that reshares constitute signals of
endorsement within information cascades. However, social media interactions encompass
a broader spectrum of engagement mechanisms, including replies, mentions, and tags,
each carrying distinct semantic implications. While replies may indicate disagreement or
constructive debate rather than endorsement, mentions and tags can facilitate influence
propagation across non-follower networks. Future research could explore incorporating
these alternative interaction modalities to capture more nuanced forms of social engagement,
potentially enabling analysis of conflicting discourse patterns and discussion tree dynamics

beyond simple endorsement cascades.

3.3.3 Iterative Computation

GIM can be computed efficiently by extending the pairwise influence m;;, (introduced
in Section 3.2) to incorporate the concepts of conductance and influence-capital distri-
bution. Formally, m;, = Zf;l mijp;-kﬂjk,i < k , where my, = pl,m, when i = k, and
m;, = 0 when ¢ > k. Consequently (and similar to the Hawkes-modeled influence), we
obtain ¢~ (v;) = > ;_, mir. The full derivation of the latter, from Eq. (3.2) via Eq. (3.3)
and Section 3.3.3, is shown in the online appendix [119]. GIM recursively generates all
possible paths in the same way as the Hawkes-modeled Influence [1], which allows an
efficient iterative algorithm of temporal complexity O(n?). Visibly, the Hawkes-modeled

influence [1] is a special case of GIM, with 7, = v, = 1,Vj, k.

3.4 GIM Evaluation

Having developed the theoretical foundation for our Generalized Influence Model, we now
turn to its empirical evaluation. This section addresses three key questions: (1) what

combination of conductance and distribution mechanisms yields optimal performance?
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(2) how does GIM compare to existing influence estimation methods? and, (3) can GIM

overcome the known biases of traditional influence metrics?

Ground Truth Influence. Social influence is inherently difficult to quantify, particularly
in online settings where direct behavioral change is challenging to observe. We utilize our
previously developed empirical influence ground truth [6] which employs a human-in-the-
loop active learning approach to measure peer-perceived influence. The method leverages
crowdsourcing workers who perform pairwise comparisons between users, determining
which is more influential. To optimize the required number of comparisons, the method
implements a Quicksort-based active learning algorithm that selects the most informative
pairs to compare, reducing the quadratic complexity of naive approaches to a loglinear one.
The comparisons are then used to fit a Bradley-Terry model, which produces a complete
ranking of social influence scores. The resulting dataset consists of influence rankings for
500 Twitter users selected from the #ArsonEmergency dataset [67]— containing Twitter
discussions about the Australian bushfires collected between November 2019 and January
2020. This empirical influence measure has been validated by showing strong correlation
with the Big Two of social cognition (agency and communion), theoretical determinants of

social influence. We utilize this empirical influence ranking to calibrate and evaluate GIM.

Evaluation Metrics. We evaluate GIM ranking against the ground truth (described
above) using two measures: NDCG-AUC (see next) and MAPE. The information retrieval
literature uses the Normalised Discounted Cumulative Gain (NDCG) to measure the overlap
between two rankings. It privileges the correct ranking of the top-ranked positions and
discounts errors in the lower rankings. Applied to influence, NDCG@k aims to order
the k£ most influential users correctly. We compute the Area Under Curve for NDCG@k
(AUC-NDCG) by varying k and producing a single metric value. We also compute the
Mean Absolute Percentage Error (MAPE) of the difference in the ranking percentiles for
each target. Having established our evaluation methodology, we next introduce the baseline

methods against which we compare GIM.

Influence Ranking Baselines. We compare GIM to four baselines. T'wo baselines are
widely used heuristics; PageRank [2, 120] assumes influence flows via random-walks on

constructed social graphs (here the follower network) and retweet influence [3], counts the
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retweets of a user’s authored tweets. They are centrality- and feature-based approaches,
respectively. The other two baselines are purpose-built state-of-the-art influence estimators:
Hawkes-modeled influence [1] and ProfileRank [4] (a PageRank variant). Next, we conduct

a comprehensive search to identify the optimal configuration of our proposed model.

GIM search. For each combination of conductance (topological, lexical, and following)
and distribution mechanism (influence-capital, and none), we perform a grid search over the
hyper-parameters [ (conductance) and « (distribution). At each grid point, we compare
the influence scores obtained by GIM against the ground truth empirical influence ranking.
Fig. 3.2 shows the baselines and GIM with several conductance-distribution combinations in
the space of the performance measures: negative MAPE (x-axis) and NDCG-AUC (y-axis)

(the top-right corner optimizes both measures).

Analysis of the experimental results reveals three key observations. First, GIM consistently
Pareto-dominates (i.e., outperforms) all baselines for almost every hyperparameter com-
bination, showing that our psychosocial-inspired mechanisms render automatic influence
quantification closer to the human judgment. Among baselines, the next best performing is
the Hawkes-modeled influence, followed by PageRank, retweet influence, and the purpose-
built ProfileRank. Second, we observe that the homophilic conductances (i.e., lexical and
following) typically outperforms the topological conductance, and between homophilic
conductances lexical outperforms the following conductance. Third, only two models are
not Pareto-dominated: the topological-none (best NDCG-AUC) and the lexical-influence-
capital (best neg. MAPE). Notice, however, that the topological conductance requires
recovering the follower network. In practice, this is prohibitive for large datasets (such as
the #CovID-19 dataset) due to rate limitations of the Twitter/X API. Based on these
findings, in our analysis in Section 3.5 we use the homophilic lexical conductance (8 = 0.18)
with the influence-capital distribution (o = 0.02). The 18% baseline conductance indicates
that the accounted channels do not explain a relatively large proportion of conductance.
Note that while passing 2% of the influence-capital to the parent might not seem much, this
adds up for nodes with high degrees (particularly given the longtail distribution of follower
count [121]). Having established GIM’s superior performance against existing models, we

now examine its ability to address a key limitation of traditional influence metrics.



50 Chapter 3. Generalized Influence Measurement Model

A

101K7 Topological-None
p=02,a=NA Lexical-Capital

=06,
o Fa¥

| _0.275 _0.270 _0.265
@.«Retweet Influence (94K, 0.281) neg. MAPE
i

‘PageRank (93.5K, 0.285)
. {-pmﬁ/eF,’ank (84.9K, 0.327)

Conductance Capital Distribution
O Homophilic (Lexical) ® Capital

O Homophilic (Following) @ None (yj=1)

/\ Topological

FIGURE 3.2: Fwvaluate GIM against the ground-truth in the space of NDCG-AUC (y-axis)
and negative MAPE (z-azis). Higher NDCG-AUC and more negative MAPE indicates
a better performing model. The solid shapes are the best models for each combination
(conductance—capital distribution). The empty shapes show the Pareto-dominated models
in each combination, obtained via grid search in the space (8, «). The circle-crosses denote
the baselines: Hawkes-modeled influence baseline [1], PageRank [2], Retweet Influence [3],
and ProfileRank [4]. Note, the gray box is not to scale, and the coordinates for baselines
are shown in brackets.

[l

f=0.18,a=0.02

S 100K - 0
< Topological-Capital mﬁ
Q B=02, a-=04
O 99K
% Hawkes—modeled Influence

(97.7K, 0.278) _ _

98K - Following— a8|t2a|




Chapter 3. Generalized Influence Measurement Model 51

w0
< Y R =0.0053 _-:.-
O < T sol”
§ 05 % 0-5 1.
(O]
T 00- c 0.0
= ®
Q . O
O (e lnu, S-0.5-
5 -0.5 T S :
E T - T T E _1 O T T - T
u_? 0.0 0.5 1.0 0.0 0.5 1.0
Follower Count Perc. Follower Count Perc.

FIGURE 3.3: Residuals (relative to the empirical follower ranking) for the follower count
(left) and GIM (right) against the follower count (x-axis).

Debiasing the Follower Count. The follower count is widely used as a proxy for
influence [3, 74, 75]; however, it has been repeatedly shown to be biased [65, 70, 71]. We
examine whether GIM can overcome this known limitation. Fig. 3.3(left) shows that the
follower count residuals—the difference between the follower count percentile and the
empirical score percentile—are positively correlated with the follower count percentile
(R? = 0.48). In other words, the follower count overestimates the influence of the highly
followed users and underestimates the lowly followed users. In contrast, Fig. 3.3(right)
shows that GIM residuals are not correlated with the follower count percentile (R? = 0.073).
That is, GIM is an unbiased influence estimator with respect to the follower count. Having
demonstrated GIM’s effectiveness at quantifying influence in an unbiased manner, we next
proceed to apply it to real-world data to investigate the relationship between social class,

expertise, and influence in online discourse.

3.5 Social Class, Expertise, and Influence during COVID

Having established GIM as an effective influence quantification model that outperforms
state-of-the-art approaches and corrects inherent biases, we now apply this tool to examine
fundamental sociological hypotheses. Sociologists have long espoused that power and
influence are primarily related to social class and expertise [88]. The influence of experts,

and trust in their advice, is important for the optimal functioning of society. Failure to
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adhere to advice can lead to unnecessary death (e.g., vaccine hesitancy) and existential
threats (e.g., climate change). Social class is often nebulously defined but is related to wealth,
occupation, and subculture. In our increasingly egalitarian societies, occupation provides
a suitable proxy. The COVID-19 pandemic presents an ideal context for investigating
these relationships, as it constitutes a crisis where expert communication should be
paramount for public safety. This global health emergency provides several methodological
advantages: clear expert consensus on key issues, readily identifiable subject matter
experts (epidemiologists, healthcare professionals, biomedical scientists), widespread public
discourse across occupational groups, and established datasets for measuring information
veracity. Additionally, the COVID-19 dataset is large and well-studied, with the contextual
factors underlying influence behaviors being well understood in the literature. Unlike
more ambiguous political issues, COVID-19 offers an objective standard against which
to evaluate the alignment between expertise, social class, and actual influence. Ideally,
influence, expertise, and social class are aligned; however, this does not seem to have been
the case as Bailo et al. [122] observed that far-right accounts, which had been peripheral
during previous crisis events, managed to assume more central positions in online COVID-19

discussions.

In this section, we leverage our validated GIM framework to empirically examine the
interplay between social influence, expertise, and occupational class during the COVID-19
pandemic. We first introduce the COVID dataset and use GIM to compute the influence
of all users in the #CoVID-19 dataset. Next, we develop methods to quantify two key
variables: users’ occupations as proxies for social class, and the veracity of information
they spread as an indicator of expertise. We extract users’ occupations and the veracity
of the information they spread, and we tabulate their influence and veracity against their
occupation. Finally, we analyze the relationships between these variables to assess whether

influence patterns align with theoretical expectations about expertise and social class.

Dataset. The dataset was collected from Twitter/X in the context of the COVID-19
pandemic. The #CovIiD-19 dataset was constructed using the keyword covid19 during
August 2020 and contains 143, 356, 591 tweets by 21,527,913 users. Note, this dataset is

different from the #ArsonEmergency dataset, we used to tune GIM.
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Determine the Occupations Of Twitter/X Users. To establish occupational classi-
fications as proxies for social class, we implement a systematic approach for identifying
users’ professions [123]. We match user occupation against the Minor Group Occupational
Classes of the O*NET occupational taxonomy [94] using textual fuzzy matching [124].
O*NET described users better than other taxonomies investigated. We search each user’s
Twitter/X description and select the first matched occupation (following Sloan et al. [93])—
assuming people list their actual occupation first, before hobbies and other information.
We validated the classifier on 100 labeled users, where ground-truth labels were derived
by two annotators, with disagreement resolved by discussion. The classifier has a mean

macro-F1 of 0.54, comparable to the classification performance reported by literature [125].

Quantifying Expertise. We assume that expertise is correlated with the veracity (i.e.,
quality) of the content users share. To operationalize expertise in the online domain, we
develop a method for measuring the quality of information shared by users. We use the
links and tweets that users share to quantify the veracity of the information they spread.
We follow prior research [126] and compute a veracity score for the domain names of the
URLs. First, we extract from the CoAID dataset [95] all the links and tweets associated
with true and fake information related to COVID-19. The dataset contains full URLs,
and some URL domains appear many times. For each URL domain within CoAID, we

count the true (#R) and fake (#F) entries recorded in the dataset. Finally, we generate

#R—#F
H#RAH#EF"

unreliable and spreads misinformation) and 1 (fully reliable). Furthermore and similar to

for each domain a normalized score as The score is between —1 (domain is fully
[126], we curate a set of high-quality health sources (HQHS) from prominent health websites
(e.g., CDC, WHO, and Mayo Clinic), and medical journal websites (e.g., The Lancet, and
Nature). We compute the veracity score of a post with a link as follows: (1) —1 or 1 if the
full link appears in CoAID as fake or true, respectively; (2) 1 if the link domain appears in
the HQHS set; (3) the domain’s veracity € [—1, 1], if neither (1) nor (2) applies. A user’s

veracity score is the mean veracity of the posts they share.

The Influence and Veracity Of Occupations. Having quantified influence, occupation,
and information veracity, we now analyze how these variables interact across different

professional groups during the pandemic. Fig. 3.4a shows the distribution of user influence
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and user veracity scores, for occupations with more than a thousand users in the #CovVID-
19 dataset. Ezecutives, the Media, Entertainers and the Military yield among the highest
online influences. This result is hardly surprising for the former three. Notably, Media
and Entertainers are not only influential but have prominent online presences, perhaps on
account of their attention-related business models. The latter (Military) is an occupation
with high bipartisan support and respect in the US — home of most English-speaking
Twitter/X users. Examining the veracity distributions reveals important patterns in
information quality across occupational groups. For all occupations, Fig. 3.4a shows that
the veracity score has a bimodal distribution. One mode is around —1 (the users who
spread mainly misinformation) and another at 1 made of users who spread high-quality
information. Users typically do not engage with both types of information, probably due
to homophily and online polarization. As all occupational subpopulations contain both
types of users, the mean occupation veracity (colored horizontal bars in the right panel
of Fig. 3.4a) represents the ratio between misinformation and high-quality information
spreaders within an occupation. Contrary to theoretical expectations about expertise and
information quality, we find that several occupations traditionally associated with authority
spread substantial misinformation. Surprisingly, we observe that a significant proportion of
Military, Firefighters and Police users spread misinformation. Closer investigation shows
they frequently share from controversial publishers, such as fornews.com, zerohedge.com,
and breitbart.com. To better understand the relationship between influence and information
quality, we examine their correlation across occupational groups. Fig. 3.4b shows the
scatterplot of the occupations, in the space of mean influence (x-axis) and mean veracity
(y-axis). First, we observe that the two quantities are uncorrelated (R? = 0.016). This
finding contradicts theoretical expectations that expertise (measured as information quality)
would align with influence. We also see that Life Scientists (including epidemiologists) and
Social Scientists typically spread high-quality information; however, they experience limited
influence. Healthcare workers are moderately influential and have a good proportion of
high-quality information spreaders; however, Healthcare Technicians including paramedics

and medical technologists, have a significant proportion of misinformation spreaders.
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FIGURE 3.4: (a)(left panel) The influence distribution for the O*NET Minor Group

occupations with more than 1,000 users in #Co0OVID-19 (number of users shown on the

left). (a)(right panel) The veracity distribution of the same occupations (number of

spreaders shown on the right). Color bars show the difference between the occupation

mean and the distribution’s center (0.5 for influence and 0 for veracity). (b) The mean
veracity (y-axis) and mean influence percentile (x-axis) of occupations.

3.6 Discussion

Existing methods for online influence measurement rely on heuristic definitions and fail
to model complex phenomena. In this work, we have developed an online social influence
framework. Our conductance mechanism departs from traditional approaches in the
literature which frequently considers the social network (i.e. the topological lens) as the
primary channel of influence [86, 87]. As online interactions are increasingly mediated by
recommender systems, web search, and cross-platform engagement, modeling the similarity
between users (i.e. the homophilic lens) provides a simple and effective method for modeling
influence channels. Our findings demonstrate that lexical features are readily attainable
and perform influence modeling well (see Fig. 3.2). The conductance mechanism we
have introduced extends beyond the current application and could be used to mediate
diffusion models or as a more general conception of the social graph, for social tasks (i.e.

recommendation) or social network analysis.

The influence-capital distribution mechanism in our GIM framework provides an intuitive
approach for allocating influence-capital to explain influence (as perceived by peers). This
approach significantly improves upon the arbitrary allocations of prior influence models and
integrates naturally with the scalable procedure for estimating influence over the stochastic

diffusion graph.
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The literature constructed the theoretical relationship between social influence and social
class, with occupation serving as a key indicator of social class via educational attainment,
income, and prestige. Through our analysis, we have measured occupational influence in
discussions around the COVID-19 pandemic (see Fig. 3.4b). Our results reveal that certain
aspects of social class can explain our results; for example, the influence of Fzxecutives
might be explained by their income and occupational prestige. Interestingly, we find
that individuals with high educational attainment are not influential in this context.
Additionally, our findings suggest a significant determinant of influence, with both Media
and FEntertainers, having high influence. More broadly, the modeling of social influence can
have broader implications for understanding how extreme opinions infiltrate mainstream

discussions [127].

An intriguing direction for future analysis involves examining the veracity-influence rela-
tionship within occupational categories rather than solely comparing between occupations.
While our cross-occupational analysis reveals important patterns, investigating whether
higher-veracity individuals are more influential within their respective professions could illu-
minate different dynamics of expertise and credibility across domains. For instance, within
Life Sciences, higher veracity might correlate with greater influence as peers recognize
and amplify authoritative voices. Conversely, within Firefighters or Military populations,
different patterns might emerge where influence operates through alternative mechanisms

such as institutional authority or community solidarity rather than information quality.

Such within-occupation analyses could reveal that people seek different targets for differ-
ent purposes—turning to Life Scientists for evidence-based information while following
Entertainers or Military accounts for other social or political reasons. This could explain
why the aggregate cross-occupational analysis shows weak correlations between influence
and veracity: the relationship may vary substantially across professions, with opposing or
null correlations within different occupational groups canceling each other out in aggregate
analyses. However, conducting such fine-grained analyses would require larger sample sizes
within each occupation and more granular veracity assessments that can capture content

quality variations within professional domains.

In conclusion, we have presented an online influence model that could be used to; provide
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insights into downstream modeling such as opinion dynamics, understand the spread of
misinformation, or identify influential individuals in political /social campaigns. Our findings
reveal that Media, Fxecutives, Entertainers, and the Military are the most influential;
however the latter contain a large proportion of misinformation spreaders. In contrast,
pandemic experts (i.e. Life Scientists) have only limited influence. These results highlight

the critical need for the amplification of our experts’ content.






Chapter 4

Ideology Detection

Profiling is valuable to researchers as it enables systematic analysis of complex human
behaviors and social dynamics. Mining large sets of data uncovers hidden patterns,
relationships, and trends, allowing researchers to gain deeper insights into group behaviors,
belief systems, and identity formation. This further facilitates the development of targeted
interventions, informs policy decisions, and enhances the capacity to predict and respond
to social phenomena effectively. Scalable profiling ensures findings are applicable across

varied contexts and makes research more robust and impactful.

In particular, profiling is crucial for analyzing ideological behavior in online environments,
helping to counter violent extremism and understand broader opinion dynamics. However,
practitioners face significant obstacles, including the high cost and labor-intensive nature
of gathering gold-standard training data, and reliance on ideological signals (e.g., hashtags)
with uncertain annotation requirements, limited context transferability, and potential

biases.

This chapter addresses these challenges by presenting a comprehensive framework for
large-scale, real-time profiling of left, right, and extreme ideologies in online settings.
Unlike traditional methods reliant on small, controlled samples, this study emphasizes
population-level profiling, enabling scalable, deterministic, and repeatable assessments of
complex sociographics. By categorizing ideological signals according to labor and context

transferability, the framework offers practical guidelines for constructing effective profiling

59
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pipelines. Our evaluation quantifies biases in various signals and produces one pipeline
that surpasses current state-of-the-art methods, achieving a 0.95 AUC ROC across five

datasets with over 1.12 million users.

The research also examines whether established psychosocial theories, traditionally applied
in offline settings, hold in digital contexts. It evaluates hypotheses around how ideologies are
expressed through language, particularly in themes of morality, grievance, nationalism, and
dichotomous thinking. Findings indicate that right-wing ideologies often exhibit patterns of
vice-moral language, grievance-laden rhetoric, black-and-white thinking, and associations
with national symbols, such as flags. These insights not only validate offline theories in
an online setting but also help refine the methodologies for detecting and understanding

ideological behavior at scale.

Profiling at the population level offers significant advantages over traditional methods, as
it enables broader insights into sociographic patterns. The integration of computational
techniques requires less labor and resources. The deterministic and repeatable nature of
the methods developed here ensures that the results are reliable across various contexts,

offering a more consistent understanding of ideological behaviors.

However, profiling practices also raise important ethical considerations. This study addresses
these concerns by emphasizing transparency in methodological design, advocating for ethical
guidelines in the application of profiling technologies, and encouraging responsible use by
practitioners. Ensuring that profiling does not lead to harmful stereotyping or invasive

surveillance is critical for maintaining ethical standards in digital research.

This interdisciplinary synthesis offers new perspectives and scalable solutions for analyzing
complex sociographic patterns, ultimately aiming to enhance the understanding of human
behavior in digital environments. Through ethical, scalable, and repeatable practices, the
following chapter seeks to empower practitioners to navigate the complexities of online
ideological profiling responsibly, fostering a safer and more comprehensively understood

digital landscape.
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4.1 Introduction

Ideologies are the collection of beliefs and opinions about the ideal arrangement of society
[128]. Tracking extreme ideologies is particularly important in detecting extreme voices
that can spread harmful and false information, leading to dangerous and even deadly
outcomes. Ideology is canonically (and inexactly) projected onto a left-right spectrum,
where the left is associated with equality and reform, and the right is associated with
authority and tradition. There has been a recent increase in fringe and extreme-leaning
worldviews, including the far-right — a prominent archetype of extreme ideologies associated
with ultranationalism and opposition to multiculturalism. Worryingly, this has increased
Ideologically Motivated Violent Extremism (IMVE) [129] — a term coined to encompass
religious, political and nationalist extremism. Far-right ideologies are disproportionately
associated with violent extremism compared to far-left movements, making them a priority
for detection and monitoring efforts. Ideology detection is a lead indicator for IMVE,
fortifying individual and collective security. It facilitates understanding these ideological
groups’ values and beliefs, which helps design interventions, build political bridges and

tackle radicalization.

Radicalization can occur in a matter of weeks [130, 131], both offline (face-to-face) and online
(forums and social media platforms). To combat this, practitioners — such as law enforcement
and national security agencies — need practical, real-time ideology detection tools that
minimize human effort and can be applied across diverse contexts. Despite the significant
existing literature, practical and effective detection guidelines remain scarce. This study
establishes a framework for ideology detection pipelines, examining diverse constructions
and demonstrating practical implementations using off-the-shelf components. Our first
aim is to identify practical pipelines that reduce annotation efforts while maintaining
transferability across different contexts. Our second aim is to validate insights into the
psychosocial asymmetries of ideologies. We leverage five large datasets, totaling 1.12
million profiles, and test several hypotheses from the psychosocial literature at scale, mainly

developed in offline laboratory setups. We answer two specific research questions.

The first question involves ideological proxries — measurable user behavior signals correlating

with “true” ideology — that minimize annotation labor and are transferable across contexts.
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We define a context as the tuple (topic, time, geography, platform). Prior works rely
on various sources of ideological knowledge, including manually labeling users, labeling
ideological proxies, and detecting group behavior differences. However, these approaches
have limitations: the former two require extensive expert labeling — an expensive resource —
and often fail to transfer across contexts. The latter often lacks robustness. Of the three,
ideological proxies are the most common approach to reducing labor; however, they vary

in reusability. See Section 4.2 for a complete discussion.

Furthermore, few users partake in direct ideological activity, and some actively avoid
disclosure. Consequently, many proxies reveal only the vocal subset of users, biasing
downstream analyses [132, 133]. Despite this, prior works commonly use proxies as ground
truth [134-136] without quantifying the bias this entices. Our first research question
is: Which ideological proxies minimize annotation labor, maximize context

transferability, and reduce bias?

The second question involves the psychosocial asymmetries of ideologies. Understanding
the values and beliefs of ideological groups is instrumental in modeling their polarization
and user radicalization. Ideological asymmetry studies are abundant in relevant disciplines
[137, 138]; often shown via offline surveys. For example, moral values delineate left-from-
right ideologies [139]; and grievance/grudge language delineate moderate-from-extreme
ideologies [140, 141]. Many of these hypotheses were developed with offline populations,
and there is limited evidence for online populations. We know online and offline populations
differ demographically [142], but we do not understand their psychosocial differences. We
ask can we build psychosocial profiles of ideological groups and employ them to

evaluate hypotheses related to the psychosocial traits of these groups?

Solution Outline. First, we evaluate ideological proxies. We make the widely adopted
assumption that homophily — the tendency of similar individuals to associate — propagates
ideology. We build a framework to construct ideology detection pipelines. We qualitatively
evaluate proxies, by their minimization of labelling efforts and how readily they transfer to
new contexts, and quantitatively evaluate proxies on their prediction of human-annotated
ground truth. We show that a pipeline constructed through a proxy based on media

consumption and a lens based on text, is both qualitatively advantageous and quantitatively
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FIGURE 4.1: The schema conceptualizes the four components of the pipeline; (1)
the datasets contain information about users (two examples are shown), (2) the ideological
proxies assign labels on some of the users based on external information (here #MAGA
indicates right-leaning, while #0BAMA indicates left-leaning), (3) the homophilic lenses
build numeric descriptions for user and a way to measure their similarity, and (4) inference
architecture predicts the likely labels of all other users in the dataset.

performant. Second, we use a pipeline to test hypotheses of the psychosocial asymmetries

of ideology at scale.

We address the first question in Section 4.4. We introduce our pipeline framework, consisting
of four components: dataset, ideological proxy, homophilic lens, and inference architecture.
We use five social media datasets, collected from three platforms (Parler, Facebook and
Twitter), containing 1.12 million users, and spanning social domains such as TV shows,
elections, climate change, antivaccination and the January 6th US Capitol Insurrection. We
frame the problem as user classification: the left-right detection as ternary classification (left,
right, and neutral), and the far-right detection as binary classification. We limit our scope
to Anglo-centric, English-speaking contexts with a dominant uniaxial political spectrum!.
We explore four left-right and two far-right ideology proxies, leveraging behaviors such as
posting politically-charged hashtags, following political parties, endorsing politicians, and

sharing media websites. Our focus on far-right rather than far-left proxies reflects both

the greater prevalence of far-right movements in contemporary discourse and the practical

!This is not to discount the need for ideology detection in other regions, like the Global South. Nor to
suggest that a uniaxial spectrum is sufficient to encompass the complex politics of global communities. See
Section 4.8 for a discussion.
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challenge of identifying reliable far-left proxies in the Australian political landscape, where
such movements have less distinct organizational structures. We build three homophilic
lenses based on language, endorsements, and topics. We use the ideology proxies and

homophily lenses to build ideology pipelines with an off-the-shelf classifier. See Fig. 4.1.

In Section 4.6 we evaluate the performance of ideology detection pipelines. We construct
gold-standard benchmarks for left-right and far-right classification via human annotation
and use them to evaluate bias introduced by ideological proxies. Furthermore, we assess
various combinations of ideology proxy and homophilic lens to observe interaction effects
and find the best performing combination. Finally, we compare this pipeline to state-
of-the-art baselines: TIMME [136], UUS [134], and UUS+ [143] and achieve the best
area-under-the-receiver-operating-curve (AUC ROC) of 0.95, an improvement of 6.7% over

the next best, TIMME.

We address the second question in Section 4.7. We evaluate psychosocial hypotheses
relating to morality, grievance, nationalism, and dichotomous thinking. For morality, we
evaluate the seminal Moral Foundations Theory [139] hypotheses, operationalized via
FrameAxis [144] (see Section 4.3). In its two subsets of hypotheses, individualizing and
binding; we find relatively more support for the prior. However, only 46% of hypotheses
are supported overall. As alternative hypotheses, we find that the right uses the language
of vice more than the left, with statistical significance. For grievance, following literature
that theorized that grudges and grievances are requirements for radicalization [140], we
find large-scale proof that the far-right uses grievance language more than moderates. We
operationalize via the Grievance Dictionary threat-assessment tool [141] (see Section 4.3).
For nationalism, we show that the right exhibit nationalism via flag emojis, adding validity
to our inferred grouping. Finally, for dichotomous thinking, we apply a dictionary-based
approach, showing that the far-right, followed by the right, exhibits more black-and-white
thinking (supporting prior work).

The main contributions of this work are as follows:

e An ideology detection pipeline applicable in large-scale online setups, that minimizes

labor requirements and improves transferability to multiple contexts.
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e The most comprehensive discussion and analysis of ideological proxies (to our knowl-
edge); quantifying their bias independently and jointly with homophilic lenses. One

construction outperforms state-of-the-art methods.

e Evaluation of psychosocial hypotheses concerning ideologies in a large-scale online

setting.

Glossary. For readability, we collocate and define terms here. Ideological Proxy: measur-
able user behaviors correlating with ideology (e.g., emitting hashtags, following ideological
users, sharing ideological media, etc.). Homophilic Lens: a representation of users high-
lighting specific behaviors under the homophilic assumption (users who act similarly are
likely to share similar ideological beliefs). Inference Architecture: a classifier used to infer

user connections in a latent space.

4.2 Related Work

Two corpora relate to our study; ideology detection and psychosocial asymmetries. Our
primary concern, for the prior, is pipeline delineation criteria and, for the latter, is evidence

bases for hypotheses.

4.2.1 Ideology Detection Delineation

Ideology detection is becoming popular and relevant for researchers and practitioners across
the computer, social, and political sciences. We delineate prior work by population scope,

homophilic lenses, and ideological proxies.

Population Scope describes who the technique applies to? Many works limit their scope
to a population subset: legislators, elites [136], the politically active [134], or everyone
[143]. Subsets offer clearer ground truth and easier inference, but lack representativeness
of the population, leading to biases when applied broadly [132, 133] and constraining the
representativeness of correlational analyses [145]. This work applies to all users, providing

representative downstream analysis.
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Homophilic Lenses describe which features are utilized to infer ideology? Underlying
detection is the homophilic assumption — people who act similarly are likely to share similar
ideological beliefs. Prior works operationalize this via several lenses: content (including
metadata, images [146], and text [147]), network (such as followership and resharing [136]),
or a combination [148]. In political science, the modus operandi is Ideal Point Estimation
[149] using homophily via legislator voting behavior. Ideal Point Estimation techniques are
largely unsupervised and rely on distinct behavioral patterns but are used in most political
science ideology measurement work [150, 151]. In particular, Barbera [152] utilize the
following of politicians on Twitter to estimate user ideal points, and their work is employed
in correlation analysis [153]. Given the host of behaviors that portray ideology, novel lenses
continue to emerge, including media sharing [154, 155], and community participation [156].
Prior works commonly engineer salient lenses and seek their optimal combination [134, 157];
however the complexity of data context, inference architecture, and ideological proxy
choices often make the conclusions unclear. For example, Darwish et al. [134] recommend
a retweet lens, while Aldayel and Magdy [157] recommend a network and lexical lens
combination. The ideological salience of lenses and their combinations is not our work’s
focus. We implement three homophilic lenses previously shown to be ideologically salient,

to limit interaction effects with ideological proxies concerns.

Ideological Proxy describes what is the source of ideological knowledge? Prior work
utilizes three paradigms for detection: supervised, unsupervised, and weak supervision.
Each employs distinct ideological knowledge sources— dubbed ideological proxies. In this
study, we focus on both the proxies’ performance and their expert annotation labor
requirement when used across multiple contexts. We delineate proxies by (1) the extent to
which they require expert annotation, (2) are transferable to different contexts, and (3)
how well they represent true ideology. These criteria describe how well proxies generalize

to arbitrary datasets and how much manual effort is required for switching contexts.

Direct user annotation for supervised learning [136, 158] is simple, the most representative,
and accommodates fine-grained distinctions between ideologies [159]; however, it is also the
most restrictive, requiring laborious expert evaluation of users, across every new context.
Conversely, unsupervised approaches need little annotation and, in theory, are applicable

in any context. Some apply embedding and clustering techniques [134, 135, 143]. Others
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utilize matrix factorization to jointly learn representations of users and their behaviors
[160, 161]. These methods are not robust in practice, require highly polarized contexts, fail
on homogenous user sets, and depend heavily on lenses. Furthermore, they require expert
knowledge in post-analysis (e.g., identifying clusters) [134], and clusters do not always
align with ideology. Weak supervision trades-off between the high labor of supervised
and the instability of unsupervised methods. It employs an ideological proxy, a user
behavior strongly correlated with ideology. Prior work utilizes a range of ideological proxies,
including; politically-charged hashtags [1], political party relationships [155], politician
relationships, community participation [160], and news media sharing [122, 162, 163]. We
assess proxies’ labor minimization and context transferability qualitatively in Section 4.4.2

and assess their representativity quantitatively in Section 4.6.2.

Related Ideology Detection. Jiang et al. [162] use text and retweet features, and a
combined media-hashtag proxy which they validate. However, they limit scope to active

users who retweet and require hashtag proxy labeling.

4.2.2 Psychosocial Profiling of Ideological Groups.

Many social science works detail the nuanced profiles of fine-grained ideological groups
and highlight the asymmetries between ideologies [137, 138, 164, 165], often requiring
painstaking surveys and ethnographic inquiry. In this work, we supply large-scale online
evidence for hypotheses surrounding psychosocial asymmetries of ideologies, relating to

morality, grievance, nationalism, and dichotomous thinking.

Morality. Moral Foundations Theory [139] is an explanation of moral values variations
between liberals and conservatives (see Section 4.3). Despite its support in psychological
survey data [139], and a handful of online studies [166, 167], online social data inconsistently

supports this explanation [145, 168].

Grievance and Grudge are linked to extreme ideologies in psychological theory;Van der

Vegt et al. [141] link grievance to extremism, and Stankov [140] link grudge to the far-right.
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Nationalism is definitionally associated with right-wing politicians. Prior work has shown
that flags are associated with nationalism [169], emojis hold identity and semantics infor-
mation [170], and that flag emojis are significant in right-leaning political communication

[171]. However, this research is limited to politicians in a US context.

Dichotomous Thinking is a cognitive distortion in people with internalizing disorders, is

tied to language [172], and is associated with the right [173].

Our concern is evaluating hypotheses in large-scale online populations in various contexts.
Accordingly, we limit our scope to automated techniques using online metadata alone.
Prior work, online, analyses left-right [166] or extremist asymmetries, but rarely both [145].
Additionally, they analyze small and non-representative samples. This work analyzes left,

right, and far-right ideologies in several large-scale online contexts.

4.3 Preliminaries

Our study relies on several techniques from prior work.

Encoding Techniques are employed to implement homophilic lenses; the Universal
Sentence Encoder (USE) [174] for our lexical lens (a mature, off-the-shelf, transformer-
based model), Term-Frequency Inverse Document Frequency (TF-IDF) for our hashtag lens,
and a multi-hot encoding for our resharing lens. We utilize simple encoding techniques, as

they are not our work’s main focus.

Inference Architecture Implementation. We use Light GBM [175] — an efficient tree-
based classifier — and FlaML [176], a system that infers hyperparameters based on dataset

characteristics in pipelines.

Moral Foundations Theory (MFT) [139] explains variations in moral reasoning through
five modular foundations.It espouses that liberals express individualizing foundations
(care and fairness) while conservatives express binding foundations (loyalty, authority,
and sanctity) relatively more. We characterize users’ language with FrameAxis [144],
a dictionary embedding technique, to identify a user’s value for each foundation. It

supplies measures, bias and intensity. Importantly, dictionary-embeddings are generally a
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refinement over dictionaries alone, particularly for smaller documents, however they do
not capture the complexities of human language. For example, such approaches will not
handle negations (for example, “I do not care”) and do not consider the context around
word usage. Large-language model (LLM) approaches may improve these deficits; however,
LLMs introduce their own complexities [177] and the dictionary/embeddings approaches

are better validated.

Grievance Dictionary [141] is curated for threat assessment, including categories such as
fixation, violence, and paranoia. It is validated on social media data, and provides features

for distinguishing extremist texts.

State-Of-The-Art Baselines. In Section 4.6, we compare our approach to three state-
of-the-art detection approaches. UUS [134] encodes the k most active users, applies
dimensionality reduction, clusters these embeddings, and assigns clusters stances via
expert annotation. The authors tune parameters including; k, features (based on retweets,
retweeted accounts, and hashtags), dimensionality reduction schemes, and clustering
schemes. They recommend encoding 1000 users via retweets, then applying UMAP and
Mean-Shift. UUS+ [143] extends UUS by finetuning BERT with UUS-labels; applying it
to remaining users. Finally, TIMME [136] is a supervised multi-task multi-relation deep

graph method using five user relationships to embed and classify users.

4.4 Ideology Framework and Implementation

In this section, we describe our ideology pipeline framework in two parts; Section 4.4.1
partitions pipelines into four components and Sections 4.4.2 and 4.4.3 provides component

implementation details.

4.4.1 Pipeline Constructions Framework

In this section, we abstract four components of ideology detection, shown in Fig. 4.1: the

dataset, ideological proxy, homophilic lens, and inference architecture.
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The Dataset is a set of unlabelled users and their activity metadata within a context. It
has an underappreciated effect on observed pipeline performance. Section 4.5 discusses

classification difficulty and introduces our evaluation datasets.

The Ideological Proxy infuses ideological knowledge via weak supervision. A user
subset is labeled (left, right, or far-right) via ideology-correlated behaviors, such as sharing
hashtags, following political parties, endorsing politicians, or sharing news media. See

Section 4.4.2 for details.

The Homophilic Lens characterises ideologically salient user similarity. Section 4.4.3

describes three homophilic lenses: the lexical lens, the hashtag, and the resharing lens.

The Inference Architecture propagates labels from a user subset to the remaining
unlabelled users. We train a classifier on the ideology-proxy-labeled users represented
via homophilic lenses. We use LightGBM with FlaML as our classifier?. The remainder
of this section enumerates the ideological proxies (Section 4.4.2) and homophilic lenses

(Section 4.4.3) evaluated, and their implementations.

4.4.2 Implementating Ideological Proxies

Here, we qualitatively compare proxies and describe the implementations of the proxies

evaluated in our study.

Proxy Qualitative Comparison. We conduct an assessment of proxies, based on
their utility for practitioners. Based on our reading of the thematic review presented in
Section 4.2, we qualitatively build three criteria to assess each proxy. The criteria are
designed to partially order proxies as a guide to practitioners. Therefore, we apply a

four-star rating (one star is lower) for each criterion, as shown in Section 4.4.2.

The first criterion we construct is labor minimization (AL) defined as the extent to which
expert labor is required to generate the proxy. Proxies which require human experts to

perform the entire contruction will score one star, whereas an approach with no human

2The hyperparameter n_estimators is inferred for the far-right detection due to the sparsity of labeled
users; it is fixed to 200 for left-right detection to prevent overfitting. We set the is_unbalance flag due to
label imbalance.
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Proxy ‘ AL CcT AV
HASHTAGS * *

COMMUNITY PARTICIPATION | ** *ok

PoLITICIAN ENDORSERS ok *k Kok
PARTY FOLLOWERS ok *x Hkok
MEDIA skokk skookok sk skokok sk

TABLE 4.1: Ideology Proxy Qualitative Comparison for application by practitioners
based on three-part criteria; annotation labor minimization (AL), context transferability
(CT), and Availability (AV). Criteria are rated out of four-stars.

intervention scores four stars. The second criterion is context transferability® (CT), defined
as the number and diversity of contexts in which a proxy can be applied. If a proxy is only
available in a given context it will score one star, whereas if the proxy is available with
no restrictions, it will score four stars. The third criterion is availability to practitioners*

(AV), defined as the extent to which a proxy or its ingredients are openly available, either

for ideology detection or independent tasks.

HASHTAGS shared is commonly used as a proxy, but requires domain knowledge and is
time-consuming to generate (one star on AL), and generally requires reannotation for every
dataset (* for CT). Furthermore, not all social media platforms use hashtags therefore
it has a low availability (* for AV). COMMUNITY PARTICIPATION uses user activity in
ideological communities (e.g., subreddit posting). The communities tend to be fewer
and more persistent (** on AL) and there is some detectable overlap of the communities
between platforms (** on CT). However, they are unavailable on some platforms (e.g.,
Twitter/X) and are inconsistent across countries (* on AV). Furthermore, it requires experts
for annotation, and datasets linking communities to ideologies are few. PARTY FOLLOWERS
and POLITICIAN ENDORSERS leverage databases of political parties and politicians with
their online profiles, which are intermittently available (** on AV). Such databases are
usually country- and period-specific — political parties emerge, change, and become relegated
in time. The advantage of these proxies is their stability and non-ambivalent nature during
the studied context (** on CT). Furthermore, databases do not encode all ideologically

relevant information, such as the lean of parties or specific politicians, requiring an expert

3Note that context transferability has a multiplier effect on annotation labor since a failure to transfer
requires reannotation.

“We do not discount prior work labor. However, we recognize that availability differs, independently of
ideology tasks, and proxies’ maintenance should be considered in practitioner guidelines.
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instead (** and *** on AL, respectively). MEDIA proxies utilize users sharing news media,
which often have known political slants. They leverage available and well-maintained data
on media slants (*** on AL), which have intrinsic value in communication studies, the
news ideology detection task, and general consumer value. There is strong evidence linking
news readership [178, 179] and sharing [180] to ideology. Media slants are fairly consistent
across time, media-sharing behaviors occur on most platforms (**** on AV), and media
tend to be ideologically consistent across topics (**** on CT). There are limitations to the
media proxy (see Section 4.8), but it outperforms its alternatives in terms of annotation

labor, context transferability, and general availability.

Left-Right ideological proxies. = We build four proxies.

Hashtags proxy requires experts to code hashtags. We qualitatively inspect the 1,000
most common hashtags in our datasets and label their political lean; —1 if left-leaning, 0 if
non-partisan, and 1 if right-leaning. We quantify a user’s political lean as the mean of the

labeled hashtags they emit and their ideology label as the sign of this lean.

Party Followers proxy requires collecting the followers of the major political parties’
online accounts for each target country (i.e., Australia and USA). We code the political
parties by their ideology. The users in the dataset who follow a single party receive the

party’s ideology label.

Politician Endorsers proxy requires a dataset of politicians, their political affiliations,
and social media handles. We use the Twitter Parliamentarian Database [181]. We code
the politicians using their party’s ideology (where independents are excluded). Note that
independents’ exclusion reduces the proxy representativity, but this is preferable to manually
labeling all independents. We label users who retweet politicians using the majority vote

of the politicians’ ideologies.

Left-Right MPP (Media Publication Proxy) requires a dataset of media websites with
their political slants. We utilize an extensive survey [182, 183] of news consumption
behavior within English-speaking countries (Australia, New Zealand, UK and the USA),
collected in 2020 and 2021 by Reuters. Participants indicated the news media they read

and self-reported their political leaning ranging from —3 (extreme left) to 3 (extreme right).
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We compute a publication’s slant as the weighted mean political lean of the participants
who consume that publication, where each participant is weighted by the inverse number
of publications they consume. Since countries’ perspectives on what constitutes left- and
right-leaning differ, we calibrate scores across countries with the AllSides Media Bias
Ratings [184]. We encode the ratings’ five-point scale onto a numerical scale from —1 to
1. We align each country’s scores, minimizing the sum of squared differences between a
country’s scores and AllSides scores for overlapping publications. Finally, we generate
slant scores for each publication as the average slant over all countries and years. We
associate publications (and their slants) with their website domains, averaging where a
domain is shared. We present the media organizations and their constructed slant scores in
online appendix [119]. We compute a user’s political lean as the average lean of the media

domains they share and their ideology label as the sign of this lean.

Far-Right ideology proxies. @ We build two proxies.

Far-Right MPP is constructed from the media slant scores of mainstream media built
for LEFT-RIGHT MPP. Next, we label users ‘far-right’ if their political lean exceeds 0.5 or

as ‘moderate’ otherwise.

MBFC MPP is constructed from the Media Bias Fact Check [185] dataset, including
both media slant and veracity, and containing conspiratorial and fake news sources. We

label users sharing the right-most media category as ‘far-right’.

4.4.3 Homophilic Lenses

Homophily is the tendency of similar users to be similar [186] and is commonly assumed
in ideology detection. A homophilic lens is a user embedding that encodes ideologically
relevant information. Here we convert content about user behavior into numerical vectors.

This section details three lenses.

Lexical Lens (USE). Language is a strong indicator of one’s political ideology [187];

since a sociolect is formed through associations with others.
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Hashtag Lens (HT). Hashtags signal users’ interests and the discussion topics they
participate in [188].

Resharing Lens (RT). Resharing is a signal of endorsement [96]. We assume users

endorsing the same people likely share similar ideologies [189].

Implementation. For the lexical lens, we preprocess text, to prevent potential data
leaks, by removing URLs, hashtags, and mentions. We concatenate each user’s tweets
and encode them as 512 dimensional vectors via the universal sentence encoder (USE)
[174]. The encoder choice is arbitrary and based on its prior user in literature for social
media-originating text [135]. For the hashtag lens, we use the Term-Frequency Inverse
Document Frequency (TF-IDF) of users (i.e., documents) via hashtags (i.e., words) they
use if used at least 10 times. TF-IDF is a refinement over the bag-of-words model that
weights terms used by their occurrence within a corpus, providing a simple but salient
vector representation. Finally, for the resharing lens, we generate a multi-hot encoding for
users based on the 1000 most reshared posts. We represent a user u; as h; € R where
hi[j] = 1 if u; reshares the jth most reshared post (h;[j] = 0 otherwise). In summary, there

are three representations of users; lexical R®!?, hashtag R#hashtags| ' peghare R1000,

4.5 Contexts, Datasets, and Ideology Labels

This section introduces datasets and their contexts. Section 4.5.1 describes the five datasets,
and Section 4.5.2 shows how we qualitatively construct ideology ground truth, used to

evaluate proxies and pipelines’ performance.

4.5.1 Contexts and Datasets

Section 4.5.1 summarizes the datasets; there are three Australian and two American
datasets; one originates from Parler, another is a mixture of Facebook and Twitter, and
the remainder are Twitter-based. In prior work datasets, ideology correlates with explicit
user behavior (e.g., discussion topics); this simplifies detection but rarely holds in practice.

Here, we use data where detection is difficult, as one would likely encounter in the wild. We
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Dataset #Users #Posts Country Hopkins
#QandA 103,074 768,808 AUS 0.2624
#Ausvotes 273,874 5,033,982 AUS 0.2445
#Socialsense 49,442 358,292 AUS 0.2591
Riot 574,281 1,067,794 US 0.1490
Parler 120,048 603,820 US 0.3016

TABLE 4.2: The datasets used in this work: source, profiling, and country of origin
(AUS and US refer to Australia and USA, respectively). The last column represents the
Hopkins statistics [5] for the lexical lens.

quantify the detection difficulty using Hopkin’s statistics [5] of the lexical lens, indicating
the clustering tendency of data, ranging from 1 (highly clustered, easy detection) to
0 (uniformly distributed, difficult detection). Hopkin’s statistic is common measure of
clustering tendency, effectively characterizing the probability that embeddings are drawn
from a uniform distribution. We assume that embeddings with a high clustering tendency
are easier to classify. Note clusters do not necessarily align with classes, however they often
do in real-world data; baselines, like UUS and UUS+, directly employ this axiom to infer
labels (relying heavily on the underlying clustering tendency of the data). Quantifying
detection difficulty of datasets is uncommon in literature and prior work often vary dataset
difficulty be construction [190] or require class labels to infer it [191]. We employ Hopkin’s
Statistic as a simple quantification of difficulty (which is not the focus of our work). It is
likely related to the decision boundary aspect of classification complexity [191]. Section 4.5.1

shows values € [0.14, 0.3] indicating no clustering tendency.

Briefly, the datasets are: #QandA [Twitter/X] surrounding a political panel show with
audience questions; #Ausvotes [Twitter/X] surrounding the 2022 Australian Federal
Election; #Socialsense [Twitter/X and Facebook] [10] surrounding the Australian Black
Summer Bushfires; Riot [Twitter| [192] and Parler [Parler] [193] both surrounding the US

capitol insurrection. See [119] for details.

4.5.2 Build a Ground Truth

We qualitatively annotate a subset of #QandA users to generate both a left-right and
far-right ground truth.
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Left-Right Ground Truth. Due to the imbalance and sparsity of some ideological classes®,
we employ the proposed pipeline to construct a candidate set of users for manual annotation.
Platforms such as X/Twitter have been shown to lean-left, and the imbalance in datasets
(such as Q+A which attracts a left-leaning audience) can be substantial. While it can be
argued that using the pipeline to generate a ground truth to train future pipelines may skew
the data selection, it has advantages over the alternatives. For example, (1) conducting a
manual search through a random candidate set and generating a proportionately low-volume
of right-leaning users is prohibitively expensive, and (2) employing a proxy directly as our
ground truth (following the baselines we compare against) defeats the purpose of evaluating

the proxies and introduces significant biases.

We generate the candidate set using the following four components; (1) we select each of
the four proxies (HASHTAGS, PARTY FOLLOWERS, POLITICIAN ENDORSERS, LEFT-RIGHT
MPP), (2) using labels derived from the selected proxy, we train the classifier to predict
user labels (since even proxy do not necessarily produce sufficient volumes of right-leaning
users), (3) we apply to proxy-trained classifier to the entire #QandA dataset (including
those already labelled), (4) finally, we extract the 100 left- and 100 right-leaning users
with the highest classifier confidence (estimated through the classifier sigmoid scores). We
collect the pool of 800 users in one set, deduplicate, shuffle it, and remove users who
are unavailable (either private or suspended). This results in 695 users; we sample 200
users, inspect their profiles and categorize them as left-leaning, right-leaning, far-right, or

indeterminable.

Next, two experts manually labeled each profile. The experts both had extensive knowledge
of the Australian political context, and were native English speakers. They were given
examples of left, right, far-right, and indeterminable user profiles for context. They
were instructed to use any signals of ideological-alignment they observed to make their
assessments (see [119] for details). Finally, they were given links to each user profile
and instructed to categorize them. They achieved moderate inter-annotator agreement
i.e., Cohen’s k of 0.515 As a result, our left-right ground truth contains 103 left- and 74

right-leaning users.

®Predicted label counts show this imbalance [119].
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Far-Right Ground Truth. Bailo et al. [122] snowball sample Australian far-right users,
starting with a ‘seed’ user and recovering ‘lists’ (a Twitter feature documenting similar
users) they belong to. They intersected the sample with their dataset, manually validated
their far-right status, crawled this validated set’s followers, and manually coded these too.
They obtained 1,496 users, of which 686 are in #QandA, and serve as our far-right ground
truth.

4.6 Proxy Bias, Baselines, and Validation

In this section, we first quantify proxy bias (i.e., representativity) and homophilic lens
interaction effects, by enumerating all pipeline constructions, in Section 4.6.1. Next,
we present a pipeline construction that outperforms three state-of-the-art methods in
Section 4.6.2. Finally, we evaluate transfer learning across contexts, illustrating ‘in-context’

training superiority, and test cross-proxy performance in Section 4.6.3.

To avoid confusion, Section 4.6.1 employs both ground-truth and Section 4.6.2 uses the
left-right ground-truth constructed in Section 4.5.2 for the #QandA dataset. Section 4.6.3
does not utilize the constructed ground truth. In its first segment it trains on labels derived
from one proxy and tests on labels derived from another, with fixed dataset #QandA. In
its second segment it trains on users from one dataset and tests on users from another,

with fixed proxy LEFT-RIGHT MPP.

4.6.1 Quantifying Proxy Bias

Here we jointly assess ideological proxy and homophilic lens combinations and their
performance against our ground truths, to infer proxy representativity. The top section
of Section 4.6 shows all combinations. The columns represent proxies, and the rows show
the seven possible concatenations of our lens implementations. We use the respective
ground truth for validation and testing in a 50% : 50% split, employing the validation set
for threshold calibration (for converting continuous scores to discrete predictions), and
removing neutral ideologies from training, as they do not appear in testing. Cells show

AUC ROC scores for pipelines trained with respective proxy and lens combinations. A
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‘ Left-Right Far-right
Hashtags Party Pol. L.R. F.R. MBFC
Follow. Endors. MPP MPP MPP

USE 0.881 0.868 0.788 0.946 0.691 0.773
HT 0.873 0.876 0.812 0.849 0.559 0.633
RT 0.840 0.844 0.752 0.879 0.538 0.668
USE+HT 0.949 0.879 0.870 0.939 0.715 0.785
USE+RT 0.880 0.821 0.785 0.953 0.666 0.762
HT+RT 0.904 0.914 0.799 0.937 0.570 0.632
all 0.950 0.875 0.854 0.929 0.713 0.785
Prec. 0.889 0.873 0.797 0.892 0.516 0.530
Recall 0.857 0.820 0.794 0.902 0.540 0.557
F1 0.855 0.821 0.766 0.893 0.636 0.720

TABLE 4.3: Determine the optimal proxy and lens combination. (top) AUC ROC

for each combination of lenses (rows) and proxy (columns). The underlines show the

best lens for a given proxy. (bottom) The precision, recall and macro-F1 for each proxy
averaged over all lens combinations. The bold show the best-performing proxy.

higher AUC ROC score is better with a maximum score of 1 and a random baseline of 0.5.
The bottom section of Section 4.6 shows the precision, recall and F1, averaged over all
lens combinations. The purpose is to quantify how well proxies represent ‘true’ ideology,

approximated via our ground truth.

Results. There are two main conclusions. First, Section 4.6 (bottom) shows that MPP
consistently outperforms other proxies for left-right detection. In order of representativity,
we have LEFT-RIGHT MPP, HASHTAGS, PARTY FOLLOWERS, and POLITICIAN ENDORSERS.
The MBFC MPP is the most performant for far-right ideology. This is significant, as we
have shown that media-based proxies are both qualitatively advantageous and optimal for
representativity; providing clear guidelines for practitioners. Second, Section 4.6 (top) shows
that no homophilic lens dominates all others and the best-performing lens combination
changes for each proxy. This may explain unclear conclusions within the literature, where
lens optimization is performed in isolation of other pipeline components (e.g., proxies).
Despite the lack of a dominating lens, we observe that pipelines containing the lexical lens
generally outperform their peers, and USE by itself (first row) has competitive performances.

In addition, USE is the only platform-independent lens.
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detection on #QandA when trained on one proxy (y-axis) and tested on another (x-axis)
for left-right far-right proxies.
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Method vus UUS+ TIMME Ours
Macro-F1 0.60i0.23 061i 0.26 0.88 0.92
AUC ROC - 0.76+ 0.15 0.89 0.95

TABLE 4.4: Baselines. Left-right classification performance of baselines vs. our pipeline

on the ground truth. We report the mean and standard deviation over all setup combina-

tions for UUS and UUS+. Note that UUS does not produce a score, only labels; therefore,
AUC ROC cannot be computed for it.

4.6.2 Prediction Performance Against Baselines

Baselines. We evaluate a pipeline construction against three state-of-the-art stance
detection techniques: UUS [134], UUS+ [143], and TIMME [136] — detailed in Section 4.2.
For UUS, the authors’ recommended setup (UMAP+Mean-Shift, retweet features, and
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1000 active users) does not produce any clusters on #QandA. To render UUS competitive,
we enumerate the setups similarly to their work. We fix the dimensionality reduction to
UMAP and clustering to Mean-Shift following their recommended setup. We use the default
scikit-learn settings (n_neighbors=15, min_dist=0.1, n_components=2, metric=cosine), and
do not enumerate different hyperparameters to (1) faithfully replicate their work, and (2)
simulate the experience of a time-poor practitioner. Furthermore, we implement setups for
every combination of features (retweets, retweeted accounts, and hashtags) and number of
active users (500, 1000, and 5000). In addition, UUS only reports the most active users’
labels; however, our ground truth users are not the most active. Instead, we use UMAP
and Mean-Shift inference methods to acquire labels for these users. For UUS+, we use
the same set of UUS setups. Following the authors, we utilize BERTase multilingual, 1sing
the HuggingFace implementations with PyTorch. We fine-tune BERT by adding a fully-
connected dense layer followed by a softmax output layer. We minimize the cross-entropy
loss over the training data. As it is not specified by the authors, we choose to fine-tune
for 10 epochs (a sufficient quantity for our data volume). Finally, for TIMME, we use all

relations except the followership network, which is prohibitive to acquire.

Predicting Human-Annotated Ideology. We evaluate performance using the left-right
ground truth (see Section 4.5.2) with a 5-fold cross-validation (where applicable). Our
ground truth construction leverages multiple proxy types to ensure adequate representation
across ideological groups. The baseline methods utilize subsets of these same proxy
types: UUS and UUS+ rely primarily on retweets and hashtags, while TIMME employs
network relations. Our more balanced mix of proxies provides broader coverage than these
narrower approaches. Additionally, our strong performance in within-proxy evaluations (see
Section 4.6.3) demonstrates robust generalization across different proxy types, validating
our approach beyond the specific ground truth sampling procedure. For this task, we use
the pipeline constructed from the LEFT-RIGHT MPP and the USE+RT homophilic lens
(the best-performing combination from Section 4.6). Section 4.6.2 shows the F1-macro and
AUC ROC scores for each technique. We make several observations. First, our approach
consistently outperforms all baselines, with the next best being TIMME. Second, UUS
and UUS+ show low mean performance and high standard deviation. Most setups failed

to cluster users and were removed before computing the mean and standard deviation.
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Furthermore, the clusters required an expert for labeling. Our pipeline construction has

practical advantages over these baselines and outperforms them.

4.6.3 Cross Proxy and Context Generalization

Cross Proxy Generalization. Here, we characterize the robustness of ideological proxies
through their self- and cross-consistency. Self-consistency indicates how well the pipeline
predictions trained with a given proxy align with the same proxy on a test set. We evaluate
self-consistency using a 5-fold cross-validation. Cross-consistency indicates that two proxies
capture similar ideological signals. We evaluate the directed cross-consistency of a source
— target proxy by deploying a pipeline with the source proxy to predict the ideology
of every user in the #QandA dataset and testing against the ideology labels set by the
target proxy. We report the performance over users whom the target proxy labels, and use
a one-vs-one scheme to adjust to the multiclass setting. For a given proxy, we deploy the

pipeline with the best lens combination as per Section 4.6.

Section 4.6.2 shows the AUC ROC performance for every pair of source — target proxy
for both left-right and far-right ideology detection. The self-consistency (main diagonal) is
high for all left-right pipelines, except PARTY FOLLOWERS. It is worth noting, POLITICIAN
ENDORSERS has high self-consistency but a low prediction performance against the ground
truth (see Section 4.6). This suggests that politician endorsement behavior is distinct from
prototypical ideological behavior. Note, far-right proxies have relatively low self-consistency,

perhaps due to the sparsity of far-right users.

Section 4.6.2 shows cross-consistency of left-right pipelines is relatively low, except for
LEFT-RIGHT MPP and HASHTAGS. This supports prior work [132, 133] arguing that
different proxies confer diverse ideology prototypes. The LEFT-RIGHT MPP and HASHTAGS
proxies generalize well to each other and the ground truth (see Section 4.6), suggesting
they accurately represent true ideology. Both far-right proxies generalize well on each other,
but their performance on the ground truth is relatively weak. This indicates they represent

similar behaviors not fully aligned with ideology.
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In-Context Dominance. Researchers often implicitly suggest political signals from one
context transfer to others. Here we demonstrate the importance of ‘in-context’ training
by comparing performance when models are trained and tested within the same dataset
versus across different datasets. Each dataset is typically associated with a distinct context
(see Section 4.4.1). We evaluate transfer-learning across datasets by training a pipeline
on one dataset and testing on another dataset. For this analysis, we use the LEFT-RIGHT
MPP proxy to generate ideology labels across all datasets, serving as the ground truth for
evaluation. This allows consistent comparison across datasets that lack human-annotated
ground truth. Furthermore, we utilise the USE+RT lense for this pipeline. We define
‘in-context dominance’ as the superior performance achieved when training and testing
occur within the same dataset, compared to cross-dataset transfer learning performance.
Section 4.6.2 shows the 5-fold cross-validation AUC ROC performance of left-right ideology
detection for every pair of datasets. Intuitively, models perform best when trained and
tested on the same dataset (i.e., in-context). However, we observe a significant performance
drop-off with transfer learning (off-diagonal). Despite this, we see relatively better transfer
learning between contexts that share traits. Models trained in Australian contexts perform
better when tested within the Australian context, and noticeably underperform when tested
in US contexts. Moreover, a further reduction is observed when training or testing with
the Parler dataset (i.e., a different social platform context). These observations indicate
that signals of ideology differ between contexts. While transfer learning performs better in

similar contexts, ‘in-context’ training is significantly more effective.

4.7 Psychosocial Analysis of Ideology Cohorts

In this section, we test four hypothesis sets for psychosocial asymmetries of ideologies,
relating to morality, grievance, nationalism, and dichotomous thinking. This serves two
purposes: an application case study for practitioners and to supply online evidence bases
for conclusions of prior work. We use pipelines constructed from the MBFC MPP and
LeErT-RIGHT MPP proxies, alongside the USE lens for its applicability across all datasets.
The first pipeline labels users as ‘far-right’. If users are not labeled ‘far-right’, the second

pipeline assigns them as ‘left’, ‘neutral’, or ‘right’. For most analysis below, we highlight
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results on a single dataset, however we produce the relevant plots for all datasets and label

distributions in the supplementary material [119].

Testing Moral Foundations. We begin by evaluating MFT hypotheses. The five MFT
hypotheses predict that left-leaning users exhibit higher usage of individualizing foundations
(care/harm and fairness/cheating) while right-leaning users exhibit higher usage of binding
foundations (loyalty/betrayal, authority /subversion, and sanctity/degradation). For each
foundation, FrameAxis extracts two variables from user text: bias (indicating direction on
the foundation axis, e.g., on care/harm axis, positive bias indicates care-oriented language,
negative bias indicates harm-oriented language) and intensity (indicating magnitude of
foundation usage regardless of direction). We test specific directional hypotheses: for
individualizing foundations, we predict left-leaning users show higher positive bias and
intensity than right-leaning users; for binding foundations, we predict right-leaning users
show higher positive bias and intensity than left-leaning users. We use a Wilcox Rank
Sign Test (95%), with Holm adjustment for family-wise error, to evaluate whether group
differences are in the predicted direction. We test these hypotheses with both bias and
intensity measures across “left vs. right” and “left vs. far-right” comparisons (i.e., 5
foundations x 2 measures x 2 comparisons = 20 hypotheses per dataset). Section 4.7
shows the number of statistically significant tests for each foundation across all datasets.
Overall, 46% of hypotheses are supported, with individualizing foundations showing more
consistent support than binding foundations. This inconsistency, seen in prior work

[158, 168], suggests MFT applies differently online than it does offline.

Next, given the lack of support for MFT, we test an alternative hypothesis, that right-
leaning users, relative to left-leaning users, exhibit vice over virtue foundations. For each
moral foundation, we assign each user a virtue/vice score equal to their intensity, if their
bias is positive/negative, respectively. This segregates the population into vice or virtue
users. In Fig. 4.4a, we plot each foundation’s mean vice and virtue scores for each ideological
group in the #QandA dataset. We observe that a significant proportion of right-leaning
users partake in the language of vice rather than virtue compared to left-leaning users. We
apply the Wilcox Rank Sign Test (95%) between the means of ideological groups, for each

category, and find all are significantly different®. We show that this is relatively consistent

SExcept between the right and far-right in the care-virtue category, which is irrelevant to our conclusions
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Fairness 2 2 2 2 2 10/20
Care 2 4 3 1 3 13/20
Loyalty 2 0 1 1 2 6/20
Authority | 2 1 2 2 2 9/20
Sanctity | 2 0 1 2 3 8/20
Total ‘ 10/20 7/20 9/20 8/20 1250 ‘ 46/100

TABLE 4.5: Moral Foundations Hypotheses testing. The number of times the MFT
hypotheses tests are significant for each foundation (rows) and dataset (columns).

across all datasets in the online appendix [119], This provides a consistent moral asymmetry

in the online context.

Testing Extremists’ Association With Grievance. Early signals of extremism are
of particular concern to national security and law enforcement practitioners. Prior work
suggests that extreme ideologies hold more grievance and grudge beliefs than moderates.
We use the Grievance dictionary [141] to quantify users’ grievance and grudge language. In
Fig. 4.4b, we plot the Kuller-Leibach divergence (signed by mean difference) between the
distribution of each ideological group from the neutral group for each category with the
#Ausvotes dataset. We apply the Kruskal-Wallis Test (95%) between ideological groups,
for each category, and find all are significantly different. We observe that the far-right
users differ significantly from the other ideologies in all categories and generally use more
grievance language. Notably, in the #Ausvotes dataset, the far-right users use honor and
god type language less than other groups. In the online appendix [119], we show that this
hypothesis holds for most datasets. A takeaway for practitioners is that far-right language
and threat assessment indicators overlap, suggesting a method to build effective public

safety tools.

Testing Nationalism Via Emoji. Here we add online evidence that the right-wing are
associated with nationalism via emojis. This hypothesis is widely accepted (and definitional),

and supporting it validates our inferred ideologies.
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Fig. 4.4c shows the odds of observing an emoji, given a user’s ideological group in #QandA.
Point ranges indicate the 95% confidence interval. The significance of the emoji in predicting
ideological groups, via the Wald Test, is indicated with stars. We make several observations.
First, is used more by ideological groups than neutral users. Second, the right (and
far-right) use B8 and E= significantly more than the left. Third, E= is used marginally more
by the left than other groups. Finally, we include = as a control (showing no associations
with any ideology). We conclude that nationalism, via national flags, is associated with
our inferred right-leaning ideologies. The use of E=E could be evidence of imported ideology
from America to Australia. £ is only marginally associated with the left. While emoji
semantics can drift over time and vary across communities—as seen with symbols like the
watermelon emoji being adopted for Palestinian solidarity—national flag emojis represent
relatively stable semantic anchors, particularly within finite datasets where temporal and
cultural context is well-defined. The stability of flag symbolism for nationalism makes

them reliable indicators for ideology detection within the scope of this study.

Testing Dichotomous Thinking. Recent work suggests the right-ideologies applying
black-and-white thinking relatively more than left-wing ideologies. Following [172], we match
n-grams relating to cognitive distortions schema (CDS) in user tweets in #QandA. We
measure the prevalence — the empirical probability of observing a CDS n-gram in a tweet
given an ideological group. Additionally, we utilize 100 bootstrap samples (i.e., repeated
sampling of tweets) to estimate the prevalence distributions. Fig. 4.4d shows that all
non-neutral ideologies exhibit a significantly higher prevalence of dichotomous thinking,
with right-leaning higher than left-leaning and far-right higher than right-leaning. We
perform T-Tests (95%) to compare group means and find all differ significantly from each
other. These findings support prior literature [173], and extend it by showing that the
far-right might engender an even greater extent of dichotomous thinking. Other cognitive

distortions’ prevalences are summarized in the online appendix [119].

4.8 Conclusion

This work proposes a framework for ideology detection pipelines and quantifies biases

introduced by ideological proxies. It tests hypotheses of the psychosocial asymmetries of
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ideological groups, in the online space. We present an evaluation of ideological proxies;
qualitatively, indicating proxies that minimize labor, are transferable across multiple con-
texts, and are available; and, quantitatively, indicating the representativity and robustness
of proxies. We find the media proxy advantageous, and a pipeline constructed from it and
the lexical lens to be optimal, outperforming state-of-the-art approaches. Such research is
essential for furnishing practitioners with actionable guidelines for ideology detection and

its practical applications.

Limitations. The media proxy has several limitations. Firstly, it relies on the availability
of up-to-date media slant data. Publication slant can shift over time, and publication
emergence, acquisition and closure can hold significance (particularly on ideological fringes).
Secondly, some users share media to refute it. Thirdly, article slants may differ from
publication slants. Finally, it will not produce a perfectly representative user subset,
although media sharing ubiquity makes it relatively competitive. Furthermore, our con-
ceptualization of ideology is simplistic, and some political systems are complex requiring

complex ideological proxies (which are largely unavailable).

Future Work. We limit our scope to English-speaking Anglo-centric countries due to the
expertise and language proficiency of the author team. However, the study could be applied
broadly. Newman et al. [183] provides data annually for 46 diverse countries, including
segments of the Global South. Our study could be extended to any other uniaxial political

setting with little amendment.

The Ethics Of Ideology Detection and Broader Perspectives. This work introduces
a powerful tool for inferring user ideology based on covert cues such as language patterns.
We demonstrate our tool for detecting far-right ideologies; however, it could, in theory, be
used by oppressive regimes to infer the true ideologies of their citizens and expose their
opponents [194]. The Countering Violent Extremism (CVE) literature [195] explores the
ethical concerns of developing tools that can be used for oppressive ends and proposes
mitigation strategies. There are also privacy concerns, as one’s ideology can be viewed as
an intimate and private trait that our tool can expose. Additionally, we show how to use
our pipeline to profile entire online populations based on their psychosocial characteristics.

We argue that the pipeline predictions are not prescriptive; they should be treated as an
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early warning system, requiring human expert investigation. We further note that we
only use expert-inferred political affiliation as our ground truth, not private self-reported

political indicator data.






Chapter 5

Birdspotter

Tooling is essential for advancing scientific and psychosocial inquiry by making complex
analyses more accessible and efficient. Well-designed tools enable researchers to focus
on core questions without being hindered by technical barriers, allowing them to extract
insights from large datasets and analyze social behavior effectively. For social scientists
and practioners, user-friendly tools democratize access to advanced computational meth-
ods, fostering wider participation and interdisciplinary collaboration. This accessibility
accelerates research, enhances reproducibility, and ensures that findings are robust and
impactful. In short, effective tools are key to unlocking data-driven research and driving

innovation in understanding complex social phenomena.

The rise of social media has amplified the need for such tools, as it has profoundly
impacted societal events and institutions, influencing everything from public discourse to
political movements. With user engagement on platforms like Twitter continuing to grow,
researchers are just beginning to understand the full scope of its effects. Social scientists
and practitioners often analyze online discourse as a proxy for real-world behavior, curating
large datasets to study these interactions. However, the lack of accessible tools tailored for
non-data science experts means that much of this data remains underutilized, limiting the

potential insights that can be drawn.

This chapter addresses this gap by introducing birdspotter, an end-to-end tool designed for

analyzing and labeling Twitter users, alongside birdspotter.ml, an exploratory visualizer
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for computed metrics. birdspotter provides a streamlined analysis pipeline, enabling
users to process pre-collected Twitter data, apply general-purpose labeling, and estimate
social influence—all within a few lines of code. By offering comprehensive tutorials and
detailed documentation, the tool empowers social scientists, policy analysts, and other
non-technical users to engage with advanced computational methods without needing

in-depth programming skills.

The development of birdspotter highlights the importance of accessible tools in applying
computational methods to nuanced domains like social media analysis. Effective tools
lower the barriers to complex data analysis, allowing experts from various fields to leverage
sophisticated techniques for their specific needs. This approach broadens participation,
enabling a deeper exploration of social phenomena and encouraging cross-disciplinary
collaboration. birdspotter exemplifies this by offering versatile features that can be
adapted for different research objectives, from user profiling and influence estimation to
bot detection. The tool’s ability to function as a bot detector, achieving state-of-the-art
performance without real-time Twitter API calls, demonstrates its practical value. This
was showcased through an exploratory analysis of COVID-19 discourse, illustrating how
birdspotter can be used for topical investigations and providing a model for future studies

requiring robust, scalable social media analysis.

Within the broader framework of this thesis, birdspotter represents the critical role of
tooling in integrating computational methods into psychosocial research. The availability
of effective tools is essential for applying nuanced analyses across diverse research domains,
making it possible to scale sophisticated methods to larger datasets and varied contexts.
By providing a user-friendly interface and seamless integration of complex processes,
birdspotter enables researchers to focus on generating insights rather than managing

technical challenges.

Tools like birdspotter make it possible to apply sophisticated models at scale, enabling
broader collaboration across fields. The tool’s design emphasizes usability, ensuring that

users can easily harness its capabilities and adapt them to their research needs.

The development and implementation of birdspotter illustrate how practical, accessible

tools can bridge the gap between technical complexity and real-world application. This
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research highlights the transformative potential of well-designed tooling, making it easier
for researchers from various fields to engage with, analyze, and interpret social behavior in
digital environments. This chapter supports the thesis, underscoring the need for continued
development of tools that simplify complex analyses, broadening participation and enabling

new, nuanced explorations of social phenomena.
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Dataset

Birdspotter el

Neroli Roocke

@NeroliRoocke

Former rural journo now working comms in ag. My tweets are
all my own.

Location: Queensland, Australia
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RT @FrBower: Legislated #homophobia is not #religiousfreedom because true
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FIGURE 5.1: The birdspotter.ml visualization system: Twitter users are plotted based
on their user influence and botness (left panel), and we show a selected user’s profile
(top-right) and cascade history (bottom-right).

5.1 Introduction

Barely a decade old, social media in general — and Twitter in particular — are becoming
increasingly important in shaping societal events. They serve as novel fora for a wide array
of users to express themselves, discuss, promote agendas and attempt to influence the said
societal events. As a result, social and political scientists, journalists, and communication
scientists increasingly turn to social media as a proxy to study society. They carefully
curate and label large social media datasets, and here a gap emerges. There is a limited
offer of tools aimed at non-machine learning experts to analyze users in already existing
datasets without making additional web API calls that limits the amount of retrieved data.
This paper fills this gap by proposing birdspotter, a package aimed at non-computing

practitioners with quantitative expertise (basic R or Python), to analyze, describe, and
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automatically label users in Twitter datasets.

This work addresses three specific open questions concerning analyzing Twitter users.
The first question relates to the availability of user analysis tools. Existing tools are
typically designed for Twitter branding and management, i.e. to either analyze a user’s
or organization’s account (Twitter Analytics®, or Brandwatch Consumer Research”), or
one given user account (Account Analysis Tool®). The question is whether a tool exists
to retrospectively analyze and label all the users in Twitter dumps, aimed at
non-data science experts with computational expertise? We address this question
by proposing birdspotter!, an integrated Twitter user analysis tool, that can achieve
three types of analysis in only a couple of lines of code. First, it processes existing Twitter
datasets (e.g. jsonl data dumps collected through the Streaming API). Second, it describes
users using three types of features (relating to the user, content semantics, and hashtag
usage). Last, it allows training a classifier against a labeled user subset, which turns

birdspotter into a general-purpose inferential user analysis tool.

The second open question relates to profiling user botness and influence on previously
collected data. The state-of-the-art bot detector, botometer [196], can only be accessed
through its web APIs and cannot produce predictions for users that are no longer accessible,
such as suspended accounts. Since bots have a high tendency of being suspended by
Twitter, measuring botness a while after collecting data risks missing a large proportion
of the bots involved in discussions. Similarly, existing influence estimation tools require
knowledge of the social graph, which often is impossible to capture retrospectively. The
question is: can we design a tool that quantifies users’ botness and influence on
existing curated datasets, without the need of online API calls or supplementary
information? We address this question two-fold. First, using four existing Twitter bot

datasets, we train birdspotter to detect bots without requiring additional APT calls. We

'birdspotter source code, tutorial, and feature list: https://github.com/behavioral-ds/
BirdSpotter

“pirdspotter.ml public installation: https://www.birdspotter.ml

%pirdspotter documentation: https://birdspotter.readthedocs.io

4COVID-19 tutorial: https://github.com/behavioral-ds/user-analysis

®Supplementary Material: https://arxiv.org/pdf/2012.02370.pdf#page=5

STwitter Analytics: https://analytics.twitter.com/

"Brandwatch Consumer Research: https://www.brandwatch.com

8 Account Analysis Tool: https://accountanalysis.app


https://github.com/behavioral-ds/BirdSpotter
https://github.com/behavioral-ds/BirdSpotter
https://www.birdspotter.ml
https://birdspotter.readthedocs.io
https://github.com/behavioral-ds/user-analysis
https://arxiv.org/pdf/2012.02370.pdf#page=5
https://analytics.twitter.com/
https://www.brandwatch.com
https://accountanalysis.app
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show that birdspotter achieves a higher performance than the current state-of-the-art
botometer [196]; birdspotter ships the bot detector by default, with the package. Second,
we implement a diffusion-based influence estimation [101], which is as accurate as using

the social graph.

The third open question is can we visualize and explore both broad and specific
views of Twitter users and their activity? We address this question by proposing
birdspotter.ml?, a tool that provides both broad views of the user population and detailed

inspections of user activity (see Fig. 5.1 for the main interface).

The main contributions of this paper are as follows:

e birdspotter! — a software package designed for inferential analysis of online users in

pre-collected data, and to estimate online user influence based on the reshare cascades.

e birdspotter.ml? — an online visualizer designed to perform exploratory analysis of

Twitter users.

e an offline bot detector, built using four public labeled datasets; we show that it achieves
better than state-of-the-art performance and we showcase it on an example analysis of

users discussing COVID-19%.

Related work. Here, we present the prior work most relevant to birdspotter. For a

complete related work discussion, please refer to the online appendix®.

Tree-based ensemble methods dominate social bot detection (over deep learning) due
to the heterogeneity of bots and the relative sparsity of training data. The de-facto
bot detection tool is botometer (formerly BotOrNot) [197], which uses more than 1000
user- and recent activity-related features to train a Random Forest classifier. The main
limitations of botometer are 1) usage of online APIs which are rate-limited by Twitter, 2)
lack of reproducibility, since deactivated, protected, and suspended users can no longer
be retrieved, and 3) botometer scores are likely to vary with user activity and botometer
versioning. Birdspotter addresses the above by predicting bots on pre-collected Twitter

dumps.
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User influence is typically measured using static user attributes [198], analyzing the
online social graph [199], and modeling information diffusion [200]. Closest to our work
is ConTinEst [201], which requires knowledge of the social graph (often prohibitively
expensive to obtain) on which it performs random walks (very slow on large social graphs).
Birdspotter estimates user influence from resharing dynamics in the absence of knowledge

about the social graph.

5.2 Preliminaries

In this section, we briefly outline prerequisites concerning influence estimation using point-
process models. For a thorough construction of the influence estimation, please refer to the

online appendix®.

User influence estimation. birdspotter implements the algorithm in [1], estimating
online influence as the mean number of retweets generated, directly and indirectly, by a
user’s (re)tweet. Rizoiu et al. [1] estimate user influence, absent of the retweet branching
structure, by assuming that retweets arrive following a Hawkes point process [101]. They

estimate the probability that the tweet v; = (mj,t;) is a direct retweet of v; as p;; =
_P(mit;—ti)

Sty d(mutij—tr)

and ¢(m, At) = kOmPe02t is the marked Hawkes exponential kernel of parameters «, 3

, where m; is the associated user’s follower count, ¢; is the time of the event,

and 6. The pairwise influence represents the probability that v; indirectly generates v;,
and is computed as r;; = Z?@: TikPrj When 1 < j, r;; = 1, and is 0 otherwise. Furthermore,
a tweet’s influence is the sum of its pairwise influences, and a user’s influence is its tweets’

influences averaged.

5.3 Package Overview

In this section, we give an overview of birdspotter and birdspotter.ml, and describe

their usage, functionalities, and design.
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FIGURE 5.2: (a) Mean AUC +/- standard deviation, varying ablated models and botometer.

Models/Features are indicated by BS (birdspotter), BT (botometer), HT (Hashtags),

SM (Semantic),and TU (Twitter User). (b) Mean F; score versus bot threshold for

birdspotter and botometer. (¢) SHAP summary plot where points indicate classifier

decisions, y-axis shows features in decreasing importance, x-axis shows SHAP impact
value, and color indicates feature value. Positive SHAP indicates bots.

5.3.1 birdspotter

birdspotter labels users and measures influence on previously collected tweets in the

standard jsonl or json format.

Measuring influence. birdspotter measures user influence as outlined in Section 5.2,
using by default a marked Hawkes exponential kernel with parameters § =1, k = % and
§ = 6.8 x 107%. These were tuned on a large collection of real cascades [1], and can be

customized using the function getInfluenceScores().

Usage and functionalities. Given a dataset of tweets collected externally (e.g. leveraging
the Twitter Filter API), birdspotter’s core functionality revolves around two steps. In the
first step, birdspotter loads the Twitter dataset, extracts retweet cascadas, and compiles
the user-level information. In the second step, it performs the influence analysis and user
labeling. The former is achieved by simply invoking the BirdSpotter constructor, while the
latter is achieved by calling the function getLabeledUsers(), which returns a table with
the user features detailed above. For every observed cascade, birdspotter also computes
the most likely branching structure (see p;; in Section 5.2). This can be achieved using the
function getCascadesDataFrame (), which returns the reshare cascades (i.e. original tweet
and all its retweets) with the additional column expected_parent indicating a retweet’s

most likely parent tweet.
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For power users, birdspotter provides a number of robust configurations — such as
changing the parameters of the Hawkes kernel or using user-defined word embeddings
— documented using its readthedocs® documentation. A usage tutorial is available on
birdspotter’s repository!. For users who prefer to analyze the results outside python,
birdspotter can dump the user table and the reshare cascades in Comma Separated
Values (CSV) files, that can be loaded in outside tools. All birdspotter functionalities

can be accessed in R via reticulate (https://github.com/rstudio/reticulate).

Feature Construction. birdspotter constructs user features' in three categories: Twit-
ter user, semantic, and topic-based features. Twitter user features are engineered directly
from twitter user attributes and capture heuristics of common bot behavior. Semantic
features are constructed (by default) from FastText 300d word2vec embeddings [202] of
users’ tweets content and descriptions. Content embeddings are averages of tweet embed-
dings, which are averages of word embeddings. Topic-based features are the vectors of
the 1,000 most frequent hashtags, scored for each user using the term frequency-inverse
document frequency scheme. birdspotter is designed to be easily extended with any

arbitrary (numerical) features to allow for rapidly evolving bot strategies [203].

User labeling. birdspotter implements a supervised labeler. It engineers a large selection
of features, and it uses a Gradient Boosting Machine model (XGBoost [204] implementation),

with hyperparameters tuned via Random Search and 5-fold cross-validation.

Beyond bot prediction. Birdspotter ships by default a pre-trained bot classifier (see
Section 5.4), however birdspotter can be customized to a particular application or dataset
through labeling and re-training. The function getBotAnnotationTemplate() outputs
a CSV that can be annotated by the user, and trainClassifierModel() re-trains the
classifier with this annotated data. An option controls whether the model is further tuned
starting from the existing model (useful for adapting bot detection to a particular dataset)

or retrained from scratch. We exemplify this in Section 5.4.

Data Structures. birdspotter’s main class, called BirdSpotter, is used to access

methods and attributes.


https://github.com/rstudio/reticulate
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| from birdspotter import BirdSpotter
bs = BirdSpotter (’./corona_2020_01_31.jsonl’)
cascades = bs.getCascadesDataFrame ()
# user information can be obtained by
labeled_user_labels = bs.getLabels ()
labeled_user_influence = bs.getInfluenceScores ()

< bs.getBotAnnotationTemplate (’user_to_label.csv’) T T T T T T T
bs.trainClassifierModel (*users_to_label.csv’, update=True, 0 0.5 1 1 10% 10* 110" 10 10°
iterations=300) botness influence user activity

(a) (B)

FIGURE 5.3: Quantifying user botness and influence analysis on COVID-19 dataset. (a)

Code required to load a Twitter dump, generate cascade and user information, annotate and

fine-tune the bot classifier. (b) A density plot of user botness scores, and complementary

cumulative density plots (CCDF) of user influence and user activity. The red lines show
the mean values.

birdspotter makes accessible three pandas dataframes through the main object after
processing: featuresDataframe (users and their extracted features), cascadeDataframe

(tweets and cascade information), and hashtagDataframe (TF-IDF of hashtags).

Performance. birdspotter performed the extraction, processing, and profiling of a
dataset of 196,269 tweets and 129,778 users, in just 5.7 ms per tweet, with an Intel Xeon
W-2145 CPU.

Installation. birdspotter installs in the canonical Python way: pip install birdspot-

ter.

5.3.2 Dbirdspotter.ml visualiser

birdspotter.ml? is a visualizer built on top of birdspotter, and designed to analyze
Twitter users engaged in online discussions. The visualisation provides both broad and
specific views of the data, via the three components shown in Fig. 5.1: a scatter plot

component, a user information component, and a cascade view component.

The Scatter Plot. The left panel contains the scatter-plot showing the influence percentile
(on the y-axis) and botness (on the x-axis) of a random sample of the users from the
dataset, and the underlying 2-D density over the entire data set. Users are colored based
on the hashtag they use most and, when selected, the user and cascade views are populated.
The plot is pan-able and zoom-able. The view starts with a random sample of 1,000 users

and is dynamically populated as practitioners explore cascades.
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The User View. The top-right panel provides information about a selected user, including
their Twitter image (hyperlink to the user’s profile), screen name, location, the hashtags

they used, and basic Twitter metrics (such as the number of followers or tweets).

The Cascade View. The bottom-right panel shows the cascades the selected user
participates in, which are select-able via a carousel. The component shows the text of the
original tweet, the retweets’ timing, and the most-likely branching structure inferred using
birdspotter. The points on this component are select-able and hover-able in the same

way as the scatter plot. The component also is pan-able and zoom-able.

5.4 Building a bot detector

In this section, we train birdspotter as a bot classifier with better performances than
the state of the art botometer. We showcase birdspotter to profile a topical COVID-19

Twitter dataset.

Training data. birdspotter provides the functionality to retrain and update the current
model, which we leverage to build a bot detector. We train on four public bot datasets,
including {botometer-feedback-2019, political-bots-2019} [203], and {verified-

2019, botwiki-2019} [205], sourced from Bot Repository®.

Training. The Bot Repository only provides account-level data, whereas birdspotter
is designed to utilize tweet jsonl. We use the tool twarc to acquire the timeline of
each available user’s first 200 tweets, to construct jsonl training data. We extract and
preprocess the data with BirdSpotter (), label the resulting dataframe with users’ ground
truth values, and run trainClassifierModel() on this training data to acquire our final

model. We ship this model as the default at birdspotter’s installation.

Botometer comparison. We compare the derived model against botometer, by acquiring
their bot scores (universal CAP [203]) for available users through their API. Fig. 5.2a
shows that birdspotter out-performs botometer in terms of mean AUC, despite using

less information to make predictions — botometer uses more user features extracted from

Yavailable from https://botometer.osome.iu.edu/bot-repository/datasets.html


https://botometer.osome.iu.edu/bot-repository/datasets.html
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the online API. Fig. 5.2b shows that birdspotter consistently out-performs botometer

with respect to mean F} scores, over all bot score thresholds.

Ablation study. We test the importance of each set of features through various ablations
of our main model. Fig. 5.2a shows the mean AUC obtained for subsets of features. It
shows that Twitter user features and semantic features are both informative of bot-like
behavior, while hashtag features show more variation. The hashtag model performance
may be an artifact of training on the mixture of bot datasets (containing hashtags relating
to different topics). We retain hashtag features in birdspotter, for better generalizability
when users train and test on their own domain datasets. The best performing model uses

Twitter user features and semantic features.

SHAP analysis. We use shap [206] for explaining the impact of features in our tree
ensemble model. Fig. 5.2c shows that the Twitter user features form the majority, and

semantic features a minority of the impactful features, in line with the ablation study.

COVID-19 Application Dataset. We apply birdspotter to a COVID-19 dataset [207],
supplied as tweet IDs which were re-hydrated with twarc to a jsonl format, recovering
68.8% . We limit our analysis to the ~ 1.5M unique tweets relating to posts on January

the 31st, resulting in ~ 0.28M users and ~ 0.42M cascades.

Dataset profiling. Fig. 5.3b shows the empirical distributions of botness, influence, and
activity (i.e., the number of cascades a user participates in). The distribution of botness
indicates two maxima; the larger indicating the humans and the smaller indicating the
bots . Conforming with the literature [1], influence and activity are long-tailed (following a

“rich-get-richer” paradigm).

(Re-)Labeling Users. Exploring birdspotter.ml we observe humans — @DumplingSays,
Q@eddfuentess, and @marat_dospolov — with bot scores of 0.873, 0.83, and 0.925 respec-
tively. Using getAnnotationTemplate (see Fig. 5.3a, line 8) we label each user as human,
and update the classifier with trainClassifier (Fig. 5.3a, line 10). The new bot scores
are 0.375, 0.296, and 0.559, respectively. Practitioners can use birdspotter to classify any

latent user attribute.
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5.5 Conclusion

We presented birdspotter, a Twitter user analysis tool aimed at non-data science experts
who analyze discourse and user activity on social media. It provides an end-to-end analysis
of users’ online characteristics, and populates a visualizer facilitating both broad views of
a user population and individual exploration. As with many open-source classifiers, we
know that birdspotter could be leveraged to infer sensitive features. However, we are

currently not aware of any protections that we could implement to prevent this.

Tools like birdspotter are integral to the timely, performant, and reproducible analysis of
social media users for understanding discourse and society. The framework’s reliance on
reshare capabilities for influence measurement and user profile information for characteriza-
tion makes it broadly adaptable to most social media platforms. For instance, it could be
readily adapted to work with the Bluesky API without significant amendments, requiring
only platform-specific data collection adjustments while preserving the core analytical

components.

While birdspotter demonstrates effectiveness against traditional automated bot accounts,
it is important to acknowledge the evolving landscape of social media manipulation. State-
sponsored information operations increasingly employ sophisticated techniques including
phone farms—networks of human operators using physical devices to conduct coordinated
inauthentic behavior. Unlike traditional bots that exhibit algorithmic posting patterns
detectable through behavioral analysis, phone farms present fundamentally different detec-
tion challenges. These operations combine human judgment with coordinated messaging,
making them appear more authentic in individual-level analysis while maintaining strategic
coordination at the network level. Future iterations of tools like birdspotter will need to
incorporate network-level coordination detection and cross-temporal behavioral analysis
to address these more sophisticated manipulation techniques. The detection paradigm
must evolve from identifying individual inauthentic accounts to recognizing coordinated

inauthentic networks, regardless of whether they are automated or human-operated.

An interesting direction for future research involves examining how influence conductance

varies across different subtopics within broader discussions. While topic modeling and
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subtopic classification fall outside the scope of birdspotter and are well-served by ex-
isting specialized tools, the intersection of influence dynamics with topical granularity
presents compelling research questions. Different subtopics may exhibit varying influence
conductance—the ease with which influence propagates through user networks—suggesting
that users may wield domain-specific influence that does not necessarily transfer across
related topics. Investigating these patterns could provide deeper insights into how expertise
and credibility operate within nuanced discussion landscapes, though such analysis would

require integration with dedicated topic modeling frameworks.






Chapter 6

Non-traditional Research Outputs

In this section, I shift focus from the formal research outputs presented throughout this thesis
to highlight the impact of non-traditional research outputs (NTROs) as integral elements
in advancing the field of computational methods in psychosocial research. While research
articles provide foundational contributions, NTROs offer unique avenues to disseminate
knowledge, build networks, and foster a culture of innovation among practitioners. By
engaging in NTROs, I extend the reach and relevance of my work beyond academic
publications, enabling practical, community-driven adoption of computational approaches

within psychosocial fields.

The strategic importance of NTROs becomes evident when considering the fundamental
challenge of computational social science: bridging the methodological sophistication of
computer science with the theoretical depth and practical concerns of psychology and
sociology. Traditional academic publishing, while essential for establishing scientific rigor,
often fails to reach the practitioners who could most benefit from these advances. Defense
analysts need accessible tools for detecting information operations; public health officials
require frameworks for understanding misinformation spread; educators seek compelling
examples to motivate interdisciplinary learning. These diverse stakeholder needs demand

translation efforts that extend far beyond conventional peer review.

Moreover, the computational methods developed in this thesis—from influence modeling

to ideology detection—derive their ultimate value from real-world application. Without

107
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sustained engagement with practitioner communities, even the most sophisticated research
risks remaining confined to academic circles, limiting its societal impact. NTROs provide
essential feedback loops, where practical implementation challenges inform future research

directions and where theoretical insights gain validation through applied contexts.

NTROs play a pivotal role in bridging the gap between rigorous research and practical
application. These outputs—ranging from public talks and popular articles to collaborations
with industry stakeholders—are essential for translating complex findings into accessible
formats, enhancing visibility and understanding among diverse audiences. Importantly,
NTROs provide opportunities for researchers to engage with sectors like defense, healthcare,
and policy, where interdisciplinary knowledge exchange is particularly valuable. Through
NTROs, I contribute to a broader, more inclusive research culture that invites non-specialists
into the conversation, helping to demystify computational methods and reduce the barriers

to adoption.

Through collaborations, public articles, and practical workshops, I have engaged diverse
audiences to demonstrate and demystify computational methods, fostering broader adoption

and understanding within psychosocial research.

I have engaged in discourse with Australian Defence scientists, including those from the
ASD and DSTG, as well as with other stakeholders invested in the dissemination and
application of complex psychosocial insights. Additionally, I have authored public-facing
articles, such as one in The Conversation, which garnered over 4,700 reads and more than

150 shares, helping to extend the reach and impact of my work.

In highlighting these NTRO activities, I underscore the value of such non-traditional
outputs in facilitating a culture of knowledge sharing, collaboration, and interdisciplinary

engagement that complements and extends the impact of formal research publications.

Here I present a history of event participation, presentations, collaborations, and broader

non-traditional scholarly activities.
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6.1 Events & Presentations

This section summarizes key venues where I presented research that bridges computational

and psychosocial fields.

Australian Social Network Analysis Conference 2019 (ASNAC’19) The Australian
Social Network Analysis Conference brings together social scientists who utilize social
network analysis (SNA) to examine human interactions in various contexts. At ASNAC’19,
research primarily focused on smaller, highly contextualized networks. I presented an early
form of our work on large-scale network analysis, which examined social influence via social

media data, contributing a novel perspective to the venue’s traditional scope of inquiry.

Data Science Institute Seminar Hosted by the Faculty of Engineering and Information
Technology (FEIT) at the University of Technology Sydney (UTS), this seminar series
attracts both students and academics. My presentation introduced two of my key research
tools: the General Influence Model (GIM) and birdspotter, as detailed in Chapters 3 and 5,
both of which exemplify the fusion of computational methods with psychosocial research

principles.

International Conference On Web Search and Data Mining 2021 (ICWSM’21)
The International Conference on Web Search and Data Mining (ICWSM) is an interdisci-
plinary venue that attracts researchers from both computational and human sciences. At
ICWSM’21, I presented my work on birdspotter, focusing on the application of computa-
tional tools to model social influence on social media platforms. The presentation involved

a detailed case study demonstrating the utility of these tools for psychosocial research.

Defence Human Sciences Symposium The Defence Human Sciences Symposium brings
together defense sector researchers interested in various aspects of human sciences, including
psychology, health, and cyber domains. My presentation focused on the computational
detection of online ideological expression, detailed in Chapter 4, underscoring the application

of computational techniques to high-stakes psychosocial phenomena.

PSYBER’23 PSYBER’23, co-hosted by the Australian Signals Directorate and the U.S.

Department of Homeland Security, is an international conference focused on advancements
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in psychological and behavioral sciences relevant to national security. My presentation on
empirical measurement frameworks, described in Chapter 2, showcased how computational

methods can inform real-world applications, providing cross-domain value.

6.2 Collaborations

This section highlights key interdisciplinary collaborations that illustrate the integration of

computational methods into psychosocial research.

Ideology Detection As discussed in Chapter 4, this project represents a collaboration
between myself, Professor Emma Thomas (Flinders University), and Dr. David Kernot
(DSTG). Our research applies computational psycholinguistics to detect ideological signals
in online spaces, requiring both computational techniques and psychological insights into

ideological formation.

Wiki Workshop’23 I co-authored a paper with Dr. Francesco Bailo and Dr. Marian-
Andrei Rizoiu on the detection of ideology among Wikipedia contributors, focusing on how
contributors’ activities reflect ideological biases. This work adds to the literature on bias

in collective knowledge platforms, with implications for public trust in information sources.

Evently: Modeling Social Media Cascades The Evently project, as described in [9],
leverages Hawkes processes to model information diffusion on social media platforms. My
contribution focused on applying the tool to disentangle the roles of influential users and

bots in resharing dynamics, a key issue in understanding the spread of misinformation.

Interval-Censored Transformer Hawkes: Detecting Information Operations In
this collaboration, we developed a novel deep learning architecture based on Transformer
Hawkes models [208] to detect disinformation operations. My role was to design and
conduct experiments that validated the model’s robustness, which significantly enhances

its practical applicability in detecting incomplete data within social networks.
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6.3 Industry Experience

Throughout 2023, I worked as a research data scientist at Thaum, a company providing
research services across a range of public and private sector domains. My role involved
applying computational and data science methods to interdisciplinary research questions,
including scientometrics and digital twinning for risk assessment of marine drones. This
position honed my ability to apply computational techniques in diverse real-world scenarios,

reinforcing the practical value of interdisciplinary research.

6.4 Teaching

In the first semester of 2021, I taught an introductory course in computer science (CS0),
focusing on programming fundamentals using Java. My teaching experience extends
beyond this course, having taught multiple subjects across logic, software design, functional
programming, and data science at the Australian National University. My pedagogical
philosophy emphasizes the importance of showing students the interdisciplinary applications
of computational techniques, especially in fields like psychosocial research where they might

seem initially disconnected.

Teaching CSO0 is particularly challenging in motivating students to recognize the broader
value of computational thinking. Drawing from my interdisciplinary experience, I help
students see how computational methods can unlock new avenues in fields as diverse as

psychology, sociology, and even defense studies.

6.5 Platform Considerations and Broader Applications

While this thesis primarily utilizes Twitter/X data, the computational frameworks devel-
oped demonstrate broad applicability across social media platforms. Core mechanisms

such as resharing behaviors and textual content analysis are ubiquitous across platforms,



112 Chapter 6. Non-traditional Research Outputs

with Chapter 4 explicitly incorporating cross-platform data sources. However, platform-
specific characteristics—including communication styles, community structures, and user

demographics—may influence observed patterns, warranting future investigation.

The practical applications extend to e-safety and national security domains, while data
access limitations across platforms highlight the need for improved research access to serve
the common good. A comprehensive discussion of platform generalizability and research

implications is provided in Chapter 7.

6.6 FEthical Framework and Societal Considerations

The computational frameworks developed in this thesis operate within established ethical
research protocols and utilize publicly available data sources combined with standard
machine learning classifiers. This research has been conducted under ethics approval from
UTS, ensuring adherence to appropriate research standards and participant protection
measures. Each chapter addresses the specific ethical considerations relevant to its particular

methodological approaches.

The use of publicly available social media data and off-the-shelf classification techniques
represents standard practice in computational social science research. The methodologies
developed focus on aggregate patterns and population-level insights rather than individual
surveillance or targeting. The research aims to advance scientific understanding of social
phenomena and provide defensive tools for detecting harmful manipulation, extremist

recruitment, and misinformation campaigns.

A critical consideration in this work is balancing legitimate privacy expectations with the
need to protect vulnerable communities from harm. While individual privacy remains
paramount, the public nature of social media platforms creates a context where under-
standing collective patterns of influence, misinformation spread, and extremist recruitment
serves essential protective functions. The techniques developed here enable researchers and
safety practitioners to identify concerning trends and intervention points while focusing on

behavioral patterns rather than individual targeting.
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This balance becomes particularly important when considering threats to democratic
institutions, public health, and community safety. The ability to detect coordinated inau-
thentic behavior, monitor extremist recruitment strategies, and understand misinformation
propagation provides essential capabilities for protecting vulnerable populations—including
children, marginalized communities, and those susceptible to radicalization. These protec-
tive applications must be weighed against privacy concerns, with transparent governance

ensuring that research serves the public good.

Looking toward future applications, the growing sophistication of computational social
science tools necessitates ongoing attention to responsible development and deployment.
The frameworks developed in this thesis contribute to creating a safer, better-understood
digital landscape while respecting privacy principles and supporting legitimate research

needs that serve both individual rights and collective security.

6.7 Summary

The non-traditional research outputs documented in this chapter represent a systematic
effort to transform computational social science from an academic exercise into a practical
toolkit for addressing real-world challenges. Through strategic engagement across defense,
education, industry, and public discourse, these activities have established pathways for
computational methods to inform policy decisions, enhance security practices, and improve

public understanding of digital influence phenomena.

The defense collaborations, particularly through venues like PSYBER and the Defence
Human Sciences Symposium, have enabled direct translation of research findings into
operational contexts where understanding social influence and extremist recruitment can
protect national security interests. These engagements demonstrate how academic research
on ideology detection and misinformation spread can inform counter-intelligence efforts

and public safety initiatives.

Educational activities, from university teaching to public articles, have cultivated the next
generation of interdisciplinary researchers while simultaneously raising public awareness

about computational approaches to social problems. The Conversation article’s significant



114 Chapter 6. Non-traditional Research Outputs

reach (4,700+ reads, 150+ shares) exemplifies how effective science communication can
democratize access to complex research findings, enabling informed public discourse about

digital manipulation and social media influence.

Industry collaborations have validated the practical applicability of these methods while
revealing implementation challenges that drive future research directions. The experience
at Thaum demonstrates how computational social science techniques can adapt to diverse
problem domains, from marine risk assessment to scientometrics, illustrating the broad

transferability of these approaches.

Collectively, these NTROs establish computational methods as essential tools for under-
standing and navigating our increasingly digital social landscape. They demonstrate that
advancing psychosocial research requires not only methodological innovation but also sus-
tained commitment to knowledge translation, community engagement, and interdisciplinary
collaboration. By bridging academic research with practical application, these activities
ensure that computational advances serve broader societal needs while fostering continued

innovation at the intersection of technology and human behavior.

Overall, NTROs play a crucial role in equipping psychosocial practitioners and stakeholders
with advanced computational techniques, bridging the gap between research and practice.
By making these methods accessible through public articles, collaborations, and industry
engagement, NTROs support the practical adoption of innovative approaches in real-world

settings, expanding the utility and impact of my work beyond academic circles.



Chapter 7

Conclusion

In this thesis, I have asserted that applying computational methods advances our under-
standing of psychological and sociological phenomena. From a high-level perspective, this
work has demonstrated the use of a wide variety of computational techniques, including
active learning, modeling with point processes, tree-based classification systems, and data
wrangling techniques. Furthermore, this research has directly addressed issues of psycholog-
ical and sociological concern. I have conducted large-scale psychometry, psycholinguistics,
characterized political ideologies, and examined the correlations between psychosocial traits.
I have investigated misinformation spreaders, looked into the traits of radical ideologies, and
generated tools for bot detection. In this section, I summarize the contributions described

in each chapter and illustrate how this supports the thesis.

In Chapter 2, we were able to push the boundaries on the scale and representativeness
of the empirical measurement of a psychosocial property. We proposed a framework for
measurement in an online context that utilized crowdsourced workers completing tasks
orchestrated by an active learning mechanism. The framework could be applied broadly
to psychometrics; however, in this instance, we chose to measure social influence, a trait
intimately tied to the formation of opinions and the trajectory of social dynamics. We
conducted extensive simulation studies, pilot studies, and ablative design studies to ensure
the robustness and fidelity of the measurement. Finally, we utilized psycholinguistic

methods to further validate the measure and advance psychosocial insights.
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In Chapter 3, we were able to endogenize psychosocial theory into a computational model,
based on Hawkes point processes, and conduct research to evaluate psychosocial hypotheses.
We introduced GIM, which has two flexible psychosocial-inspired mechanisms: conductance
and influence-capital distribution, that can be utilized with phenomena such as homophily
and provide more degrees of freedom to model the complexities of human interaction.
We supplied three implementations of homophily and a novel distribution mechanism.
Furthermore, after determining an optimal model, we utilized the inferred influence metric
to test psychosocial hypotheses relating to social class and content veracity. The analysis
was conducted on a large dataset of COVID-19 discussions, requiring the influence model to
scale well. Furthermore, data wrangling techniques were required to assess content veracity
and extract social class via occupation. We found that Media, Executives, Entertainers,
and the Military are some of the most influential social classes. Furthermore, the Military

contain a large proportion who share misinformative sources.

In Chapter 4, we constructed an end-to-end ideology profiler that can generalize across
online contexts. In this work, we utilized a diverse range of ideological signals to ensure
the robustness of the profiler and to learn robust feature signals of ideology. A robust
ideology profiling is the first step toward a complete opinion dynamics modeling system.
Furthermore, we evaluated not only ideological direction (i.e., left-right) but also the
presence of extremism (i.e., the far-right). We further utilized psycholinguistic dictionary
methods, combined with computational word embedding techniques, to characterize users
with respect to morality, grievance language, nationalism, and cognitive distortion schemata.
This allowed us to evaluate associations between these psychosocial traits and ideology.
We found significant associations, namely; the right use more vice-moral and grievance-
filled language, exhibit patterns of dichotomous thinking, and are more associated with
nationalism (via flag emojis). As such, this work presents novel psychosocial findings that

are only available as a result of computational methodologies.

In Chapter 5, we generated tools that can be utilized by psychosocial practitioners for
generalized labeling and influence estimation in online contexts. The software tool was
designed for a low barrier to entry, and there is a tutorial and extensive documentation.
The tool automatically generates rich feature sets, useful in characterizing online users.

Furthermore, the tool comes with a visualizer to quickly draw insights utilizing the generated
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metrics. In this work, we illustrated how birdspotter can be used as a state-of-the-art bot
detection system, which is of particular importance to psychosocial practitioners concerned
about external manipulation. With enough labeled data, birdspotter can be used as a

powerful tool for general sociography in online spaces.

Finally, in Chapter 6, I illustrated my activities, via non-traditional research outputs, in the
use of computational methods for psychosocial research and my scholarly activities more
broadly. I have engaged with psychology and sociology practitioners, including through
direct collaborations, having presented at several venues with psychosocial themes and
writing broad audience research articles. Furthermore, I have an extensive history of teach-
ing, particularly CS0, and modeling the use of computational methods for interdisciplinary

purposes.

From the summary above, it is clear that modern computational methods have been utilized
to pursue psychosocial research, but can it be definitively stated that psychosocial research
has been advanced? In many instances, computational methods are indispensable for achiev-
ing the types of results outlined throughout this thesis. Two pivotal areas stand out where
computational methods catalyze progress in psychosocial research: scale and intelligence.
Firstly, psychological and sociological investigations have historically been constrained by
the challenges of limited sample sizes and restricted access to diverse populations. These
limitations undermine the robustness, generalizability, and external validity of findings,
contributing to issues such as the replication crisis. Computational methods, by harnessing
vast datasets and enabling unprecedented processing speed, allow researchers to transcend
these limitations and achieve scale at a level that was previously unattainable without
significant and impractical resources. This scalability empowers researchers to conduct
large-scale studies, with readily accessible cross-cultural and longitudinal data, that enrich
our understanding and ensure more representative results. Secondly, as machine learning
technologies continue to evolve, assessments that once required expert human analysis can
now be performed by these systems. This includes intricate analyses of natural language,
psychological coding, behavioral predictions, and other tasks that demand both precision
and scalability. By automating these assessments, computational methods facilitate not
only greater efficiency but also a heightened consistency across studies. These advances

render research more reproducible, objective, and reliable, breaking down barriers that
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limited traditional methodologies. Moreover, beyond the mechanics of scale and intelligence,
the adoption of computational tools shifts the paradigm of psychosocial research. It opens
new avenues for interdisciplinary collaboration, where insights from computer science,
psychology, sociology, and data science converge to produce richer, more nuanced analyses.
This multidisciplinary approach expands the horizon of inquiry, embedding psychosocial
studies within a broader and more dynamic ecosystem. Therefore, the integration of
computational methods represents more than just a technological enhancement; it is a
transformative force that reshapes our capacity to understand and investigate psychological
and sociological phenomena. It underscores a new era of research—one marked by increased
rigor, broader inclusivity, and the potential for deeper insight. As this thesis has illustrated,
the future of psychosocial research lies not just in adopting these computational tools, but
in applying them to push the boundaries of knowledge and unlock the complexities of

human behavior and society.

7.1 Addressing Platform Specificity and Research General-
izability

A critical consideration for this body of work concerns the extent to which findings derived
primarily from Twitter/X data can be generalized to the broader digital ecosystem. This
question strikes at the heart of contemporary social media research, where platform selection
often constrains both methodological approaches and the scope of conclusions that can be

drawn.

The methodological foundations established throughout this thesis—encompassing influence
measurement, information diffusion modeling, ideological classification, and user behavior
analysis—operate on universal principles of human social interaction that transcend specific
platform implementations. Whether users share content through retweets, Facebook shares,
LinkedIn reposts, or TikTok duets, the underlying mechanisms of information propagation
and social endorsement remain conceptually consistent. Similarly, textual expressions of
ideology, psychological traits, and social attitudes manifest across platforms wherever users

generate written content.



Chapter 7. Conclusion 119

Yet platform ecology significantly shapes user behavior, content moderation practices, and
algorithmic mediation in ways that may fundamentally alter the expression and measure-
ment of psychosocial phenomena. Consider how Twitter’s brevity constraints encourage
different rhetorical strategies compared to Facebook’s longer-form posts, or how Insta-
gram’s visual-centric design privileges different modes of self-presentation than text-based
platforms. Professional networks like LinkedIn cultivate distinct norms around acceptable
discourse, while emerging platforms like Bluesky experiment with novel approaches to

content curation and community governance.

These variations present both challenges and opportunities for future research. Rather
than viewing platform differences as limitations, they offer natural experiments for testing
the robustness of computational approaches across varying social contexts. The ideology
detection work presented in Chapter 4 already demonstrates this principle through its
multi-platform data integration, suggesting that core methodological approaches can indeed

transfer across digital environments with appropriate calibration.

Looking forward, the research community faces pressing challenges around data accessibility
that extend far beyond methodological considerations. Current trends toward platform
closure and API restrictions fundamentally threaten the viability of independent social
media research. This development occurs precisely when society most needs robust,
independent analysis of digital influence patterns, misinformation dynamics, and platform

manipulation tactics.

The emergence of more open platforms like Bluesky signals potential shifts toward research-
friendly data policies, but systematic change requires broader recognition that social media
research serves essential public interests. Policymakers should consider frameworks that
balance platform privacy concerns with legitimate research needs, potentially through
mandated research access provisions or data sharing requirements for platforms above

certain user thresholds.

Such access would enable the kind of comprehensive, cross-platform comparative research
necessary to validate and extend the findings presented in this thesis. More importantly, it

would support the development of robust countermeasures against information manipulation,



120 Chapter 7. Conclusion

extremist recruitment, and other threats to democratic discourse that operate across

platform boundaries.

The stakes of this research extend well beyond academic inquiry. National security
agencies, public health organizations, and democratic institutions increasingly depend
on sophisticated understanding of digital influence patterns to fulfill their protective
mandates. The computational frameworks developed in this thesis provide foundational
tools for such applications, but their full potential can only be realized through sustained,

systematic research across the complete spectrum of digital social environments.



Appendix A

Empirically Measuring Online

Social Influence

A.1 Bradley-Terry Noise Invariance.

In this section, we show that within the augmented Bradley-Terry model, A\ and 8 cannot
be jointly fit from pairwise comparisons. We show that any ML estimate of A and 6 would

not be unique.

Suppose there exists unique ML estimates, A and 6. Then, consider two constructed

quantities, with arbitrary scalar k;

A= kA,

0" = ko

The log-likelihood for the augmented BT model, is given as
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Consider the maximum log-likelihood,

— (k05 —k6F)
J 2
1+e EX* )

—k(07—07)
1+ ew)

This implies that 8* and A are ML estimates, which is a contradiction. Therefore unique

ML estimates for both A and 6, do not exist.



Appendix B

Conductance and Influence-Capital:

Modeling Online Social Influence

B.1 Complete derivation of GIM

This section shows the complete derivation from Eq. (3.2) to Section 3.3.3, both shown in

the main text.

We define the influence of a tweet given the diffusion scenario G, as:

e(uilG) = Y 0(i,419) (B.1)
v;eV(9)
where V(G) is the set of nodes in G, and we denote as 0(i, j|G) := ¥(G;—;) the influence-
capital distribution along a path. We start from the definition of GIM given a retweet
cascade (main text Eq. (3.2)):

Z Z gz%] \I/(gz%])

ti>t;
geT t;> Conductance Capital Distrib.

=Yr©@ Y 97,J|g > P (G)e(vilG) (B.2)

GeT v;eV(G GeY
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Notably, due to the factorial number of diffusion scenarios in T, computing the influence

for each graph is intractable.

Incremental construction of diffusion scenarios. We leverage the independent cascades
assumption (see Section 3.2) to construct an efficient influence computation that overcomes
intractablility. The key observation is that each tweet vy is added simultaneously at time
ti to all diffusion scenarios constructed at time t;_1. v contributes only once to the tweet
influence of every tweet found on the path to which vy is attached. The tweet influence is
computed incrementally by updating ¢(v;),i < k at each time t;. We denote by ©F(v;) the
value of tweet influence of v; after adding node vy. As a result, we only track how the tweet

influence increases over time steps, and we do not construct all valid diffusion scenarios.

GIM assumes that a user’s tweet is influenced by one of the precedent tweets, chosen
stochastically from a discrete distribution over the valid edges. Alternatively, we can
interpret that all previous tweets influence the new tweet proportionally to the same
discrete distribution (a view inline with recent findings about influence and complex
contagion). Let Yi.,_1 be the set of all possible diffusion scenarios at time t;_1, and
G~ € Y1.4—1 be one such diffusion scenario, with the set of nodes V=~ = {vy,va, -+ ,v5_1}.
When vy arrives, it can attach to any node in V —, generating k — 1 new diffusion scenarios
gj, with Vj+ =V~ U and E;r = E~ U (vj,v). We can write the set of scenarios at time
tr as:

Tiw = {GF [ < k.G € Trpa ) (B.3)
We write the tweet influence of v; at time k as:

k—1
)= > PGN)e(wilgh) =S BH N NTP(GHe(wilG)  (BA4)

GteTik G €T 11 J=1

Attach a new node v,. We concentrate on the right-most factor in Eq. (B.4) — the tweet
influence in scenario g;f. We observe that the terms in Eq. (B.1) divide into two: the paths

from v; to all other nodes except vy (i.e. the old nodes) and the path from v; to vg. We
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obtain:
p(uilG) = D 06,1G)) + 00, kIG])
'Uleg;—
I>i,lk
Note that a path that does not involve v has the same influence capital contribution in gj

and in its parent scenario G, i.e. 0(i, l|g;-’) =0(i,1|G7), for I > i,and | # k. We obtain

p(uilG) = > 0(i,11G7) +0(i, k|GH) =T BV o(ui|G™) + 6, k|G])  (B.5)

v EGT
1>

Combining Eq. (B.4) and (B.5), we obtain:

k—1
dwy= 3 PG [sowg) o, krgﬁ}

G=€T1—1 J=1

k—1 k—1
= > elG)D PyGH+ D D PG, kIGH) (B-6)

G=€T1:k1 Jj=1 G=€T 141 J=1

A Mk

Tweet influence at previous time step t;_;. Given the definition of g]‘f in Eq. (B.3) and
the independant cascades assumption, we obtain that ]P,Y(Qj) = IPW(Q_)p;j. Consequently,
part A in Eq. (B.6) can be written as:

= 3 ewilg)PG) S b T () (B.7)
G- €T 1p—1 Jj=1

A is the tweet influence of v; at the previous time step t._;. Note that 25;11 p;-k =1

because vy, is necessarily the direct retweet of a previous nodes v;,j < k of the retweet

cascade.
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Contribution of v;. With A being the influence of v; at the previous time step, intuitively

myy, is the contribution of vy to the influence of v;. Knowing that:

P, (G}) = P, (G7)p); and

0i, k|GF) = ©(Ginsj)mj = 0(i, IG5l = 0(i, |G )7

we write m; as:

mip = Y ZIP P00, 51G )
G- ET11¢71] 1
k—

Z Pk Tk Z P (G7)0(i,j1G7) Zp]kﬂ-]kmlj cf.3.33

J=1 G=€T1.p1

B.2 Efficient computation of GIM

We define two matrices. First, the transfer matrix T' = [p] j* mi;], where the element p;j is
the probability that tweet v; is a direct retweet of tweet v; (defined in Eq. (3.3)) and m;;
is the proportion of capital transfered from v; to v;; Second, the influence accumulation
matrix M = [m;;], with m;; defined in Eq. (3.3.3) is the contribution of v; to the influence
of v;. For each column j of M, we compute the first j — 1 elements by multiplying the
sub-matrix My ;1 1. ;-1 with the first j — 1 elements on the 4t column of matrix T, the
Jj-th element is m;;, and the remaining elements are 0. The computation of matrix M

finishes after n steps, where n is cascade size.

B.3 Value-Allocation Scheme

Value-allocation schemes over networks are an example of fair division games, concerned
with how to allocate the value generated by a network of players among the players; for
example, the allocation of advertisement revenue over a chain of marketers, or the allocation
of utility revenue across a network of electricity infrastructure providers. Allocation scheme

literature generally aims to understand the stability, efficiency, and fairness of network
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formation (usually in cooperative undirected networks). Our paper is concerned with the
allocation of influence-capital in a non-cooperative setting over an ad-hoc directed-acyclic
diffusion graph. The seminal work of Jackson and Wolinsky [117]’s Connections game
defines the utility of a player as the sum of benefits to all other players decayed by the

length of the path between them minus the cost of maintaining direct links for the player.






Appendix C

Practical Guidelines for Ideology
Detection Pipelines and

Psychosocial Applications

Appendices

This document accompanies the submission. The information in this document complements
the submission and is presented here for completeness reasons. It is not required to

understand the main paper or reproduce the results.

C.1 Dataset Collection Details

#QandA. We collect discussions related to the Australian panel show Q+A [209], where
panelists (public figures, politicians, and experts) answer curated audience questions.
Twitter participation is encouraged in airings. We collect #QandA using the filter keyword

ganda during January-December 2020.

# Ausvotes. We collect discussions about the 2022 Australian Federal election, tracking

the lead-up and aftermath. It follows the major parties and their leaders: the left-leaning

129
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Australian Labor Party led by Anthony Albanese and the right-leaning Liberal-National
Coalition led by Scott Morrison. We collect #Ausvotes using the keywords auspol and
ausvotes, and for mentions of @ScottMorrisonMP, @AlboMP, and @AusElectoralCom,
between 9 May and 15 June 2022 (the elections occurred on 21 May).

#Socialsense [10] features discussions related to the Australian Black Summer bushfires,
which gathered discourse concerning climate change, and contains far-right opinions.
#Socialsense contains 90 days of Twitter and Facebook discussions, from 1 November to

29 January 2020.

Riot [192] features discussions about the January 6th US Capitol Insurrection, including
election fraud and insurrection topics. The dataset spans 6 January to 1 February 2021
and was collected with the filter keywords TrumpRally, Democracy, USCapitol, Capitol,
DCProtests, and AshliBabbit.

Parler [193] features discussions about the US Capitol Insurrection from Parler. We collect

all posts emitted during the day of 6 January 2021.

C.2 All UUS/UUS+ Metrics

Thi section shows all possible runs for the UUS and UUS+. We notice that in many
instances UUS fails to seperate clusters, and even in instances where seperation can be
achieved many suffer from poor performance. This shows that these techniques lack

robustness for more difficult datasets.

C.3 Left-Right Annotation Procedure

Ideology is the subject of considerable subjectivity, not only because experts have their
own ideology, but because annotators are often unclear as to what evidence is permissible

for use. For this task we issued the following guidelines to annotators:

It is not always clear what should count as an ideological signal. For our

purposes, we will include the following as signals of ideology:
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TABLE C.1: All Baseline Performances. The table shows to performances for all
combinations of the UUS and UUS+ baselines.

Representation Active Users | F1-Macro AUC ROC uus F1-
Macro

H 500 0.37 0.68 0.37
H 1000 - - -

H 5000 0.37 0.54 0.37
HR 500 - - -
HR 1000 - - -
HR 5000 0.89 0.92 0.85
R 500 - - -

R 1000 - - -

R 5000 0.93 0.93 0.87
T 500 - - -

T 1000 - - -

T 5000 - - -
TH 500 0.4 0.58 0.54
TH 1000 - - -
TH 5000 0.92 0.91 0.87
TR 500 - - -
TR 1000 - - -
TR 5000 - - -
TRH 500 - - -
TRH 1000 - - -
TRH 5000 0.41 0.75 0.36

e If a target user promotes/retweets someone or an organisation with a
known ideological affiliation, you may assume that the target endorse
them. For example, if a target user retweets a labor MP then you can

label the user as ’left’.

e If a target user, has a stance against someone with a known ideological
affiliation, then you might infer that the target user’s ideology is the
opposing ideology. For example, if a target user calls a labor MP an insult,

then you can label the user as 'right’.

o If a target user expresses a view about a issue related to an ideology, you
can infer the user’s ideology. For example, if a user supports LGBTQ or
environmental issues, then (if there is enough evidence) you may label

them as ’left’.
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Ficure C.1: Most ideology proxies do not generalize across contexts. The x-axis

shows four contexts that vary in time (77 and T3), country (Australia and USA), and

platform (Twitter and Facebook). The y-axis show four proxies: endorsing political parties

or political figures, using politically charged hashtags and the consumed media slant. The
green dashed boxes indicate whether a proxy is applicable across contexts.

These guidelines aim to increase the clarity of the annotation task. In countries where po-
litical affiliation is obvert (e.g. the united states), this labelling task is often unambiguous;
however, in Australia ideological signals are often implicit. The full annotation brief-
ing material is available in the code repository [https://github.com/behavioral-ds/

ideology_prediction].

Context-Transfer Illustration

Fig. C.1 further illustrates the difficulty with utilizing particular proxies as ground truth. We
observe that some ideological proxies are consistent across only some contexts (represented

by the dashed green boxes). For example, #RoboDebt (in relation to an Australian incident)
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Appendiz C. Practical Guidelines for Ideology Detection Pipelines and Psychosocial
Applications 133

.com
tonpost.com
dian.com
ly.com.au
.go.com
ge.com.au

saturdaypaper.com.au
.ca

ajplus.net
vice.com
atimes.com
abc.net.au

I mashable.com

vox.com

I aljazeera.com

yt

Inews.yahoo.com

citynews.ca

uk

cal

call

aull

aull
aol.comill
.com.aulll

|

au

au I

au I

uk I

foxnews.com

.comill

I 1 0daily.com.au

itv.com|

newsletter.co
perthnow.com

I cbsnews.com

Ideology Score
raph.co.uk Il

t ?an.com.au-
nationalpost.com Il

vancouversun.com

I walesonline.co.uk
I channel5.com
I metro.co.uk
I macleans.ca
——ft.com
I irishnews.com
I mirror.co.uk
I thenewdail
I economist.com
I abcnews
I thea
chc
s buzzfeed.com
breitbart.com I

ctvnews.
globalnews

couriermail.com
nine.com

thesun.co
heraldsun.com

news.com.

[ the,
I
[

I msnbc.com
7news.com.

news.sky.

express.co

tele

theausts
skynews.com

I crikey .com.au
I theconversati
[ occupydemocrats.com
I channel4.com
I indy 100.com

dailytelegraph

KR

e heraldscotland.com
. upworthy.com

[ scotsman. com
[ Unkee. com

FicUure C.2: Media Publication Slants. The plot shows the slants of Media Publica-
tions, as averaged over the year, country, and source point estimates.

is not relevant to the USA and did not exist before 2016; and, although @MittRomney

signaled right-wing ideology in 2012, the right has shifted since Trump’s election.

Prior ideology detection techniques fail to easily context-switch and cannot be readily

applied to multiple distinct domains.

Media Publication Slants

The media slant scores are shown in Fig. C.2, where we observed publications like Breitbart

and For News are extremely right-leaning, and Voxr and NYTimes are left-leaning.

Cognitive Distortions Schemata Prevalence

Fig. C.3 shows the prevalence of all twelve cognitive distortions in each of the ideological
groups, for #QandA. Note that many CDS n-grams are extremely rare (or do not appear),
namely; emotional reasoning and mental filtering. In several CDS the left exhibit higher
prevalence, such as catastrophizing, fortune-telling, disqualifying the positive, and should

statements.
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FIGURE C.3: CDS Prevalence

Flag Emoji Hurdle Model

For completeness, we present the results of the hurdle model (used to model zero-inflated
count data, such a tokens in a corpus). The hurdle model is a mixed model, comprised of
a logistic regression to model the presense of no emoji, and a truncated poisson with log
linkage, to model the count of the emoji. Fig. C.4 shows the coefficients for each model,
including the reference groups. &8 is observed more for far-right users in both the zero
and the count models. The count models for the other flags show mixed results and not

significant.

Precision-Recall of Pipelines

Fig. C.5 shows precision and recall for every lens combinations and proxy.

Predicted Label Distribution

Table C.2 shows the distribution of predicted labels, to provide context for the psychosocial

analysis.
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FIGURE C.4: Hurdle Model

Dataset Profiling

Activity levels are often a concern for ideology detection frameworks, given that low-activity
users reveal few signals of ideology. Fig. C.6 shows the distribution of activity for users for
each dataset. It shows long-tailed activity distributions and the proportion of low-activity
users. Riot shows a significant proportion of low-activity users, who're often difficult to

classify.
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FicUure C.5: Precision-Recall. The plot shows the macro-averaged precision and recall
of pipelines, trained with each proxy (y-axis) and each feature set (colors), probability
calibrated with the hold-out validation set for F1l-macro scores.
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TABLE C.2: Distribution of Predicted Labels. The number of users predicted to be
in each class (rows) for each dataset (columns). Note that for many datasets there is a
significant imbalance toward the left (except Parler which is a right-leaning platform).

@
o) > <
g Z 8 - g
o < A el g
$= S8 S8 = o
Left 80,375 189,233 48,056 339,095 293
Neutral 21,176 79,221 604 227,839 48,829
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FIGURE C.6: Activity Distribution. The log-log ECCDF distribution of activity
(number of posts per user) for each dataset.

Exhaustive Psychosocial Analysis
Grievance

This section shows the difference between ideological groups in terms of grievance categories

for all available datasets.
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MFT

This section shows the difference between ideological groups in terms of moral foundations

for all available datasets.
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Birdspotter: A Tool for Analyzing
and Labeling Twitter Users

Accompanying the submission Birdspotter: A Tool for Analyzing and Labeling Twitter

Users.

D.1 Additional Related Work

In this section, we outline other approaches to bot detection and influence measurement in

the literature.

Detecting Twitter bots. There have been a myriad of approaches to detect bots on
Twitter. There are three motifs within the literature. The first motif are supervised methods
used to determine if an individual user is a bot, usually employing feature construction.
Such approaches include NLP approaches [210, 211], deep-learning approaches [212], feature-
engineering [197, 213, 214] and other methods [215, 216]. The second motif are unsupervised
methods used to discover coordinated online behavior/real-time online campaigns; and
the third motif are adversarial methods which achieve better bot detection by generating

better bots.

141
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birdspotter falls in the first category. It uses a supervised approach to retrospectively
analyze datasets. It satisfies a different use case than coordinated online behavior tools like
BotSlayer [217]. Adversarial approaches are fairly novel, however it is unclear whether

they might simply improve bot technology, as they provide recipes to build better bots.

The de-facto bot detection tool in the social science community is Botometer (formerly
BotOrNot) [197], which uses more than 1000 user- and recent activity-related features to
train a Random Forest classifier. Botometer is currently at version 4, at the time of writing,

and serves half a million queries a day [196].

The main limitation of botometer for practitioners is its dependence on an online API. It
cannot be used to profile the users in offline Twitter datasets which have been collected
in the past (like used in many works [218-220]). Furthermore, the API is rate-limited by
Twitter, and requires registration through both Twitter and RapidAPI service. For scientific
purposes, botometer makes local reproducibility difficult to achieve, since deactivated,
protected, and suspended users can no longer be retrieved, and botometer scores are likely

to vary with user activity and botometer versioning.

Birdspotter addresses the above-stated shortcomings by producing bot predictions on
already collected T'witter dumps, and exposing a simple interface to allows researchers to

annotate their own Twitter user collection.

Tools for quantifying online influence. There are many features used to score the
influence, reputation or popularity of online users. We delineate these into three areas:
those using static user attributes (including lexical features and information on a user’s
profile) [198], those that analyze the online social graph (e.g. degree, PageRank, HITs,
etc.) [3, 199], and those modeling information diffusion [200]. However, few of these have
translated into accessible tools for the non-experts in the field. For instance, Cossu et al.
[198] provide a set of scripts to perform their influence measurement method. Other tools,
like ConTinEst [87, 201], require knowledge of the social graph (which is often prohibitively
expensive to obtain) on which it performs random walks (which are very slow on large social
graphs). Birdspotter estimates user influence from reshare dynamics, in the absence of
knowledge about the social graph, and provides an end-to-end tool to analyze Twitter

users.
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D.2 Influence measure

We review the theoretical prerequisites concerning modeling reshare cascades using point

processes, and estimating reshare influence.

Reshare cascades. birdspotter analyzes the spread of online information in the form of
online reshare cascades. A reshare cascade consists of an initial user post and some reshare
events of the post by other users. On Twitter, for example, this can happen when users use
the retweet functionality. We denote a cascade observed up to time 1" as H(T') = {to,t1,...}
where t; € H(T) are the event times relative to the first event (to = 0). We denote cascades
with additional information about events — dubbed here as event marks — as marked
cascades. We use the notation H,,(T) = {(to, mo), (t1,m1), ...}, where each event is a
tuple of the event time and the event mark. For example, for retweet cascades, the numbers

of followers of a Twitter user are commonly adopted as event marks [66, 98, 221].

The Hawkes processes. birdspotter models reshare cascades using Hawkes pro-
cesses [100] — a type of point processes with the self-exciting property, i.e., the occurrence
of past events increases the likelihood of future events. The occurrence of events in a

Hawkes process is controlled by the event intensity function:

At | H(T)) = p(t) + Y o(t —t) (D.1)

ti<t
where pu(t) is the background intensity function and ¢ : R™ — R™ is a kernel function
capturing the decaying influence from a historical event. We note that, for reshare cascades,
all events are considered to be offspring of the initial event, i.e. there is no background event
rate u(t) = 0. Two widely adopted parametric forms for the kernel function ¢ include the

exponential function ¢px p(t) = khe % and the power-law function ¢py (t) = k(t+c)~ 110,

Marked Models. birdspotter implements marked versions of the point processes, where
the mark is the number of followers that the user emitting the tweet has. This is because the
mark of each event governs the number of future events, e.g., a tweet from a largely followed

user is likely to attract more retweets. The marked versions of Hawkes processes [66] are
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then derived by rescaling the kernel functions with the marks, i.e., ¢(m,t) = mP¢(t); 8

controls the warping effect of the mark.

User influence estimation. birdspotter adopts the following definition for user influ-

ence, widely used in literature [1, 87, 222]:

Definition 1. Online user influence p(u) is defined as the mean number of reshares
generated directly and indirectly by a message posted by u, irrespective if it is an original

message or a reshare.

Estimating influence from retweet cascades has the additional difficulty of not observing
the branching structure of the diffusion — i.e., the Twitter API attributes all retweets to
the original tweet. birdspotter estimates Twitter user influence using only the observed
retweet cascade H,, (1) = {vo = (to,m0),v1 = (t1,m1), ...}, where marks correspond to

users’ number of followers.

Rizoiu et al. [1] propose a method to estimate user influence in the absence of the branching
structure by assuming that retweets arrive following a Hawkes point process [101]. We
can quantify the probability that an event v; is generated by a previous event v; as the
ratio of the event intensity generated by v; and the total intensity at time ¢;. Formally, the

probability v; retweets v; is
ot —t)
= —
21 Ot — )

Dij (DQ)

Rizoiu et al. [1] also introduce the pairwise influence score m;;, intuitively defined as the
amount of influence that v; exerts over v; either directly (when v; is a direct retweet of v;)

or indirectly (when v; is a retweet of a descendant of v;):

—1 . .
i Mk 1<k <]
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Finally, the influence of v; is ¢(v;) = > j_; Mk, and the influence of a user u is the average

of the influences of all of their tweets:

ZvET(u) 90(1))

P = =)

(D.4)

where T (u) is the set of all the tweets emitted by user u.
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