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111 PREFACE

I would not consider myself a very ’political” person. Although I do hold political values such
as liberty, equality, or social justice, I have never fully endorsed the politics of any German party
or their solutions to domestic or global problems. I believe that many of the proposed policies
and political strategies to combat problems in our globalized, complex world will not have the
desired impact, or sometimes even unknown adverse consequences down the road. As a result,
I often found myself not having extreme opinions, and thus never really involved myself in deep
political discussions. That being said, I was always fascinated by politics. Especially today, where
our world seems more volatile and confusing than ever with pressing issues like climate change,
the rise of authoritarian leaders, widespread misinformation campaigns on social media or deeply
divided societies; there is a lot going on that I find important to think about. However, being
a psychologist by training, a distinct interest of mine has always been the individual citizen. For
instance, I was keen to understand why people cling to to certain political beliefs, even though they
sound totally irrational to me or why we know about our impact on the climate but do not behave
accordingly. In my pursuit of answers, I came across the field of Political Psychology, which seeks
to understand political events and humans as "political beings" from a psychological perspective
by exploring a wide range of research questions using diverse data sources, designs and methods
(Cottam et al., 2004). In the past decades, activities in this area have grown substantially and
revealed many insights into how political cognitions (e.g., beliefs, attitudes, ideologies) and political
bebavior (e.g., voting, policy support) are shaped. Around the same time when I was reading
studies on topics I found interesting, I got in touch with Machine Learning (A4L) models. Shortly
after, I took a few courses to understand how these models work and how they could be used
in research settings. This is when I started to see potential limitations in (political) psychology
research and how they have likely contributed to different challenges in the past years, like the
reproducibility crisis, slow theoretical advancements or ineffective political interventions. Fueled
by my changed perspective on the field and the research opportunities it unlocked, this five-year

journey began.

In this dissertation, I outline a few shifts in how research in political psychology can be con-
ducted. The first shift argues for a stronger focus on predicting political cognitions and behavior.
The second shift argues for considering the complexity of human beings and the usage of complex
ML models. Finally, the third shift argues for a more effective utilization of big(ger) datasets and

novel data sources. Across the different chapters, I discuss limitations and challenges of current



1 Preface

research practices in political psychology and present how the outlined shifts can help addressing
them, drawing primarily on recent theoretical and empirical work. Using the three manuscripts
which constitute the main contribution of this publication-based dissertation, I specifically show
how these shifts can be applied in political psychological research and how they can help to accu-
mulate domain knowledge more rapidly. In these manuscripts, I investigated three distinct topics:
1. Predicting belief in conspiracy theories, 2. Identifying person and situation-related predictors
of individual sustainable behavior and 3. Predicting individual political attitudes and behavior us-
ing social media data. Besides being suitable to illustrate the potential of the outlined shifts, these
topics have been chosen because they represent some of the most pressing issues today, answering
the increasing number of calls in recent years encouraging psychological research to address wide-
reaching societal challenges (e.g., Gruber etal., 2019; Nielsen et al., 2024). Finally, I reflect on a
potential future of political psychology with a focus on how the outlined shifts can be integrated

with current research practices to help the field advance.



] THE IMPORTANCE OF PREDICTING POLITICAL

COGNITIONS AND BEHAVIOR

As an empirical research field, political psychology (and psychology more broadly) seeks to under-
stand human cognitions and behavior through data collection and statistical modeling to develop
and test theories. In this context, two key approaches exist to guide the process of knowledge gen-
eration: The so-called explanation-oriented and the prediction-oriented approach (e.g., Shmueli,
20105 Yarkoni & Westfall, 2017). The explanation-oriented approach, which is the most com-
monly used in psychology, focuses on uncovering the underlying (causal) psychological mecha-
nisms that drive cognitive and behavioral outcomes. In this approach, researchers seck to identify
and isolate the effect of a predictor (i.e., independent variable) on an outcome (i.c., dependent
variable) of interest. This is typically done by deriving hypotheses from theory, specifying corre-
sponding statistical models and testing them using observational or experimental data (Agrawal
et al., 2020; Hofman et al., 2021; Shmueli, 2010). In contrast, the so-called prediction-oriented
approach primarily focuses on accurately predicting cognitive and behavioral outcomes. In this
approach, researchers develop, compare and select statistical models based on their capability to
accurately predict an outcome on unseen (oxt-of-sample) data, regardless of how the underlying
psychological process (i.e., predictor-outcome relationship) might look like (e.g., Hofman et al.,
2021; Shmueli, 2010). A common assumption among (political) psychologists is that this exclu-
sive focus on prediction holds little to no scientific value to inform theory - and thus for under-
standing the psychological processes underlying cognitions and behavior (Shmueli, 2010). This
might be one of the reasons why researchers have almost exclusively followed the explanation-
oriented approach in the past, although it also comes with a few limitations which have arguably
contributed to a few key challenges in current literature and practice1 (e.g., De Slegte etal., 2024;
Hofman etal., 2021; Shmueli, 2010; Yarkoni & Westfall, 2017). Based on similar arguments made
in the past, I argue that a prediction-oriented approach does offer substantial scientific value and

can help political psychology to advance as a field.

'See also chapter 4 and Manuscript I (Brandenstein, 2022) and Manuscript IT (Brandenstein et al., 2023)



1 The importance of predicting political cognitions and bebavior

The explanation-oriented approach of isolating predictor-outcome relationships has undoubt-
edly helped political psychology uncover key psychological mechanisms underlying political cog-
nitions and behavior over the years. However, as highlighted in numerous empirical and theoreti-
cal works, it also frequently produces statistical models with limited predictive performance (e.g.,
De Slegte et al., 2024; Hofman et al., 2021; Shmueli, 2010; Yarkoni & Westfall, 2017). This is due
to several reasons. First, because the main objective is to uncover underlying (causal) effects, the
model’s ability to accurately predict the outcome is not an explicit concern in the research process
(Hofman et al., 2021). Next, models developed under the explanation-oriented approach tend
to focus on simplicity and often do not account for a variety of interacting, small-effect predic-
tors which negatively impacts their predictive capabilities (more on this in the next chapter and in
Gotz et al. (2022), Hofman et al. (2021), and Shmueli (2010)). The last and more technical rea-
son is illustrated by the bias-variance-tradeoff (Yarkoni & Westfall, 2017): Bias refers to systematic
errors in the assumptions of a statistical model and it’s ability to capture important patterns (i.e.,
signal) between variables. In contrast, variance describes a model’s sensitivity to random noise
in the dataset. Importantly, by reducing a model’s bias (trying to capture more signal) we run
the chance of capturing more random noise, thus increasing it’s variance. Since the aim of the
explanation-oriented approach is to understand the underlying (causal) effects of a predictor on
an outcome, researchers tend to fit their model to a single dataset as closely as possible (e.g., by
using the ordinary least squares (OLS) criterion in regression tasks) through aligning the model
parameters with those of the theoretically-assumed data generating process (Yarkoni & Westfall,
2017). As a result, models developed under the explanation-oriented approach try to reduce bias
exclusively (Yarkoni & Westfall, 2017). This often produces high variance models that are overly
tailored to a single dataset (also known as overfitting) and thus perform poorly when predicting
outcomes on out-of-sample data.”.

But why should political psychologists care about prediction to understand psychological pro-
cesses underlying cognitions and behavior after all? First, focusing on prediction can also help
achieving reproducible results. This is because a model’s ability to accurately predict outcomes
in new, unseen data is a direct indicator of how well its results replicate (Hindman, 2015). Given
the recent "reproducibility crisis” which showed that many findings in different subfields of psy-
chology (including political psychology) consistently failed replication (e.g., Camerer etal., 2018;
Gerber etal., 2018; Open Science Collaboration, 2015; Walker et al., 2024), evaluating and prior-
itizing predictive performance may be a key step to enhance the reliability of research results and
the drawn conclusions about how cognitions and behavior work. Next, a focus on prediction -

and using more complex prediction-focused models - can help to support the generation of new

2Besides other factors, the probability of obtaining high variance models is most pronounced in cases where a dataset
is small while the number of predictors and/or model complexity is high or when the dataset contains a significant
amount of noise (e.g., Hindman, 2015; Yarkoni & Westfall, 2017)



theoretical insights and hypotheses as well as refining and advancing existing explanation-oriented
models and theories. Besides other benefits discussed throughout the next chapters, this is pri-
marily because prediction-focused models can automatically learn complex, previously unknown
relationships between predictors and outcomes that explanation-oriented models often miss (see
also Grimmer et al. (2021), Hindman (2015), and Shmueli (2010)). Next, existing psychologi-
cal theories may be evaluated by explicitly considering the prediction performance of the derived
statistical models (Shmueli, 2010). For instance, if two competing theories exist for why people
behave sustainably in their everyday life and model A (derived from theory A) clearly outperforms
model B (derived from theory B), theory A arguably provides a more accurate representation of
the psychological mechanisms driving sustainable behavior. In this regard, prediction can also
serve as a "reality check” for the utility of theoretical explanations: Arguably, even elaborate theo-
ries of psychological processes can hold little practical value if the derived statistical models cannot
predict the cognitive or behavioral outcome they aim to explain (Shmueli, 2010; Yarkoni & West-
fall, 2017). For example, if policymakers design an intervention to promote sustainable behavior
based on a psychological theory that explains why some individuals act environmentally friendly
but fails to accurately predict the behavior of most other people, the intervention is unlikely to

produce substantial large-scale changes.

Based on these considerations, focusing on prediction and obtaining models that predict well
should arguably be a key objective in political psychology. However, following the explanation-
oriented modeling approach has been - and will be - largely unhelpful in this regard due to the
mentioned limitations. To address this, political psychologist may thus shift to a prediction-
oriented modeling approach which exhibits two key features: Assessing prediction performance
during the modeling phase and using more flexible (complex) models to predict outcomes (Yarkoni
& Westfall, 2017). To assess prediction error, researchers use model evaluation techniques such
as cross-validation (CV") or train-test-splits (setting a part of the full dataset aside to evaluate a
fitted model on). These techniques allow researchers to reliably estimate a model’s reproducibil-
ity potential without extra data collection, provide guardrails against overfitting, help to select
among competing models and also reduce the potential for problematic analytical procedures of-
ten found in the explanation-oriented approach (such as p-hacking) (Yarkoni & Westfall, 2017).
However, these techniques do not improve prediction performance themselves. Therefore, re-
searchers often deploy complex and flexible ML models in the prediction-oriented approach. This
is because - in comparison to explanation-oriented models - ML models are designed and opti-
mized for prediction. One key advantage of ML models is that their bias - and thus the bias-
variance ratio - can be freely adjusted, which is also known as regularization. Notably, introduc-

ing bias into a model often reduces prediction error the most (Yarkoni & Westfall, 2017). This



1 The importance of predicting political cognitions and bebavior

is one of the reasons why ML models have been shown to deliver more accurate predictions and
reproducible results across different research areas in comparison to unbiased models such as OLS
regression (Hindman, 2015; Yarkoni & Westfall, 2017). As mentioned before, another important
hallmark of many ML models is their ability to capture complex relationships between predictors
and outcomes which often increases prediction performance even more. In the next chapter, I
further elaborate on this feature and demonstrate the unique potential of ML models to gain a

deeper understanding of how political cognitions and behavior might work.
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2 DARING MORE COMPLEXITY - HARNESSING
MACHINE LEARNING MODELS IN POLITICAL

PSYCHOLOGY

Humans are complex creatures. Researchers across different subfields of psychology have ac-
knowledged the multi-causality of our psychological world and that cognitions and behavior are
shaped by an intricate interplay of different psychological, social, cultural, and environmental fac-
tors (e.g., Gotzetal., 2022; Hofman et al., 2021). Political psychology also reflects this view, with
research highlighting that cognitions such as political beliefs and ideology or behaviors such as
climate action are likely influenced by multiple, interacting factors (e.g., Feldman & Johnston,
2014; Kollmuss & Agyeman, 2002; Van Valkengoed & Steg, 2019). However, the statistical mod-
els and analysis strategies used by political psychologists to study such complex outcomes are still
rather simplistic. Notably, this mismatch may lead to undesirable consequences for theory and
practice. In accordance with previous considerations, and to address this, I argue that researchers
should explicitly account for the multitude of influencing factors and their complex interplay
when studying political cognitions and behavior, which may best be achieved by using ML mod-

els.

As noted in the previous chapter, following the explanation-oriented approach in political psy-
chology often causes researchers to focus on just one or a few predictors of political cognitions and
behavior ata time. Crucially, this can not only lead to models with low predictive accuracy but also
potentially misguided conclusions about the relative importance of the studied predictors (e.g.,
Gotz et al., 2022; James et al., 2013, pp. 71-74). To illustrate this, consider the example of a re-
searcher interested in predictors of pro-environmental behavior: They might theoretically assume
that individuals who hold pro-environmental attitudes and values travel by car less often. To test
this assumption, they collect a dataset measuring these variables, analyze their relationships using
a statistical model (e.g., OLS regression) and may initially conclude that pro-environmental atti-
tudes and values are associated with reduced car usage. However, they might later find that these
effects diminish considerably when also accounting for infrastructural barriers to public trans-
portation (P7’) such as increased travel time or perceived stress. Notably, this pattern would have
remained undetected if the additional predictors were not included in the model. This isolation-

focused analysis strategy in many studies may also lead to undesirable consequences in the real
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2 Daring more complexity - Harnessing machine learning models in political psychology

world: If policymakers base their regulation strategies on such results and target predictors that
only marginally contribute to a behavior (like environmental attitudes and values in this exam-
ple), it may come to no surprise that the implemented measures fail to reach the desired impact
in the real world' (e.g., Abou-Zeid et al., 2012; Gotz et al., 2022; Van Valkengoed et al., 2022).
Next, even if studies do account for a multitude of potential predictors when studying pressing
political issues such as environmental behavior or belief in conspiracy theories, they mostly use
explanation-focused linear models such as OLS (e.g., Hunecke et al., 2007; Swami et al., 2011).
Besides an increased risk to overfit such models and obtain unreliable results in this scenario (see
chapter 1 and Hindman (2015) and Yarkoni and Westfall (2017)), such models can easily miss im-
portant patterns underlying political cognitions and behavior. Coming back to the example of
car usage: Individuals may be willing to switch to public transport if the time difference is mini-
mal, but become increasingly unlikely to do so as additional travel time grows (a non-linear effect).
Similarly, the effect of pro-environmental attitudes on car use may be observable when the time
cost of public transport is low, but may disappear when costs are high (a moderating effect). In
this example, a researcher using a simple, explanation-focused OLS model would not only miss
the non-linear effect but would also need to anticipate the interaction effect in advance in order to
capture it. Although it is possible to formulate non-linear models or specify interactions between
predictors in explanation-focused models (see for example Imhoff et al. (2022)), anticipating and
testing all potential predictor-outcome relationships quickly becomes unattainable with an in-
creasing number of predictors in a model (Agrawal et al., 2020). Thus, researchers may be more
likely to miss such effects which can impair the discovery of important psychological processes
underlying political cognitions and behavior' (e.g., Grimmer et al., 2021).

Based on these considerations and similar previous arguments (e.g., Gotz et al., 2022; Grimmer
etal., 2021; Hindman, 2015), political psychologists should consider accounting for a wider range
of potential predictors and their interactions when studying political cognitions and behavior.
An ideal candidate to achieve this are prediction-focused ML models. This is because many ML
models, such as Random Forests, not only offer bias-adjustable properties that increase predictive
performance and reliability of results (see chapter 1), but also have the ability to automatically cap-
ture complex, non-linear relationships between predictors and outcomes (e.g., Breiman, 2001; De
Slegte et al., 2024; Grimmer et al., 2021). These features help to identify the most important, ro-
bust predictors of cognitive and behavioral outcomes while also uncovering complex underlying
relationships with ease (e.g., De Slegte et al., 2024; Grimmer et al., 2021; Hindman, 2015). Similar
to the prediction-oriented approach in general, a common assumption is that while ML models
are powerful predictive models, they are practically useless to inform theory (e.g., De Slegte et al.,

2024). ML models are often considered "black box models” whose internal mechanisms cannot

'See also chapter 4 and Manuscript I (Brandenstein, 2022) and Manuscript IT (Brandenstein et al., 2023)
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be interpreted, rendering them unsuitable to learn about psychological processes underlying cog-
nitions and behavior. Although this assumption has some merit to it, a lot of progress has been
made in the past years to enable and improve the interpretability of ML models (for an overview,
see Molnar (2022)). An increasingly popular tool are so-called model-agnostic interpretation tech-
niques (e.g., SHAP, permutation feature importance, ALE/dependence plots) which can be used
to interpret any ML and traditional statistical model. Such techniques allow researchers to analyze
different model properties and gain deep insights into the captured predictor-outcome relation-
ships. These include, for instance, the overall importance and interactions of predictors or their
relationship type, strength and direction with the outcome (Molnar, 2022). This allows ML mod-
els to be used not only for predictive tasks but also in a more explanation-oriented manner, such
as evaluating and refining theories (e.g., Agrawal et al., 2020; De Slegte et al., 2024; Fudenberg
& Liang, 2020). Another misconception is that ML models only work with large datasets. Al-
though ML models provide specific advantages when dealing with large datasets (more on this in
the next chapter), the benefits of many ML models can - ironically - often be the most pronounced
in smaller to medium-sized datasets (Hindman, 2015). For instance, regularized linear ML models
(e.g., Ridge, Lasso) often perform much better than their traditional counterpart (i.e., OLS) while
making effective use of smaller datasets and remaining inherently interpretable (see Manuscript I
*and I1° and Hindman (2015), Molnar (2022), and Yarkoni and Westfall (2017)). Even though
data sparsity has long been common in the social sciences, the availability of larger datasets from
various sources is becoming increasingly prevalent, especially in political psychology. Therefore,
the next chapter elaborates on how such large datasets are currently used in the field and discusses

several ways to improve their utilization and potential information gain.

*Manuscript I: Brandenstein (2022)
3Manuscript II: Brandenstein et al. (2023)
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3 THE ADVENT OF DATA ABUNDANCE -
UTILIZING LARGE DATASETS AND NOVEL

DATA SOURCES TO THEIR FULL POTENTIAL

For a long time, researchers in psychology and other social sciences have been afflicted by data
sparsity. Conducting experimental and observational studies often comes with high financial and
labor costs which limits researchers’ ability to collect larger samples (e.g., Dong & Lian, 2021).
Also, open access to and availability of existing datasets was restricted for a long time. Although
little has changed for conducting tailored, controlled lab experiments, the internet and progress in
open science practices (i.e., data sharing) now provides political psychologists with more data than
ever: Today, datasets are not only more accessible but have also drastically increased in size (De
Slegte et al., 2024). For instance, longitudinal panel studies such as the as the American National
Election Studies (n.d.), the European Social Survey (n.d.) or surveys on specific topics collected
though international, collaborative efforts (e.g., Imhoff et al., 2022; McBride et al., 2021) now
incorporate thousands of samples and a multitude of variables relevant to political psychological
research questions. Besides survey datasets, novel data sources like digital trace data (D7D, e.g.,
website activities and browsing behavior) or social media data (SMD, e.g., network structures or
individual posts) have emerged in recent years, potentially offering new ways to address research
questions (e.g., Rafaeli et al., 2019). However, despite some progress made in recent years (e.g.,
De Slegte et al., 2024; Grimmer et al., 2021), I argue that many political psychologists still fail to
tully tap into the potential of today’s data abundance. That is, most studies neither account for

nor leverage the complexity of large (survey) datasets and under-utilize novel data sources.

Nowadays, an increasing number of studies in political psychology use large survey datasets
(like the ones mentioned before) to address their research questions - and for good reason. First,
using large sample sizes provides a natural antidote against overfitting, leading to a more realistic
picture of singular predictor effect sizes for an outcome (e.g., De Slegte et al., 2024; Grimmer et
al., 2021; Yarkoni & Westfall, 2017). On a similar note, many large survey datasets are collected in
a way to ensure representativeness of the sample, enabling researchers to derive conclusions on a
population level. Arguably, one of the greatest advantages of using large survey datasets is their po-
tential to accelerate scientific discovery (Grimmer et al., 2021). The multitude of variables across

diverse topics and large sample sizes enables researchers to perform complex, in-depth analyses of
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3 The advent of data abundance - Utilizing large datasets and novel data sources to their full
potential

potential predictor-outcome relationships (e.g., Agrawal et al., 2020; Grimmer et al., 2021). In
turn, researchers can be much faster in developing and testing psychological theories than it would
be possible with individually collected small-scale datasets (e.g., Agrawal et al., 2020; De Slegte
et al., 2024; Yarkoni & Westfall, 2017). Arguably, however, many studies in political psychology
still miss out on this unique potential. As mentioned in the previous chapters, most researchers
continue to focus on just one or a few predictors of political cognitions and behavior at a time,
even when working with large survey datasets. While doing so can still be useful to test specific
hypotheses, such restrained use of rich data sources significantly limits the ability to explore and
uncover intricate, previously unknown variable relationships which could potentially help to gain
further insights into political cognitions and behavior (e.g., Agrawal etal., 2020; Grimmer et al.,
2021). Also, researchers might still miss the bigger picture of how important different predictors
are for cognitive and behavioral outcomes when only analyzing a small subset, as noted in the
previous chapter. Importantly, utilizing large datasets to their full potential may also call for the
application of complex ML for other reasons. This is best illustrated when considering the poten-
tial benefits and analytical challenges associated with datasets from novel sources like DTD and
SMD. Arguably, SMD in particular can offer unique possibilities to address research questions
and provide a few key advantages over laboratory and survey data, which is why they have gained
more scholarly attention in recent years (e.g., Dong & Lian, 2021; Rousidis et al., 2020). SMD
offer a plethora of information on individual citizens (users) such as posts, likes, followed accounts
and other meta-data. In comparison to other data sources, these measurements capture sponta-
neous, unsolicited expressions and behavior which enables researchers to conduct ecologically-
valid, real-time analysis of political cognitions and behavior (e.g., Reveilhac et al., 2022; Schober
et al.,, 2016). Additionally, the pool of potential study subjects is very large with more than 5
billion users across platforms worldwide (Kemp, 2024). These and many other features of SMD
have enabled researchers in social science to address research questions of high societal relevance in
previously infeasible ways, such as predicting public opinion and electoral outcomes (e.g., Skoric
etal.,, 2020), monitoring and understanding the spread of misinformation (e.g., Gonzélez-Bailén
et al., 2024) or studying mechanisms of political polarization in social networks (e.g., Bail et al.,
2018; Nyhan et al., 2023). Notably, the unique advantages of SMD also pose some methodolog-
ical challenges at the same time. Large corpora of text-based posts, network information or other
meta-data from millions of users come in an unstructured format and can be very disorganized,
which requires a lot of pre-processing, computational resources and multiple analysis steps to ex-
tract the desired information from (e.g., Abbas, 2021; Reveilhac et al., 2022). Although some
of these features also apply to survey data (e.g., large sample sizes or unstructured data types like
open field responses), the unique combination of challenges associated with handling SMD may

be one of the reasons for why SMD have not been widely adopted in political psychology (see
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Dong & Lian, 2021, for a recent overview of previous use cases). However, using ML models can
once again help to make eftective use of such complex data types and facilitate the analysis process
of SMD in multiple ways. First, contemporary ML models, such as large language models (e.g.,
GPT) or other types of deep neural networks, can automatically extract and analyze meaning-
ful and complex features from data without relying on manual coding or traditional rule-based
modeling (e.g., Hankar et al., 2025). This enables them to, for instance, identify sentiments and
topics in texts or intricate relationships between individuals in a network with a level of contex-
tual understanding that exceeds what most traditional approaches and models can achieve' (e.g.,

Hankar et al., 2025). Moreover, many contemporary ML models are designed to efficiently scale
to large data, and can also integrate multiple complex and time-consuming steps of the analysis
process like cleaning, dimensionality reduction, feature extraction and pattern recognition into a
single pipeline which further reduces the demand for domain knowledge or data processing abili-
ties (e.g., Mu etal., 2024; Mumuni & Mumuni, 2025). Unsurprisingly, an increasing number of
studies that do use SMD to address research questions are also using ML models for these reasons

(see T.K. etal., 2021, for an overview of recent applications and used models).

'See also Manuscript III: Brandenstein et al. (2024)
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4 SHOWCASING THE POTENTIAL OF MACHINE
LEARNING IN POLITICAL PSYCHOLOGY:

THREE ORIGINAL MANUSCRIPTS

In the previous chapters, I outlined three shifts in how research in political psychology can be
conducted: 1. Focusing on prediction, 2. Harnessing complex ML models and 3. Utilizing large
datasets and novel data sources to their full potential. Using previous theoretical reflections and
practical examples, I illustrated the potential of each shift and discussed how they can address lim-
itations of current approaches. As noted previously, these shifts have not yet been widely adopted
in political psychology, although recent progress has been made both within the field and in re-
lated disciplines, such as political science (e.g., De Slegte et al., 2024; Douglas et al., 2023; Grim-
mer et al., 2021; Sindermann et al., 2021). To showcase their value and promote broader use, I
demonstrate how they can be applied in political psychology research using the three manuscripts
underlying this publication-based dissertation. In these manuscripts, I investigated topics of high
societal relevance such as conspiracy theory (CT') beliefs, sustainable behavior and social media
behavior and aimed to contribute to the understanding of potential psychological mechanisms
underlying these cognitions and behavior.

In Manuscript 1 ', I analyzed psychological predictors of CT beliefs. Notably, no extensive
theory on CT belief susceptibility exists yet and many previously investigated predictors differ in
their strength - and even direction - of association with CT belief across studies. In this situation,
using a prediction-oriented approach and ML models could help to obtain more reliable results
of how the different predictors relate to CT belief (see chapter 1 and 2) which - in turn - may help
political psychologists to progress in theory development. To achieve this, I used a medium-sized,
representative dataset of more than 2000 UK citizens which was part of a larger, pre-existing panel
study. This dataset included a variety of variables, including most of the previously investigated
psychological predictors of CT belief as well as an established measurement of CT belief. Ana-
lyzing the data, I employed a linear OLS regression, a regularized (linear) Ridge regression (RR)
and a non-linear Random Forest (RF) to predict CT belief from the psychological predictors
and evaluated model performance using CV. The results revealed that the RF model showed the

best prediction performance, followed by the RR and the OLS performing the worst. Also, the

1Manuscript I: Brandenstein (2022)
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4 Showcasing the potential of machine learning in political psychology: Three original manuscripts

variance in prediction performance was lower for both regularized ML models than the standard
OLS in the CV. These results supported the idea that past reliance on explanation-oriented, unbi-
ased OLS models could have contributed to poor prediction performance and thus varying results
across studies. Further, the performance increase of the complex, non-linear RF over the linear
models indicated various, interactive effects between the predictors with CT belief. To uncover
and further analyze them, I applied model-agnostic interpretation techniques (ALE plots and per-
mutation feature importance). Starting with overall predictor importance in the RF, the results
showed predictors like socio-political control, trust in official institutions or paranoid ideation to
be the most relevant. Although these key predictors aligned with those most consistently reported
across recent studies, some predictors previously identified as important showed less relevance in
my study (e.g., analytical thinking style). Analyzing the relationships between these important
predictors with CT belief uncovered several non-linear eftects. These results join the ranks of very
recent studies, showing other CT belief predictors to exhibited non-linear eftects as well (e.g.,
Imhoffetal., 2022).

In Manuscript II %, I aimed to identify key predictors of individual greenhouse gas (GHG)
emissions in everyday life. Although different predictors have been identified over the years, past
interventions and policies still failed to elicit meaningful changes. I argued that a strong reliance
on explanation-oriented modeling has contributed to misguided conclusions about the impact of
single predictors and their interaction with each other in the real-world. To address this, I applied
a prediction-oriented approach on a large, representative sample of over 10.000 German citizens
which I'surveyed on different psychological, social and situational predictors potentially affecting
sustainable behavior. I compared the prediction performance of a linear OLS and three ML mod-
els (Lasso regression, Support Vector Machine and RF) using CV as well as a separate train-test
split. The results showed that the RF model outperformed all other models in the CV and the
held-out test set. Again, the OLS performed the worst in predicting the outcome and showed the
largest prediction variance in the CV among all candidate models. Similar to belief in CTs, this
result suggested that previous explanation-oriented linear models may have missed important pat-
terns between various predictors and sustainable behavior - potentially limiting the effectiveness
of past climate action strategies. Further analyses of the best performing RF using model-agnostic
SHAP values revealed several complex relationships between difterent predictors with sustainable
behavior and helped to identify the most important predictors. Despite some notable differences,
the identified key predictors largely aligned with those most consistently reported across previous
studies, such as the importance of income or infrastructural barriers for mobility-related behav-
jor. In addition, the RF revealed multiple interaction effects between predictors, such as pro-

environmental attitudes and emotions with added travel time, as well as complex relationships

2Manuscript II: Brandenstein et al. (2023)
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between predictors with sustainable behavior such as job status and mobility related emissions.
Importantly, such intricate patterns have not been discovered or reported in previous studies.

Considering the potential of SMD and their limited utilization in political psychology men-
tioned in the previous chapter, I aimed to use network data of German Twitter (X) users to predict
individual following decisions as well as political ideology and behavior in Manuscript III °. To
achieve this, I first compiled a large dataset of over 270,000 German Twitter users, including infor-
mation on which of more than 1,400 accounts of German politicians each user followed. I then
applied a prediction oriented approach using a neural-network-based Variational Autoencoder
(VAE) ML model and an unbiased, linear Correspondence Analysis (CA) to capture important
patterns underlying these following decisions. This captured information was then used to pre-
dict following decisions for other users (out-of-sample) as well as self-reported political ideology
and voting behavior of a subsample of users. The results showed that the prediction-focused VAE
ML model outperformed the linear CA in predicting following decisions as well as self-reported
political ideology and behavior. Further, the VAE ML model captured and revealed complex re-
lationships in Twitter users’ following decisions which not only helped to improve predicting the
outcomes but also supported the "homophily assumption”, a theoretical idea for how social net-
works form. Moreover, the VAE was computationally efficient and integrated multiple analysis
steps which had to be performed manually in the CA.

Taken together, the findings from all three manuscripts demonstrate how the outlined shifts
can be applied to political psychological research and underline their potential to gain impor-
tant insights into how political cognitions and behavior can be shaped. Specifically, adopting a
prediction-oriented modeling approach not only made it possible to evaluate the reliability of ob-
tained model results and select the best performing model but also underlined the limitations of
commonly-used explanation-oriented (linear) models. The use of complex ML models allowed
to uncover intricate relationships among predictors of cognitive and behavioral outcomes and
helped to identify the most important predictors in each study. These insights can serve as a ba-
sis to further develop and refine existing theories — for example, by testing causal relationships
— and ultimately contribute to a deeper understanding of the psychological processes underly-
ing political cognitions and behavior. In turn, this may also help inform practice, such as guiding
policymakers in designing more effective interventions targeting key determinants of political cog-
nitions and behavior. As described in the manuscripts, these findings were largely derived using
large, information-rich datasets, two of which were openly accessible 13 In this context, the re-
sults of the third manuscript * particularly highlighted the unique potential of social media data

as a novel data source for studying political cognitions and behavior.

3Manuscript IIT: Brandenstein et al. (2024)
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S A POTENTIAL FUTURE OF POLITICAL

PSYCHOLOGICAL RESEARCH

In this dissertation, I outline several shifts to accelerate the knowledge generation process in po-
litical psychology and showcased their potential using the three underlying manuscripts in the
previous chapter. While these shifts offer notable benefits, they also come with limitations that

political psychologists should take into account when considering their adoption.

In the first chapter, I discussed the potential of focusing on prediction and incorporating a
prediction-oriented modeling approach into political psychological research. Although doing so
can provide considerable benefits, as shown in the previous theoretical works and my studies, this
does not imply that political psychologists should abandon the explanation-oriented approach al-
together. After all, explanation-oriented approaches such as controlled experimental studies to
isolate causal effects or theory-driven hypotheses testing have undoubtedly helped political psy-
chology to advance significantly and not only remain crucial for a deeper understanding of politi-
cal cognitions and behavior but can help policymakers to design policies and regulation strategies
(Hofman et al., 2021; Yarkoni & Westfall, 2017). However, researchers could certainly benefit
from incorporating prediction-oriented practices — such as model evaluation techniques (e.g.,
cross-validation) or using biased versions of their frequently used models (e.g., regularized regres-
sion or multilevel models) — into their current workflow since they can be easily integrated and
meaningfully address some of the discussed challenges associated with the explanation-oriented
approach (Yarkoni & Westfall, 2017). A recent perspective article has also considered the poten-
tial of integrating and combining the prediction- and explanation-oriented approach more di-
rectly (Hofman et al., 2021). In detail, a combined approach would aim to predict an outcome
in changing situations - such as the spread of (mis-)information that has been experimentally ma-
nipulated beforehand - which would enable researchers to identify predictive causal explanations
of an outcome (Hofman et al., 2021). Another possibility of integrating both approaches was
proposed in a recent study on moral dilemmas (Agrawal et al., 2020): The authors first deployed
a complex ML model to reveal how well decisions in moral dilemmas are predictable, and then
refined simpler, theory-driven models by comparing them to the ML model. The ultimate goal
was to improve the simple model based on theory until it matched the ML model’s predictions

to maximize both explanatory and predictive power. Although more research is needed in this
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5 A potential future of political psychological research

regard, such first ideas are exciting news and may help political psychology to acquire knowledge

much faster by harnessing the unique advantages of both approaches.

In the second chapter, I aimed to highlight the complexity of our psychological world and argued
for accounting for the multitude of influencing factors when studying political cognitions and be-
havior. Concurrently, I showed that ML models ofter the most effective means of capturing this
complexity and thus argued for their increased utilization in political psychology. Although fol-
lowing these recommendations can provide a lot of benefits, as discussed and shown throughout
this dissertation, there are a few considerations to keep in mind. First, analyzing the influence of
multiple predictors does not warrant to blindly include any predictor in a model for the sole pur-
pose of improving its predictive capabilities. In this regard, political psychologists should also be
aware of other potential pitfalls like the unsuccessful separation of predictors and outcomes (e.g.,
Brandenstein et al., 2025). To deal with this, researchers could evaluate the suitability of predic-
tors prior to the modeling stage by using theory and (if available) previous study results as a guide-
line to select potential predictors (e.g., Elhai & Montag, 2020; Hofman et al., 2021); an approach
which I also followed in my manuscripts. These recommendations present yet another way how
explanation-oriented and prediction-oriented research practices could be integrated more closely.
Next, political psychologists aiming to use ML models in their studies should consider a few points
to maximize their potential and avoid drawing misguided conclusions. First, researchers should
avoid deploying a single ML model only. Instead, they may assess the suitability of both simpler,
explanation-oriented as well as various ML models in relation to their research question, while also
considering the potential trade-oft between model performance and interpretability (e.g., Grim-
mer etal., 2021). As mentioned in the first chapter, this is best achieved by following a prediction-
oriented modeling approach including model evaluation and comparison techniques such as CV.
Although most ML models need few assumptions regarding data and variable distributions and
are able to learn complex relationships between variables automatically, they still need to be care-
tully "tuned” in order to effectively utilize their advantages (e.g., De Slegte etal., 2024). Improper
tuning or applying models that are too complex for the dataset and research question can backfire
and lead to overfitting and unstable predictions (e.g., Hofman et al., 2021; Yarkoni & Westfall,
2017). That being said, different methods to tune ML models algorithmically exist nowadays
which significantly reduce these risks and save researchers much time and effort in trying to find
optimal settings. Similar to model selection and tuning, political psychologists should also pay
close attention when interpreting their ML models. Although many contemporary techniques
(such as SHAP) offer deep, previously unthinkable insights into complex ML models, researchers
must first make sure to understand how these techniques work, how to accurately interpret and
report their results and be mindful of limitations that can arise from specific dataset characteris-

tics. Luckily, well-written resources such as Molnar (2022) deliver detailed explanations of various

24



interpretation methods, further facilitating quick adoption and appropriate use of ML models in
political psychology. Arguably, the current fast-paced developments of new ML models tailored
to different data types and use cases will only increase their future potential for research in politi-
cal psychology (see also De Slegte et al., 2024). As discussed in the previous chapter, modern ML
models are not only becoming more powerful but also much easier to use. Therefore, researchers
may be best advised to familiarize themselves with ML models right now to quickly apply them
and utilize their potential in the future.

Finally, in the third chapter, I argued for making more effective use of existing, large survey
datasets and the potential offered by novel data sources to study political cognitions and behav-
ior. Despite their unique benefits - discussed throughout the chapter and demonstrated in my
studies - an exclusive shift to large survey datasets and data sources like social media is neither
feasible nor advisable. Naturally, pre-existing survey data or social media data cannot replace the
need for experimental studies to identify causal effects or conducting small-scale observational
studies to address a very particular or novel research question. Nevertheless, they pose yet another
accessible option for new and established political psychologists alike to catalyze their research.
Presumably, the increased acceptance of and participation in open data practices across research
disciplines will only increase the availability (and sheer number) of such datasets in the future.
In turn, this will provide political psychologists with even more possibilities to study important
political cognitions and behavior. To contribute to this movement, the political psychological
community should strengthen collaborative efforts across research groups and countries to col-
lect large, information-dense datasets and make them accessible to other researchers. As shown in
the last two chapters, data from novel data sources like social media platforms can be particularly
valuable for political psychologists and may also help to address major societal challenges such
as misinformation, political polarization, and climate change. Unfortunately, using these data
sources has become increasingly difficult after major platforms either completely blocked schol-
arly access or now demand large payments in recent years. Therefore, political psychologist should
support and advocate legislation that grants researchers access to user data for scientific research
purposes '

Wide-reaching adoption of the outlined shifts and recommendations in this dissertation may
not be an easy task for the political psychological community. But what would it take to achieve
this? Arguably, the biggest obstacle might be long established habits in how research is (or should
be) conducted. As mentioned before, the vast majority of (political) psychologists are conducting
explanation-oriented research and have probably never used complex predictive ML models or so-
cial media data. Importantly, I do not think that this is because researchers have never heard about

these options but because they are either not convinced of their potential or lack expertise in how

'See also Manuscript III: Brandenstein et al. (2024)
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5 A potential future of political psychological research

to apply and effectively utilize them. I hope that fellow (political) psychologists who have read my
dissertation this far no longer fall into the first category. In any case, however, increasing adoption
rates certainly requires communicating the potential of the outlined shifts effectively. In this con-
text, researchers already using prediction-focused ML models or large datasets may try to increase
the visibility of their (published) work by, for instance, presenting their work at conferences or
use different media outlets to share their findings. Addressing the second reason for why political
psychologists may hesitate to adopt the outlined shifts seems more difficult. Although interested
researchers may still decide to self-learn these unfamiliar methods, such efforts are unlikely to cre-
ate wide-reaching changes in the political psychological community. Arguably, a more eftective
option would be to train aspiring researchers and students in underlying fields, such as psychol-
ogy or political science, early on. Teaching these methods alongside the long-established ones
would enable future political psychologist to decide when and how to use them effectively. Po-
litical psychologists may also consider collaborating more frequently with researchers from other
domains already familiar with these methods, such as computer scientists. Working in such inter-
disciplinary teams further allows to bundle resources and share workloads across team members
which can lead to more impactful research outcomes.

Asillustrated by the various examples throughout this dissertation, political psychology plays a
crucial role in understanding the human dimension of societal challenges. In the past, research in
this field has revealed valuable insights into the psychological mechanisms underlying individual
political cognitions and behavior. Considering the current state of the field and ongoing devel-
opments, I am optimistic that political psychology will continue to provide us with findings that
can help tackling current societal challenges such as climate change, polarization and misinforma-
tion. In this regard, I hope that the shifts outlined in this dissertation, along with the underlying

manuscripts, offer a small contribution and support the field’s growth.
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in the past years. To come up with a theoretical explanation, researchers investi-
gated relationships of CT belief with psychological factors such as political attitudes,
emotions, or personality. However, recent studies have put the robustness of these
relationships into question. In the present study, a prediction-based analysis approach
and machine learning models are deployed to detect and remedy poor replicability
of CT belief associations. The analysis of a representative dataset with 2025 UK citi-
zens supports the assumption that the current simplicity of the field’s analysis routine,
exhibiting high sample-specificity and neglecting complex associations of psychological
factors with CT belief, may obscure important relationships. The results further point
towards key components of conspiratorial mindsets like general distrust and low socio-
political control. Important implications for building a coherent theory of CT belief are

derived.
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1 | INTRODUCTION

(Miller et al., 2016). As a result, scholars have tried to understand what
makes people susceptible to CT belief. Douglas et al.(2017) argued that

In light of the recent COVID-19 pandemic, conspiracy theories (CTs)
and their proponents have gained a lot of public and scientific atten-
tion. CTs are usually defined as a set of narratives that contradicts an
official explanation for a given event, causally blaming a small special
interest group with a malevolent plot for its occurrence (e.g., Douglas
et al., 2016; Swami et al., 2011). Since CTs permeate countries and
social classes (e.g., Oliver & Wood, 2014) and can crucially influence
our way of thinking (e.g., Douglas & Sutton, 2008; Lewandowsky, Ober-
auer et al., 2013) as well as our behaviour (e.g., Imhoff & Lamberty,
2020), their investigation is also of applied socio-political relevance.
Although many CTs contain radical views regarding the causes for cer-

tain events, believing in CTs seems to be a general human phenomenon

CTs appeal to people when they promise to satisfy psychological needs,
which can be classified into epistemic motives (e.g., the need for under-
standing, sense-making), existential motives (e.g., the need for security
and having control over one’s environment), and social motives (e.g.,
the need of belonginess and maintaining a positive self and group
image). Especially in comparison with non-conspiratorial explanations
for given events, CTs can serve as a simple and consistent set of causal
explanations, which arguably satisfy these psychological needs. Since
not all people adhere to CT belief to the same extent, researchers
investigated a variety of psychological factors like socio-political
attitudes and personality factors that may account for individual
differences in susceptibility and motive satisfaction. Consequently,
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robust associations between CT belief and psychological factors
should be found that are directly linked to epistemic, existential, and
social motives. Upon closer inspection of previous studies, however,

the result pattern is not as clear-cut as one may expect.

1.1 | Epistemic motives in relation to CT belief

First, concerning studies on epistemic motives, a host of previous
research has shown that belief in CTs is higher among people expe-
riencing feelings of uncertainty and/or showing little dispositional
tolerance for uncertainty (e.g., Maftei & Holman et al., 2022; Van
Prooijen & Jostmann, 2013). Feelings of uncertainty are directly linked
to the epistemic motive and sense-making process and CT belief adap-
tation may serve as a means to reduce them. However, some studies did
not find an association between dispositional uncertainty and CT belief
(e.g., Moulding et al., 2016).

Furthermore, scholars have argued that low levels of education and
impoverished analytical thinking styles should increase belief in CTs
(e.g., Douglas et al., 2016; Van Prooijen, 2017). Since CTs deliver overly
simplified explanations of complex events, they often have an intuitive
appeal. Thus, people with lower cognitive abilities and less analytical
thinking may be more likely to accept CTs at face value. On the other
hand, higher levels of education and analytical thinking style should
lead to more scepticism and scrutiny of CTs, which should reduce belief
in them. Although empirical studies generally support this theoret-
ical notion (Douglas et al., 2016; Swami et al., 2014; Van Prooijen,
2017), Stahl and Van Prooijen (2018) showed that high levels of ana-
lytical thinking only reduce belief in CTs, if people also value epistemic
rationality, that is the motivation to form beliefs on rational grounds.

High levels of religious denomination have also been shown to be
positively associated with belief in CTs. Scholars expected this rela-
tionship because coincidental events can also be seen as deliberately
caused by a powerful agent (i.e., God, influential groups), a feature
that both CT belief and religious belief share (e.g., Newheiser et al.,
2011). Upon further investigation, however, Jasinskaja-Lahti and Jet-
ten (2019) were able to show that this positive association of religiosity
and CT belief is alleviated when accounting for trust in official institu-
tions and that religious and non-religious people adhere to CTs to the
same extent.

More general personality traits like the Big Five (Extraversion,
Openness, Agreeableness, Neuroticism, Conscientiousness) have also
been linked to epistemic motives and increased CT belief in the past.
In this regard, CTs may, for instance, satisfy curiosity for people high
in Openness (Swami et al., 2013), help individuals with high levels
of Neuroticism to reduce uncertainty (Hollander, 2018), or bolster
suspicion and antagonism towards others for people low in Agree-
ableness (Swami & Furnham, 2012). In a recent meta-analysis, Goreis
and Voracek (2019) further investigated these proposed relationships.
They were, however, unable to find evidence for a substantial linkage
between any of the Big Five personality traits and CT belief. To summa-
rize previous study results on epistemic motives, psychological factors

like analytical thinking style and (to some extent) uncertainty seem

to be the more robust correlates of CT belief, while general person-
ality traits or religious denomination may be far less suited to explain
individual belief differences.

1.2 | Existential motives in relation to CT belief

Turning to existential motives, a host of studies have shown that peo-
ple are more likely to adapt CT belief when they experience a lack
of control over their life and what is happening in the world (e.g.,
Abalakina-Paap et al., 1999; Imhoff, 2015; Van Prooijen & Acker, 2015),
which directly triggers the existential motive to feel safe and secure.
In a recent study, Stojanov et al. (2020) conducted six experiments on
the relationship of perceived lack of control and CT belief and showed
the constructs to be correlated in general. However, they did not find
a substantial effect of experimentally manipulated lack of control on
CT belief adaptation, which indicates trait rather than state lack of
control to be associated with CT belief. Experiencing a stable, con-
tinuous lack of control in everyday life might thus be more relevant
for CT belief adaptation than a temporary, situationally triggered lack
of control. Furthermore, this linkage seems to depend on the type
of control beliefs. While socio-political control (i.e., perceived influ-
ence in the political decision-making process) seems to be robustly
associated with CT belief, results regarding the relationship between
personal control (i.e., achieving goals) or interpersonal control (i.e., con-
trol over social situations) and CT belief are mixed (Imhoff & Lamberty,
2018). Researchers also investigated the disposition to perceive struc-
ture in random and unrelated events as a predictor of CT belief. While
some studies found evidence for these dispositional “nothing happens
by accident” beliefs to be positively related to CT belief (e.g., Mould-
ing et al., 2016; Van Prooijen et al., 2018), others found no difference
between individuals with high and low priors for randomness (Dieguez
etal., 2015).

Further, low self-esteem has been linked to higher CT endorsement
in the past (e.g., Swami et al., 2011). Arguably, individuals with low self-
esteem may be more likely to believe CTs since holding these beliefs
enables them to blame others for their personal problems (Abalakina-
Paap et al., 1999). This external attribution may then help individuals to
deal with feelings of insecurity arising from personal problems. How-
ever, this linkage does not seem to be very robust either (cf. Cichocka
etal., 2016).

The same holds true for the construct of death anxiety (i.e., disposi-
tional fear of death and its consequences), which arguably triggers the
existential motive of feeling safe and secure the most. People high in
death anxiety are assumed to be more susceptible to CTs, since hold-
ing these beliefs may alleviate feelings of existential threat by making
the future more predictable and help individuals to understand the
root cause of their feelings (Van Prooijen, 2019). Although a study by
Newheiser et al. (2011) found a positive relationship between death
anxiety and endorsement of a specific CT belief, others did not (e.g.,
Bruder et al., 2013).

Recent preliminary findings also suggest that low dispositional

resilience (i.e., the ability to bounce back from stress) increases CT
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belief adaptation (Miller, 2020). Individual differences in dispositional
resilience are assumed to be related to the coping strategies used to
deal with stressful life events (e.g.,, Wood & Bhatnagar, 2015). Peo-
ple low in resilience often use passive, dysfunctional coping strategies
like avoidance and blaming others (Yi et al., 2005). As a result, vul-
nerable individuals may be more inclined to believe CTs as a coping
strategy to reduce feelings of existential threat and to make sense of
the stressful situation (see Van Prooijen, 2019 for a discussion on exis-
tential motives and sense-making processes). However, more research
is needed to support this idea and clarify the functional basis of this
relationship.

In summary, research on existential motives indicates that dispo-
sitional control beliefs (especially socio-political control) might be a
key component of CT belief, while other psychological factors like
self-esteem and death-anxiety seem to be less relevant.

1.3 | Social motives in relation to CT belief

Finally, research on psychological factors fuelling social motives for
CT belief adaptation involves group memberships, socio-political atti-
tudes, and trust. A fair number of previous studies focused on the
relationship of Right-Wing-Authoritarianism (RWA) and Social Dom-
inance Orientation (SDO) with CT belief. Although being markedly
different constructs, both RWA and SDO correspond to generalized
attitudes and prejudice towards distinct groups (Imhoff & Bruder,
2014), which in turn may increase susceptibility to CT beliefs. More
specifically, people high in RWA exhibit negative attitudes towards
nonconforming, potentially dangerous individuals, while people highin
SDO show negative attitudes towards derogated, low-status groups
(e.g., Asbrock et al., 2010). In this regard, CTs may be used to
further bolster these generalized attitudes and satisfy the social
motive of belonginess and positive in-group evaluation. Consistent
with this idea, most researchers found RWA and SDO to be pos-
itively correlated with CT belief (e.g., Grzesiak-Feldman & Irzycka,
2009; Kofta et al., 2020; Swami, 2012). However, the association
of RWA and/or SDO with greater CT endorsement does not always
seem to arise (e.g., Imhoff & Bruder, 2014; Oliver & Wood, 2014).
Similar to these group perceptions, narcissism and collective narcis-
sism have been proposed to be associated with CT belief adapta-
tion fuelled by defensive motives (defending the view of oneself or
one’s in-group). In general, studies seem to support this assumption
(e.g., Cichocka et al., 2016; Golec de Zavala & Federico, 2018; Kay,
2021).

Moreover, different forms of institutional trust (e.g., trust in gov-
ernment, parties, science) as well as interpersonal trust have been
the focus of investigation in many previous studies. The overwhelming
majority supports the idea that lower trust in these entities is asso-
ciated with stronger CT belief (e.g., Bruder & Kunert, 2022; Einstein
& Glick, 2015; Lewandowsky, Gignac et al., 2013). In a nationwide
study conducted by Miller et al. (2016) in the US, trust in government
and interpersonal trust functioned as a moderator of the relationship

between political ideology, knowledge, and CT beliefs. Therefore, trust

may also be a more complex psychological factor, influencing the rela-
tionship of other psychological factors with CT belief (cf. Mari et al.,
2022; Miller et al., 2016).

Somewhat similar to interpersonal trust, the concept of subclinical
paranoid ideation, that is, being suspicious of other people’s behaviours
and intentions in general (Van Prooijen & Van Lange, 2021, p. 240), has
recently been gaining much attention in the CT belief literature. Stud-
ies have shown that paranoid ideation seems to be closely related to
CT belief (e.g., Darwin et al.,2011; Grzesiak-Feldman & Ejsmont, 2008).
However, since paranoid ideation and conspiracy belief share the same
notion of assuming people to pursue malicious plans, their construct
independence has been questioned. In a recent meta-analysis, Imhoff
and Lamberty (2018) found further empirical support for their associa-
tion but also showed that they indeed seem to be different constructs.
However, the functional basis of their relationship may still be open to
debate.

Consistent with the social motive of the desire to belong, research
has shown that people generally exhibit higher levels of CT belief if
they feel ostracized and isolated from society (e.g., Leman & Cinnirella,
2013; Moulding et al., ; Poon et al., 2020). In this regard, CT belief
allegedly helps individuals to deal with their loneliness and feel con-
nected again (Douglas et al., 2017). In conclusion, social motives seem
to be highly interwoven with CT beliefs. More specifically, distrust in
other people and official institutions, generalized social attitudes as
well as feelings of isolation seem to go hand in hand with heightened
CT belief susceptibility.

1.4 | Structural factors in relation to CT belief

On top of psychological motives, structural factors like age, gender, liv-
ing area, and socio-economic status (SES) have also been investigated
in CT belief research. The general line of reasoning to expect differ-
ences between these factors revolves around members of marginalized
groups (e.g., minorities, low SES, women and youth), who, for instance,
exhibit less perceived control or adhere more to paranoid thinking
styles due to their social standing (cf. Darwin et al., 2011; Stempel
et al., 2007). However, studies have yielded mixed results. Differences
between genders remain highly obscure with no real observable trend
(cf.Dyrendal etal.,2021; Mari et al.,2022; Swami et al.,2011). Similarly,
studies reported CT belief to be positively related to age (Van Prooi-
jen, 2017), negatively related (Jensen et al., 2021; Mari et al., 2022),
or not related at all (Douglas et al., 2016). Differences in living areas
which cause individuals to be more or less physically isolated from
others have also been proposed to be predictive of CT belief. Again,
some studies found individuals living in remote or rural areas to adhere
more to CT beliefs (Mari et al., 2022; Siddiqui, 2020), while others did
not (Sternisko et al., 2021). Socio-economic factors like income and—
more generally—SES may also serve as potential predictors of CT belief.
Indeed, stigmatization and feelings of permanent insecurity through
material strain (i.e., precarity) associated with low income and SES has
been shown to increase CT belief susceptibility (Adam-Troian et al.,

2021). Nevertheless, a clear-cut relationship between income and SES
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with CT belief does not seem to arise (cf. Douglas et al., 2016, 2019;
Freeman et al., 2020).

In general, the mixed pattern of relationships between structural
factors and CT belief seems to suggest that there may be little to no
difference between groups in general. Positive findings in previous lit-
erature might also be attributable to study sample characteristics or
psychological factors that may mediate the relationship (e.g., existen-
tial threats, perceived control, or trust). However, there is still more
research needed on structural factors to draw a conclusion.

1.5 | Quovadis?—The current state of conspiracy
theory research

Although this overview is non-exhaustive (see Table 1 for a more
detailed report), it yet shows that several psychological factors are
associated with individual CT belief susceptibility to different extents.
Still, asindicated by the numerous contradicting findings, many of these
associations seem to be inconsistent or obscure. However, obtaining
robust relationships of psychological factors with CT belief tendencies
is crucial in the current state of research, as a coherent theoretical
framework is still lacking (Van Prooijen & Douglas, 2018). Addressing
this issue, Stojanov and Halberstadt (2020) argued that these inconsis-
tencies result from the field’s discord over how to measure beliefin CTs
in the first place. Over the years, different CT belief scales and singular
items with varying degrees of specificity have been used (e.g., Brother-
ton et al., 2013; Bruder et al., 2013). Consequently, study results may
differ as a function of CT belief measurement. Although measurement
plurality can certainly explain some of the inconsistencies in the lit-
erature, it does not explain why associations between psychological
factors and CT belief differ between studies using identical assessment
instruments or experimental and correlational designs. This is true for
several of the previously mentioned psychological factors, like intoler-
ance for uncertainty (cf. Maftei & Holman, 2022; Moulding et al., 2016),
the Big Five (see Goreis & Voracek, 2019), self-esteem (see Cichocka
et al,, 2016), or internal control (see Stojanov et al., 2020), to mention
just a few.

One way to deal with inconsistencies is certainly to explicitly
consider measurement and design plurality as boundary conditions
in current theorizing. However, | argue that inconsistencies in CT
belief associations with psychological factors can also be tackled
from another angle—namely by overcoming the simplicity of current
analysis routines.

First, researchers regularly do not conduct cross-validation of their
model results. This is problematic due to a phenomenon called bias-
variance-tradeoff. In most cases when fitting an explanatory model,
we are trying to reduce bias, so that the parameter estimates of the
model fit the true parameter values most closely. Bias is contrasted
by variance, describing a model’s sensitivity to small changes in the
dataset. Now, if researchers are only concerned about finding the best
fit for one particular dataset (reducing bias) they will produce mod-
els that cannot be generalized to new data, as their variance increases
drastically (Yarkoni & Westfall, 2017). Additionally, the regular use of

frequentist statistics like Null hypothesis significance testing (NHST)
and p (e.g., Bakker et al., 2012) in combination with small sample sizes
can cause further generalization problems, as Stojanov et al.(2020) and
OpenScienceCollaboration (2015) illustrated.

Second, most researchers assume linear relationships between
psychological factors and CT belief, while many studies in psychology—
evenin CT research itself—show much more complex associations. Van
Prooijen et al. (2015) and Imhoff et al. (2022), for instance, showed
that the relationship between political ideology and CT belief follows
a quadratic U-shape with the political extremes being more prone to
CT belief. Finally, most studies only test single candidate factors for
CT belief at a time, ignoring interactions and covariates. This can be
problematic since complex psychological phenomena are likely to have
many interplaying small-effect causes rather than few big ones (Gotz
et al., 2021). Goreis and Voracek (2019) argued that belief in CTs
falls into this area, since individual beliefs can be influenced by a vari-
ety of proximal and distal factors and their interactions. Some of the
previously stated exemplary findings on psychological factors support
this notion empirically, such as the findings that analytical thinking is
only negatively associated with CT belief if people also value ratio-
nality (Stahl & Van Prooijen, 2018), the moderating role of knowledge
and trust on the relation between political attitude and CT endorse-
ment (Miller et al., 2016), or vanishing relationships between CT belief
and psychological factors, when accounting for covariates like para-
noid ideation (Imhoff & Lamberty, 2018). Thus, current practice in CT
research can lead to an overestimation of the impact of single pre-
dictors. What is apparent from these problems is that contradictory
results may be elicited by a mismatch between the current theoretical

standing of the field and the study design typically used by researchers.

1.6 | The present research

In the present study, | suggest using a predictive analysis approach
and machine learning models (ML) to address the discord of CT belief
correlates in previous studies. A predictive approach aims to find the
ratio between bias and variance that minimizes the prediction error on
unseen data. In turn, models are obtained that replicate well and whose
results are more trustworthy. This is achieved by using cross-validation
and model regularization. The former allows us to estimate how well
results replicate and the latter renders them more replicable by tuning
the model fit (often by introducing bias, see above). Therefore, if our
goal is to find robust associations between potential psychological fac-
tors and CT belief, a predictive approach will be arguably better suited
for this purpose than just evaluating the model fit on one dataset, as has
been done in most previous studies. On top of this, using ML models
can help identify robust correlates of CT belief. Since many ML mod-
els are flexible and non-linear approximators, they can find the optimal
bias-variance-ratio more easily and generally obtain better replicabil-
ity than traditional methods (Hindman, 2015). Plus, ML models can
account for all possible predictor relationships and interactions in the
data. Recently, researchers in the social sciences have acknowledged

these advantages and started using ML models in research areas in
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TABLE 1 Overview of variable relationships with belief in conspiracy theories in previous studies

Variable
Age

Gender

Living area

Education

Socio-economic status (SES) / Income

Religion

Ideology

Right-wing authoritarianism (RWA)

Social dominance orientation (SDO)

Self-esteem

Paranoid ideation

Resilience

Death anxiety

Author

1. Imhoff et al. (2022)
2.Douglas et al.(2016)
3.Van Prooijen (2017)

1. Dyrendal et al. (2021)
2.Imhoff et al.(2022)
3.Swamietal.(2011)

1. Siddiqui (2020)
2.Marques et al. (2021)

3. Stoica and Umbres (2021)
1. Douglas et al. (2016)
2.Van Prooijen (2017)
3.Van Prooijen and Acker (2015)

1. Adam-Troian et al. (2021)
2. Freeman et al. (2020)
3.Douglas et al.(2016)

1. Oliver and Wood (2014)

2. Jasinskaja—Lahti and Jetten (2019)

3. Newheiser, Farias and Tausch (2011)

1. Imhoff et al. (2022)

2. Imhoff and Bruder (2014)
3.Van Prooijen et al. (2015)

1. Imhoff and Bruder (2014)
2.Bruder et al.(2013)

3. Imhoff and Lamberty (2018)
1. Imhoff and Bruder (2014)
2.Bruder et al.(2013)
3.Dyrendal et al. (2021)
1.Swami (2012)

2.Cichocka et al. (2016)

3. Swami and Furnham (2012)
1.Bruder et al.(2013)
2.Darwinetal.(2011)

3. Imhoff and Lamberty (2018)
1. Miller (2020)

1. Imhoff and Bruder (2014)
2.Newheiser et al.(2011)
3.Bruder et al.(2013)

Direction and strength of relationship with CT
belief

[O]+],b=.00,b=0.34"
[-|0],b=-0.16",b=0.01

[+],b=0.15"

[O]+],t=—-1.74,t = 2.88 [male more CT belief]
[O]+],b=0.05,b=0.34" [male more CT belief]
[+],t=2.62" [women more CT belief]
[-]O]l,r=-.23",r=-30",r=-28",r=-005
[O]-1,b=0.04,b=0.02,b=0.06",b=0.04'
[O],r=.003,r=.03

[O]-],r=-13,r=-26"
[lr=-15";r=-26"

[O]-1,r=-21""r=-11",r=-13"",r=-16"",
r=-02

[=],r=-25"" [precarity]
[O],r=.02,r=-02 [income]

[O]-],r=-13,r=-12" [income],r =-06,r=-16
[SES]

[Ol+],r=.36",r=.10",r=19",r=.00,r=.11"
[importance of religion]

[+]=],r=.25",r=-04 [importance of religion; when
accounting for trust: negative]

[-],r=-49"" [religiosity belief inventory]

[+]0],b=0.10"",b=0.19"" [quadratic effect],
b=0.14",b=0.12 [linear effect]

[O]l,r=.07

[+|0O], b =—-0.32", quadratic: b = 0.35" [Study2a]
[O]4],r=.05,.16,.29 " [Study 4]
[+],r=.28"

[+],r=.21"

[O],r=.03,-05,.14

[+],r=.16

[+],r=.24"",r=.12" [SEM paths]
[O],r=-03

[O],r=-08,r=.05

[l r=-16"

[+],r=45"

[+],r=47"

[+],z=.38"" [meta-analysis]
[=],b=—0.19" [supplementary section C]
[O],r=.08

[+],r=.32"

[O],r=.10

(Continues)
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CONSPIRACY THEORY BELIEF PREDICTION

TABLE 1 (Continued)
Variable

Control: Internal

Control: Perception of randomness

Control: Socio-political

Uncertainty

Interpersonal trust

Trust in government

Trust in political parties

Trust in scientists

Extraversion

Openness

Agreeableness

Neuroticism

Conscientiousness

Analytical thinking

Author

1.Bruder et al.(2013)
2.Imhoff and Lamberty (2018)
3. Kofta etal.(2020)

1. Moulding et al. (2016)
2.Van Prooijen et al. (2018)

3. Dieguez et al.(2015)

1.Bruder et al.(2013)
2.Imhoff and Bruder (2014)

3. Imhoff and Lamberty (2018)
1. Moulding et al. (2016)

2. Kofta et al.(2020)

3. Miller (2020)

1. Green and Douglas (2018)
2.Imhoff and Lamberty (2018)
3. Goertzel (1994)

1. Bruder and Kunert (2022)
2.Marietal.(2022)

3. Imhoff and Lamberty (2018)
1.Krouwel et al. (2017)

2. Leiser etal.(2017)

1. Bruder and Kunert (2022)
2.Rothmund et al.(2022)

1. Goreis and Voracek (2019)
2.Swami and Frunham (2012)
3.Imhoff and Lamberty (2018)
1. Goreis and Voracek (2019)
2. Imhoff and Lamberty (2018)
3.Swami et al. (2010)

1. Goreis and Voracek (2019)
2.Brotherton et al.(2013)
3.Swamietal.(2011)

1. Goreis and Voracek (2019)
2. Imhoff and Lamberty (2018)
3. Hollander (2018)

1. Goreis and Voracek (2019)
2.Imhoff and Lamberty (2018)
3. Swami and Furnham (2012)
1.Swami et al. (2014)

2. Swami and Furnham (2012)
3. Stahl and Van Prooijen (2018)

Direction and strength of relationship with CT
belief

[O],r=.03
[Ol,r=-13,r=.06
[],r=.14"" [study 4]

[+],r=.26"" [World assumption scale: Randomness)]

[+],r=.37",r=.23" [illusory pattern perception]

[O],r=.13,r=-04,r =-10 [prior subjective
randomness]

[lre-22"
[<],r=-23"

[lr=-19",r=-22"
[O]-],r=.09,r=.16,r=.09,r=.13,r=.30"
[-],r=.13" [study 4]

[-],b=.22"" [supplementary section C]
[-1,b=-0.24"

[=],r=-16"
[-],r=-37"
[-,b=-048"
[-],r=-22"
[-],r=-53",r=-28"
[=],r=-27"
[-],r=.46
[-],b=-042"
[-],r=-45

[O],r = .01 [meta-analysis]
[O],r=.03

[O],r=-012,r =-006
[O], r = .02 [meta-analysis]
[Ol,r=.01,r=-04

[+],r=.23"

[O], r =-.02 [meta-analysis]
[O],r=.11

[-],r=-07"

[O],r = .03 [meta-analysis]
[+|O],r=.13", r = .14 [accounting for paranoia]
[+],r=.03,r=.08",r=.09",r=.08

*xx ok ok

[O],r =.01 [meta-analysis]
[O],r=-05,r=-02

[+],r=.12"
[<],r=-25""
[-l,r=-17"

[O], b = —0.07 [accounting for rationality]

(Continues)
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TABLE 1 (Continued)

Variable Author

Isolation/Ostracism 1.Poon et al.(2020)

2.Graeupner and Coman (2017)

3.Moulding et al.(2016)
Need for uniqueness

2.Kay (2021)

3.Lantianetal.(2017)

1. Imhoff and Lamberty (2017)

Direction and strength of relationship with CT
belief

[+],b=.35"" [ostracism]
[+],r=.19 [social exclusion]
[+],r=.34" [sense of isolation]
[+],r=.128",r=.203",r=.139
[+],r=.11"

[+],r=.17 [Study 2]

Narcissism 1. Cichocka et al. (2016) [+],r=.24"" [collective narcissism]
2. Sternisko et al. (2021) [+],r=.30", .48  [collective narcissism]
3.Kay (2021) [4],r = .23" [Narcissistic Personality Inventory]
Note. Exemplary studies limited to three for each variable (if available). Indication of direction: [+] significant positive relationship found, [—] significant

negative relationship found, [O] no significant relationship found. Coefficients displayed as found in original study, rounded to two decimal places.
All listed variables are also available in the present study’s dataset (except from Need for Uniqueness and Narcissism). More information on measurements

used in the present study can be found in Table 2.
*p <.05.

**p <0.01.

***p <0.001.

which clear theoretical assumptions do not yet exist, prior findings fail
to generalize, or when predictor variables and their relationships with
a criterion are manifold (e.g., Walsh et al., 2017). Since this is arguably
the case for CT research, ML models represent a promising option to
alleviate inconsistent results and extract how psychological factors are
associated with CT belief. In this study, | will use the popular Random
Forest (RF) Machine Learning algorithm (Breiman, 2001) to predict
belief in CTs based on a variety of previously investigated psycholog-
ical factors, which all have been linked to CT belief in the past. Further,
| will render support to the interpretability of the RF results and com-
pare the performance to linear models on the same dataset by using a
predictive modelling approach.

2 | METHODS
2.1 | Dataset overview

The dataset used in the present work is part of a panel study conducted
by the COVID-19 Psychological Research Consortium (McBride et
al., 2021), in which the authors collected data on several topics over
multiple representative waves in the UK, including CT belief. Represen-
tativeness of the study sample was assured by defining strata for age,
sex, and household income for the UK prior to sampling. Target quo-
tas for each stratum were obtained from Eurostat population estimates
(Eurostat, 2020) and the Office for National Statistics (2017). The final
sample quotas for age, sex and household incomes were met within
1% deviation of the representative UK target quotas. The dataset con-
tains N = 2025 adults (1047 female, Mg, = 45.4 years, SD = 15.9), all
of whom were residents of the UK. The complete dataset, information
about the panel study, quotas, as well as design and conduct can be
found in McBride et al. (2021) and the corresponding OSF repository.

2.2 | Measures and data preprocessing

Belief in CTs was measured using the Conspiracy Mentality Ques-
tionnaire (CMQ) by Bruder et al. (2013), a validated scale to assess
a person’s general tendency (i.e., mindset) to believe in CTs. This
measurement was chosen due to its beneficial features of being inde-
pendent of events and societal contexts while still exhibiting high
correlations with belief in more specific CTs (Bruder et al., 2013;
Dyrendal et al., 2021). The dataset further contains all previously
investigated psychological factors listed in Table 1 (except from Nar-
cissism and Need for Uniqueness), which were used as features (i.e.,
predictors) to predict belief in CTs. The inclusion of predictors was
based on the literature review described in the Introduction but lim-
ited to data availability. Caveats to the generalizability of the findings
due to missing factors in the current dataset will be addressed in the
Discussion.

Due to the big number of predictors investigated in the present
study, all information regarding their measurement (including oper-
ationalization and scale reliability scores) is mainly presented in a
tabular form (see Table 2). In what follows, the characteristics of the
used measurements will be presented in an abbreviated form. Struc-
tural factors (e.g., age, gender) as well as political ideology, self-esteem,
and trust in different entities (i.e., people, government, parties, scien-
tists) were assessed with single item questions. The Big Five person-
ality factors, control beliefs, paranoid ideation and uncertainty were
assessed using subscales of existing instruments. More specifically,
facets of the Big Five personality factors (i.e., Extraversion, Openness,
Agreeableness, Neuroticism, Conscientiousness) were assessed using
the respective two item subscales of the Short Big Five Inventory by
Rammstedt and John (2007). Similarly, the different types of control
beliefs (i.e., internal, randomness and socio-political, see Table 1) were
measured using the three-item control belief subscales internal, chance
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CONSPIRACY THEORY BELIEF PREDICTION

TABLE 2 Overview of variables, operationalization and scale reliability coefficients in the present study

Variable
Outcome

Conspiracy mentality

Features (Predictors)
Age

Gender

Living area

Education

Income

Religion

Ideology

Right-wing

authoritarianism
(RWA)

Social dominance

orientation (SDO)

Self-esteem

Paranoid ideation

Resilience

Death anxiety

Description, source and example item

Mean CMQ Score (Conspiracy Mentality
Scale, Bruder et al., 2013) “| think that
politicians usually do not tell us the true
motives for their decisions”

Age of participantin years

Gender of participant

Area of living

Highest qualification

Approximate annual household income

Religion of participant

Self-reported rating on 10-point political
ideology scale

Total scale mean score: Right Wing
Authoritarianism (Short Authoritarianism
Scale, Bizumic & Duckitt, 2018) “What
our country needs most is discipline, with
everyone following our leaders in unity”

Total scale mean score: Social Dominance
Orientation (Social Dominance Scale; Ho
etal.,, 2015) “Anideal society requires
some groups to be on top and others to be
on the bottom”

Single-Item Self-esteem Scale (SISES)
(Robins, Hendin, & Trzesniewski, 2001) “I
have high self-esteem”

Mean score of subscale “Persecution”,
Persecution and Deservedness Scale
(Persecution and Deservedness Scale;
Melo, Corcoran, Shryane & Bentall, 2009)
“I'm often suspicious of other people’s
intentions towards me”

Total scale mean score: Resilience (Brief
Resilience Scale; Smith et al., 2008) “I tend
to take a long time to get over setbacks in
my life”

Total scale mean score: Death Anxiety
(Death Anxiety Inventory; Tomas-Sabado,
Gémez-Benito, & Limonero, 2005) “I find
it difficult to accept the idea that it all
finishes with death”

Number of items, response format

5 items, 11-point scale (Certainly not -
Certainly)

1 item, open text

1 item, categorical (male; female;
other: open field)

1 item, categorical (city; suburb; town;
rural area)

1 item, categorical (no qualifications;
O-level /GCSE or similar; A-level or
similar; diploma; undergraduate
degree; postgraduate degree;
technical qualification; other)

1 item, categorical (1: £0-15,490; 2:
£15,491-£25,340; 3:
£25,341-£38,740; 4:
£38,741-£57,930; 5: > = £57,931)

1 item, categorical (Christian; Muslim;
Jewish; Buddhist; Sikh; Atheist;
Agnostic; or other)

1 item, 10-point scale (left - right)

6 items, 5-point scale (Strongly
disagree - Strongly agree)

8 items, 5-points scale (Strongly
oppose - Strongly favour)

1 item, 7-point scale (Not very true of
me - Very true of me)

5 items, 5-point scale (Strongly
disagree - Strongly agree)

6 items, 5-point scale (Strongly
disagree - Strongly agree)

17 items, 5-point scale (Totally
disagree - Totally agree)

E)\SP WILEY- 1Y

Reliability (Cronbach’s «)

.85

73

.84

86

.88

94

(Continues)
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TABLE 2 (Continued)

Variable

Control: Internal

Control: Chance

[Randomness]

Control: Powerful others

[Socio-political]

Uncertainty-intolerance

Interpersonal trust

Trust in government

Trust in political parties

Trust in scientists

Extraversion

Openness

Agreeableness

Neuroticism

Conscientiousness

Description, source and example item

Mean score of subscale “Internal”, Locus of
control (Locus of Control Scale; Sapp &
Harrod, 1993) “My life is determined by
my own actions”

Mean score of subscale “Chance”, Locus of
control (Locus of Control Scale; Sapp &
Harrod, 1993) “To a great extent, my life is
controlled by accidental happenings”

Mean score of subscale “Powerful others”,
Locus of control (Locus of Control Scale;
Sapp & Harrod, 1993) “Getting what |
want requires pleasing those people
above me”

Mean score of subscale “Uncertainty is
stressful and upsetting”, Intolerance of
uncertainty (Intolerance of Uncertainty
Scale, Buhr & Dugas, 2002) “I always want
to know what the future has in store for

me

Trust in people (“Generally speaking, would
you say that most people can be trusted
or that you need to be very careful in
dealing with people?”)

Trust in government (“Could you indicate
how much trust you have in the
government”)

Trust in political parties (“Could you indicate
how much trust you have in political
parties”)

Trust in scientists (“Could you indicate how
much trust you have in scientists”)

Mean score of subscale “Extraversion”, Big
Five personality factors (Short Big Five
Inventory; Rammstedt & John, 2007) “I
see myself as someone who is reserved”

Mean score of subscale “Openness”, Big Five
personality factors (Short Big Five
Inventory; Rammstedt & John, 2007) “I
see myself as someone who has an active
imagination”

Mean score of subscale “Agreeableness”, Big
Five personality factors (Short Big Five
Inventory; Rammstedt & John, 2007) “I
see myself as someone who is generally
trusting”

Mean score of subscale “Neuroticism”, Big
Five personality factors (Short Big Five
Inventory; Rammstedt & John, 2007) “|
see myself as someone who get nervous
easily”

Mean score of subscale
“Conscientiousness”, Big Five personality
factors (Short Big Five Inventory;
Rammstedt & John, 2007) “I see myself as
someone who does a thorough job”

Number of items, response format

3items, 7-point scale (Strongly
disagree - Strongly agree)

3items, 7-point scale (Strongly
disagree - Strongly agree)

3items, 7-point scale (Strongly
disagree - Strongly agree)

12 items, 5-point scale (Not
characteristic of me at all - Entirely
characteristic of me)

1 item, 5-point scale (Mostly people
can be trusted - Need to be very
careful)

1 item, 5-point scale (Completely trust
- Do not trust at all)

1 item, 5-point scale (Completely trust
- Do not trust at all)

1 item, 5-point scale (Completely trust
- Do not trust at all)

2 items, 5-point scale (Disagree
strongly - Agree strongly)

2 items, 5-point scale (Disagree
strongly - Agree strongly)

2 items, 5-point scale (Disagree
strongly - Agree strongly)

2 items, 5-point scale (Disagree
strongly - Agree strongly)

2 items, 5-point scale (Disagree
strongly - Agree strongly)

Reliability (Cronbach’s «)
71

.70

85

.90

.57 (Spearman- Brown)

.13 (Spearman- Brown)

.27 (Spearman- Brown)

.65 (Spearman- Brown)

.51 (Spearman-Brown)

(Continues)
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CONSPIRACY THEORY BELIEF PREDICTION

E)\SP WILEY- L2

TABLE 2 (Continued)

Variable Description, source and example item

Analytical thinking Total sum of right answers: Cognitive
Reflection Task (Frederick, 2005) “If it
takes 5 machines 5 minutes to make 5
widgets, how long would it take 100

machines to make 100 widgets?”

Loneliness
[Isolation/Ostracism]

Total scale mean score: Loneliness (Three
item Loneliness Scale; Hughes, Waite,
Hawkley, & Cacioppo, 2004) “I lack
companionship”

Number of items, response format Reliability (Cronbach’s «)

5 items, multiple choice with 4 answer -
options

3items, 3-point scale (Hardly ever, .88
Some of the time, Often)

Note. Variable names describe investigated construct, brackets indicate construct description in previous studies (cf. Table 1). Reliability scores only calculated
for (sub)scales with at least two continuous items. Further information regarding variable measurement in the present study can also be retrieved from the

codebook of the original dataset (McBride et al., 2021).

and powerful others of the Locus of Control scale by Sapp and Harrod
(1993). Paranoid ideation was assessed using the five-item Persecu-
tion subscale of the Persecution and Deservedness Scale by Melo et al.
(2009). The 12-item subscale Uncertainty is stressful and upsetting of
the Intolerance of Uncertainty scale by Buhr and Dugas (2002) was
deployed to measure uncertainty. Analytical thinking was measured
using the total sum of right answers to the Cognitive Reflection Task
by Frederick (2005) with five questions. All other psychological factors
in the present study (RWA, SDO, Resilience, Death-Anxiety, and Lone-
liness) were measured using the entirety of existing, validated scales
for each respective construct. In other words, all item responses in
these scales were averaged (including subscales), resulting in total scale
means.

Prior to model building, the dataset was preprocessed. At first,
missing values on the features were imputed using the mean across
participants for each feature (< 10% of total values). The responses
of six participants were excluded from the analysis (each repre-
senting a unique level in the gender variable) since model predic-
tion on unseen data can fail, if a predictor level only occurs in
one data subset. All categorical features were one-hot-encoded (i.e.,
dummy-coded). The dependent variable and numerical features were
standardized.

2.3 | Model selection

Representing the current approach, | modelled a standard ordi-
nary least-squares regression model (OLS). Following the predictive
approach, | also deployed a regularized linear Ridge Regression (RR),
which penalizes the size of the parameter estimates (contingent on
the number of features in the model) and shrinks them towards zero,
leading to a more biased model compared to OLS (Hoerl & Kennard,
1970). This regularization technique is also known as “L2 regulariza-
tion” and was chosen over stepwise procedures, as either retaining
or dropping variables exhibits high variance and is often ineffective
(e.g., Hastie et al., 2009, pp. 93ff.). The last deployed ML model, a Ran-
dom Forest Regressor (RF), was chosen, since it can cope with smaller
datasets and many predictors, and can account for complex interac-
tions and non-linear relationships. RFs can be best described as types

of non-linear models, based on the idea of decision trees. These trees
learn input-output relationships by iteratively splitting the so-called
“predictor space” in distinct, non-overlapping regions. Due to its non-
linear approximation, a decision tree can obtain a perfect prediction
on the training data if grown deep enough, which can lead to overfit-
ting. Tackling this problem, RFs comprise an ensemble of single decision
trees. For every decision tree in the RF, a random subsample of predic-
tors as well as a random bootstrap subsample of participants is drawn.
Consequently, the single trees are decorrelated and the overall RF is
regularized. In the end, the outputs of the single trees are aggregated
to retrieve one final prediction for each sample in the RF. For more
information, see Breiman (2001).

2.4 | Analytical procedure

All analysis steps were performed in a Jupyter Notebook (Kluyver et al.,
2016) using the Python programming language version 3.8, the numpy
(Van Der Walt et al., 2011) and pandas (McKinney, 2011) library for
data management as well as the scikit-learn library (Pedregosa et al.,
2011) for model building and data preprocessing. The full analysis code
can be found in the corresponding OSF project (see Appendix). For
all models, the available features indicated in Table 1 were entered
as independent variables and the conspiracy mentality (CMQ) as the
dependent variable.

To assess and compare model performance (i.e., capability to gener-
alize to unseen data) of the RF, RR and OLS, cross-validation (CV) was
used. Note that although a designated held-out test set is often more
desirable to test model generalizability, CV yields a robust estimate
of prediction performance and is even preferable when working with
small- to medium-sized datasets (cf. Raschka, 2018). Therefore, CV rep-
resents a great option for CT belief research, since researchers do not
need to extensively collect data and can work with smaller datasets at
their disposal while still being able to estimate generalization perfor-
mance of modelled associations between psychological factors and CT
belief, as well as compare competing models. CV works by splitting the
entire dataset into k groups (folds), each unique group once functioning
as the test fold (out-of-sample) and the remaining k-1 groups function-
ing as the training data (in-sample) in k rounds. The final generalization
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performance is obtained by averaging the prediction error over the k
test folds.

However, this procedure is sensitive to the composition of the k
training folds and the partitioning scheme (Rodriguez et al., 2009). In
other words, the number of folds chosen and specific train fold char-
acteristics (e.g., extreme cases or outliers) can lead to a noisy estimate
of the model’s capability to generalize to new data, especially when
dealing with small samples. Consequently, it has been suggested to
repeat the CV procedure to account for small perturbations in the
single folds, thereby stabilizing the estimation of a given model’s capa-
bility to generalize to new data (e.g., Krstajic et al., 2014; Rodriguez
et al., 2009). Thus, the present study conducted a 10 x 5 repeated
CV. Five folds have been selected, as this number generally results
in models with neither excessively high bias nor high variance (other
things being equal), leading to realistic replicability estimates (James
etal., 2013, p. 184). Consequently, each of the training folds contained
N = 1616 observations and each of the test folds contained N = 403
observations.

In “flexible” models like the RR and RF, the researcher must fine tune
the so-called hyperparameters, which control the amount of regulariza-
tion in the model. Fine tuning these hyperparameters was achieved
by automatically finding the best settings using a GridSearch algorithm
(Pedregosa et al.,, 2011). Hereby, the researcher must only define a
potential grid of potential hyperparameters, and the algorithm auto-
matically selects the best combination. This procedure was built into
the CV. Before training and validating the model on the five test sets
(outer-loop), each training set was split into five additional folds (inner-
loop) and the best hyperparameters were selected in this inner loop,
before completing the outer loop. In other words, the tuning proce-
dure was nested into the cross-validation procedure, carried out by
a search algorithm. In doing so, the risk of obtaining overfitted, high
variance models is further reduced, yielding a more realistic picture of
out-of-sample prediction performance, since finding the best hyperpa-
rameters and evaluating model performance in the outer loop are not
mixed.

After retrieving the optimal hyperparameters in the inner-loop, the
RF as well as both linear models were iteratively trained on the five
training folds and tested on the corresponding five test folds (outer-
loop) to get an average prediction performance. Note that the inner
loop was not applied to the OLS model, as there are no hyperpa-
rameters to be tuned. The whole nested CV procedure was repeated
ten times to get the final generalization performance, as previously
described. Studies have shown that this (repeated) nested cross-
validation is an essential method for reliable model assessment (He &
Chalise, 2020; Krstajic et al., 2014; Varma & Simon, 2006). Figure S4 in
the Appendix presents an illustrative overview of the repeated nested

cross-validation.

2.5 | Performance validation

To compare the linear models and the RF regarding their generaliza-

tion performance to unseen data, the root mean squared error (RMSE)

as well as the explained variance R? were calculated. Further, the per-
mutation feature importance (PFI) as well as the Accumulated Local
Effects plots (ALE) (Altmann et al., 2010; Apley & Zhu, 2020) were cal-
culated for the RF. These metrics enable deep insights into variable
relationships in a ML model (i.e., RF) and will be briefly explained.

The permutation feature importance measures how much a partic-
ular predictor contributes to the overall performance in the model. It
is obtained by iteratively shuffling the rows of each feature, thereby
removing its information (i.e., signal). In each step, the model is run
again with one permuted feature, the new prediction performance is
obtained and compared to the un-permuted, original model. This pro-
cedure is repeatedly applied (here: ten times) for each feature at a
time to get an average estimate of the importance. In short, the values
we obtain for each predictor express the average decrease explained
variance R? when the information of this feature is removed from
the model. Note that this importance measure is relative and that the
values should not be interpreted in an absolute manner, similar to stan-
dard parameter estimates of linear models. Also, note that the relative
importance of a feature also takes interaction effects with other fea-
tures in the model into account, meaning that the interaction effect
between two features is present in both importance measures (i.e., the
features main and interaction effects). Therefore, the PFI values do
not add up to the total amount of explained variance, but a larger sum
(Molnar, 2022). For more information on permutation-based feature
importance, see Altmann et al. (2010) or Molnar (2022).

ALE plots go a step further than permutation importance. First, we
choose a feature for which we want to know how it affects CT belief
prediction on average. Now, for each possible value v of our feature,
we calculate the change in prediction by looking at a small “window” of
values around v and calculating the difference in prediction between
the upper and lower window which embeds our value of interest. To
illustrate this method, let us say we want to predict the price of a house
based on several features, like living area in m2, neighbourhood, year
of building, etc. We now want to know, how each value v of the feature

“living area” influences our price prediction.

For the effect of living area at 30 m?, the ALE method
uses all houses with about 30 m2, gets the model pre-
dictions pretending these houses were 31 m2 minus the
prediction pretending they were 29 m2. This gives us
the pure effect of the living area and is not mixing the
effect with the effects of correlated features. (Molnar,
2022)

These calculated differences are then accumulated and centred to
obtain the ALE curves. Consequently, ALE values can be interpreted as
a simple main effect of a feature at different values v in comparison to
the average effect of the predictor values (centred at zero). Put sim-
ply, the ALE curves show us how our features are associated with the
outcome prediction. Note, however, that ALE values are not the same
as, for instance, linear regression coefficients and cannot be compared
one to one, since they are calculated differently. For more information,
see Molnar (2022).
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3 | RESULTS

Prior to model building and evaluation, Pearson correlations between
all continuous variables were calculated (Table 3). The strongest asso-
ciations with CT belief were obtained with interpersonal trust (r = .25,
p < .001), trust in government (r = .21, p < .001), locus of control:
powerful others (r = .24, p < .001) and paranoid ideation (r = .19,
p < .001). On the other hand, psychological factors like self-esteem
(r =-05,p > .99), SDO (r = -07, p > .99) or the Big Five personal-
ity traits (ps > .99), except Neuroticism (r = .10, p = .01), were not
substantially correlated with CT belief. In general, these observed cor-
relations of psychological factors with CT belief are mostly in line with
the results pattern of previous research (cf. Table 1). Some of the pre-
dictors were intercorrelated to a mentionable degree, for example
resilience and neuroticism (r = -.69, p < .001), the subjective control
dimensions “chance” and “powerful others” (r = .69,p < .001), and trust
in government and trust in parties (r = .62, p < .001). Expectedly, most
of the medium to medium-high correlations were found in the context
of different subscales of the same or theoretically linked constructs.
Note that these potential multicollinearities only pose a problem to
the interpretability of linear regression model coefficients but not to
their overall prediction performance on unseen data per se (Harrell
Jr, 2015, p. 105). Following Jacobucci and Grimm (2020) suggestions
when comparing linear and ML models in psychological research, reli-
ability of predictors and outcome were inspected using Cronbach’s
alpha. All scales obtained high to sufficient scores (a« > .70) with one
exception: the two-item subscales of the short Big Five scale yielded
reliability scores below .70 (tested with the Spearman-Brown Coeffi-
cient), although the authors of the short Big Five scale Rammstedt and
John (2007) reported sufficient reliability in their validation study. An

overview over the reliability scores can be found in Table 2.

3.1 | Cross-validation results
Figure 1 shows the prediction performance of the linear regression

(OLS), ridge regression (RR) and Random Forest (RF) obtained in the

cross-validation procedure. Notably, this analysis estimates how well

Average RMSE in the CV

0.922
0.920 i i

0.918 4

0.916 ~.

RMSE
’

0.914 SN
0.912 4 .

0.910

Linear Regression

Ridge Regression

Random Forest

and consistently (on average) our models predict CT belief on unseen
data (test folds), which gives us an estimate for their generalization
performance, if we were to apply them on further, unseen data. Along
with the mean prediction performance, the standard error across the
ten repeated CVs is reported. This metric can be used as an estimate
of the uncertainty around the generalization estimate (i.e., prediction
variance) to compare model stability (Krstajic et al., 2014). Therefore,
both the average prediction performance estimate and the standard
error can be used to make an informed decision about which model
(i.e., OLS, RR, RF) is best suited to robustly capture the associations
between personal factors and CT belief.

Looking at the prediction error, the OLS performed the worst out
of all three models, RMSEq s = 0.921 (SE = 0.5873). In contrast, reg-
ularizing a linear model helped to improve the average prediction
error as well as model stability, as shown by the results of the RR,
RMSEgg = 0.917 (SE = 0.4573). In comparison to both linear models,
the RF delivered the lowest prediction error overall, RMSEgg = 0.911
(SE = 0.5072), only exhibiting a slightly higher standard error than the
RR across the CV runs. Looking at the explained variance R2, the results
paint a similar picture. The ranking of all three models remained the
same with the OLS showing the lowest average R? value and highest
standard error, R? s = 14.87% (SE = 0.11%). Again, the RF performed
the best R2gr = 16.80% (SE = 0.08) and the RR explained more variance
thanthe OLS, R?gg = 15.54% (SE = 0.08). Figure 1 graphicallyillustrates
these differences in model performance, averaged over all ten CV rep-
etitions. Overall, the results indicate that the OLS performs the worst
when predicting CT belief on out-of-sample data. In comparison, the RR
showed higher performance overall, indicating that regularization of a
linear model helped to predict CT belief more robustly and accurately.
This pattern illustrates that even when dealing with a medium-sized
dataset like the present study, low-capacity linear models can capture a
non-negligible amount of noise in the data, yielding models with higher
variance. Furthermore, associations of personal factors and CT belief
might not be limited to singular, linear relationships, since a non-linear,
flexible RF showed the best generalization performance to unseen data
with comparatively stable performance across different test sets. Fur-
ther, the mean prediction error and explained variance in the RF did

not fall within the respective 1 SE range of the RR or OLS (see Figure 1),

Average explained variance in the CV

0.165 o

0.160 4 -7

)
o
o
@

Explained Variance R?
\
\

0.150 1

Linear Regression Ridge Regression Random Forest

FIGURE 1 Graphicalillustration of model cross-validation performance (out-of-sample). Note. Black dots represent average RSME and
explained variance R?, respectively. Error bars indicate + 1 SE from the mean over all ten test folds in the repeated cross-validation
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providing a further argument for its superiority to linear models. In the
next step, the importance of personal factors for CT belief predictionin
the RF, as well as their associations, will be analysed.

3.2 | Feature relationship and importance

Before calculating the permutation feature importance, the RF was
fitted on the complete dataset, again using a Grid Search algorithm
(Pedregosa et al.,, 2011) to find the best hyperparameters. Looking at
the importance plot (Figure 2), the most relevant feature for predic-
tion performance in the RF turned out to be the belief in powerful
others controlling people’s lives (socio-political control). When the
information of this feature was removed, the average explained vari-
ance decreased by more than 10%. Decrease in explained variance of
the second most important feature, trust in the government, is almost
on a par with belief in powerful others. The third highest scoring fea-
ture, interpersonal trust, turned out to be less important for the overall
model performance, although it still exhibits an 8% average decrease
in variance, when information on this feature is removed. All following
features are trailing in comparison to the three mentioned ones with
less than 6% average decrease in explained variance. Nevertheless, the
RF attributed incremental importance to them, showing that most of
the features still contain relevant information for CT belief prediction.
Furthermore, the estimation error of feature importance throughout
permutations seems to be relatively low for most features, as seen in
the lower and upper boxplot bounds.

To investigate the association of the top three features with belief
in CTs, ALE plots were calculated (Figure 3), which reveal linear as well
as non-linear trends. Starting with the most relevant feature, belief in
powerful others, a value of + 1 standard deviation from the sample
mean increased predicted CT belief by 0.10 compared to the predic-
tion when using the average of the feature. In other words, the function
of belief in powerful others and belief in CTs shows a positive slope
(i.e., coefficient) of ~ .10. Note however, that the function is not per-
fectly linear, as we can see the slope to ramp up significantly for people
reporting values between %2 SD to 1 SD from the mean. For all other
features, the change in slopes seems to be even more pronounced. We
can observe a steeper, almost exponential slope of the functions for val-
ues above the feature means than for values below the feature means.
More precisely, a 1 SD increase in distrust in information from govern-
ment or trust in people leads to a higher amount of CT belief than a 1
SD decrease lowers the amount of CT belief. In summary, the plotsillus-
trate non-linear associations between psychological factors and belief
in CTs.

4 | DISCUSSION

Belief in CTs and its determinants has gained much scientific interest
in the past decade. Although numerous studies have investigated the
relationship of psychological factors with belief in CTs, recent studies

have put many of the proposed associations into question (e.g., Goreis
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FIGURE 2 Permutation feature importance (PFI) of RF model
features. Note. Permutation feature importance calculated using ten
permutations per feature on the full dataset. Upper and lower
box-plot bounds indicate + 1.5 IQR, outliers represented as circles

& Voracek, 2019). The present study argues that methodological prob-
lems like high sample-specificity, a focus on binary linear relationships
and the neglection of predictor interactions may have contributed to
these inconsistencies in the literature. As a partial solution to these
problems, a predictive analysis approach (cross-validation and regular-
ization) and machine learning algorithms were proposed and applied
to a recently collected, openly available large dataset (McBride et al.,
2021).
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FIGURE 3 Accumulated-local-effects plots (ALE) of the three
most important features in the RF. Note. Features are negatively
coded, higher values indicate more distrust/less control. Values for
predicted CT belief and features are standardized. Grey lines indicate
single Monte Carlo simulations for the dataset, solid black line
represents the average accumulated local effect (see Molnar, 2022)

4.1 | Methodological insights for studies on
conspiracy theory belief

As expected, the present results show that CT belief prediction per-
formance of a standard linear model (OLS) is low and model variance
seems to be an issue, as seen in direct performance comparison to
a regularized linear regression. Already from a mere methodological
view, it is thus not surprising that associations between psychological
factors and CT belief are inconsistent across different studies, since
researchers who follow the current analysis approach may end up
with vastly divergent coefficients on small datasets. Reducing model
variance by using a regularized linear regression (ridge regression,
RR) helped to alleviate these issues and improve performance. There-
fore, future research should incorporate cross-validation and model
comparison techniques when defaulting to linear models before inter-
preting potential associations of personal factors and CT belief, since
they might be inflated. Furthermore, the chosen non-linear Random
Forest outperformed both linear models in the cross-validation, yield-
ing more accurate CT belief predictions. Most importantly, this surplus
in performance and generalization capability supports the existence of
more complex interactions and non-linear relationships between pre-
dictors of CT belief than many previous study designs accounted for.
This notion is further supported by the accumulated local effects (ALE)
plots indicating non-linear relationships, which draw on similar find-
ings in this research area (e.g., Van Prooijen et al., 2015). Adding to this
point, the permutation feature importance revealed multiple psycho-
logical factors to be relevant for CT belief prediction, supporting the
existence of interplaying effects as noted in Gétz et al. (2021).
Comparing the prediction performance in the present study (R2gp
CV ~17%) with previous research is not an easy task, since previous
studies neither reported generalization performance on (big) unseen
datasets nor conducted any kind of cross-validation techniques (to the
author’s knowledge). Furthermore, several previous studies did not
employ linear prediction models of CT belief or report effect sizes,
rendering comparisons between previous findings and the present
ones even more difficult. Studies that did, report effect sizes ranging
from R% = 10% (Cichocka et al., 2016), up to R? = 40% (Galliford &
Furnham, 2017), putting the results of the present study somewhere
in the middle of previously reported effect sizes. Nevertheless, belief
in CTs could be predicted to a mentionable degree, which arguably
represents a more reasonable estimate, considering the limitations of
other studies mentioned before. In sum, the present results advocate
the use of extensive analysis strategies in CT research, such as cross-
validation, model comparison, inclusion of multiple predictors and their

interactions, as well as accounting for non-linear relationships.

4.2 | Theoretical and practical implications of the
current research

Apart from conceptual findings, the present study also delivers

concrete theoretical insights. Looking at the relative importance of
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psychological factors for predicting CT belief, striking similarities to
previous research can be observed. The most important predictor in
the Random Forest turned out to be socio-political control (locus of
control—powerful others). This result is in line with previous research
on socio-political control, since the belief in powerful others control-
ling one’s environment seems to be one of the most robust and strong
correlates of CT belief (see Table 1). Furthermore, socio-political con-
trol was a strong predictor of CT belief, regardless of other covariates
in the model, which largely rules out other potential explanations
for their association raised in the past, like spurious relationships
(cf. Stojanov et al., 2020). Theoretical considerations also speak for
the strong association of socio-political control and CT belief, since
a perceived lack of control is directly tied to social motives and (for
instance) the tendency to detect agency of powerful actors in random
events (Van Prooijen, 2019). Although the causal direction of this
relationship is still debated (cf. Jolley & Douglas, 2014; Stojanov et al.,
2020), belief in socio-political control seems to be deeply interwoven
with a conspiratorial mindset.

The same applies to dimensions of distrust in official institutions
and people in general. Especially for levels of distrust above average,
the probability of CT belief seems to increase almost exponentially
(see Figure 3). Again, this finding is supported by previous litera-
ture, showing comparatively robust relationships between trust and
CT belief. Since official institutions like the government or parties are
generally seen as high-power groups (e.g., Imhoff & Bruder, 2014)
potentially being orchestrators of societal events, this relationship
between distrust and conspiracy mentality becomes apparent. Sim-
ilarly, interpersonal trust was often associated with heightened CT
endorsement (e.g., Imhoff & Lamberty, 2018). Van Prooijen et al. (2021)
state multiple potential reasons for this linkage: if those in power are
unwilling to protect the ordinary citizen against malevolent intentions
of others, people may be less likely to risk being exploited by oth-
ers leading to more distrust. People high in conspiracy mentality also
showed reduced investments in a behavioural trust board game, inde-
pendent of interpersonal trust cues. Thus, high levels of distrust in
official institutions and society seem to go hand in hand with conspiracy
mentality.

Although still being important for CT belief prediction, all other pre-
dictors are trailing in comparison to the aforementioned ones. This
might be due to several reasons. First, most of the remaining predictors
showed much less clear and strong associations in previous literature,
such as self-esteem, the Big Five and internal locus of control (see
Table 1). Thus, their low importance might arise from their inherent low
association with CT belief in the first place. However, other predictors
showed comparatively high associations with CT belief in the past. This
finding might be explained by shared variance with other constructs in
the model or the predictors solely being moderators of (and/or being
moderated by) other constructs, as already shown for ideology (Miller
et al,, 2016), analytical thinking style (Stahl & Van Prooijen, 2018)
or neuroticism (Imhoff & Lamberty, 2018). Consequently, these con-
structs might still be associated with CT belief but, when accounting
for other predictors, their share in explained variance shrinks. Recent

studies on feature importance in ML models indicate that the impor-

tance of highly correlated predictors (in comparison to uncorrelated
predictors) might be slightly overestimated in the permutation, which
could have influenced their relative position in the estimation (Wei
etal., 2015).2 Nevertheless, the relative order of predictors falls in line
with the general result patterns of previous research. For instance, CT
belief associations with paranoid ideation, authoritarianism and uncer-
tainty seem to be much stronger and robust than with, for example,
self-esteem or the Big Five, which is mostly in line with their relative
rank in the feature importance plot (see Figure 2). In sum, researchers
may especially focus on psychological factors like control beliefs, trust
and generalized attitudes to understand why some people are more
susceptible to CT beliefs than others.

On top of these theoretical insights, practical implications for deal-
ing with CT beliefs arise. Building bridges between citizens and (local)
governments may not only be helpful for a stable society but also
for potential CT belief reduction through increased trust. Although
others did not find manipulated individual control to be associated
with reduced CT belief (Stojanov et al., 2020), empowering individ-
uals’ perception of socio-political control may still be a promising
approach. As suggested by previous research in this area, both increas-
ing trust and perceived socio-political control may best be tackled
from regulatory angles, that is by increasing involvement of indi-
viduals in political decision-making processes (Parent et al., 2005).
Studies in this area have shown that increasing government respon-
siveness (Kahne & Westheimer, 2006), in-person and online interaction
with citizens (Arshad & Khurram, 2020) or e-government initiatives
(Parent et al., 2005) can be fruitful strategies to deal with politi-
cal distrust and efficacy, which may then lead to lower CT belief

susceptibility.

4.3 | Limitations of the current research

Naturally, the present study has its limitations. First, some poten-
tially important variables which have been shown to be related to
CT beliefs in previous research, like for example need for uniqueness
(Imhoff & Lamberty, 2017), ostracism (Poon et al., 2020) or narcissism
(Cichocka et al., 2016), were not available in the dataset analysed here
(see Table 1). Although exhibiting a fair amount of explained variance,
the prediction performance of the models in the present study could
potentially be improved by including these missing variables. How-
ever, even though they might account for some unexplained variance
or share variance with other constructs (e.g., loneliness, self-esteem)
the present results and previous studies still point towards key com-
ponents of a conspiratorial mindset like trust, socio-political control or

generalized attitudes.

1 Note that this only affects predictors that are at least to some extent related to the outcome.
The feature importance in the RF was also calculated using Shapeley Values (Lundberg et al.,
2018), which are not influenced by the presence of correlated features. The results revealed a
similar picture to the permutation importance, with trust in government, interpersonal control,
and socio-political control being the mostimportant predictors. The summary plot can be found
in Figure S5 in the supporting information or in the linked OSF project.
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Second, the measurement of constructs must be addressed.
Although the used locus of control scale by Sapp and Harrod (1993)
shows good internal consistency and construct validity, it has not
been as widely used in CT research as other measures. This leads to
comparability limitations for the association of CT belief, especially
for the control dimension chance. Adding to that, the control sub-
scale powerful others (socio-political control) and chance were highly
correlated (r = .69, Table 3), which could also explain the relatively
high feature importance of control subscale chance in the Random
Forest, as mentioned earlier. Further, there seems to be an overlap
between item formulations of socio-political control and the conspir-
acy mentality questionnaire CMQ (e.g., “My life is chiefly controlled
by powerful others” vs. “I think that there are secret organizations
that greatly influence political decisions”). Although this semantic
overlap could cast doubt in their construct independency, both con-
structs were only correlated to a small degree (r = .24) and have
multiple distinct correlates (Table 3). In addition, robust associations
between similar measurements of socio-political control and CT belief
across studies further support the significance of their relationship (see
Table 1).

Even though the used cross-validation procedure has been shown to
deliver robust generalization estimation performance, the final mod-
els fitted on the whole dataset may not perform as precisely on a
newly collected, designated test set (cf. Bates et al., 2021). Since the
Random Forest also exhibited a non-negligible amount of variance in
the cross-validation, it is unclear if it would consistently outperform
linear models in other CT belief conceptualizations. Note, however,
that Krstajic et al. (2014) argued that the use of standard errors to
assess model performance and variance needs to be redefined in the
repeated cross-validation context and thus may not be as informative
in the present study. Speaking of CT measurement, the current study
used the CMQ (Bruder et al., 2013) to assess people’s general con-
spiracy mentality and not belief in specific CTs. This measurement of
CT belief was chosen, since specific CTs limit the generalizability of
findings to specific socio-political events that are heavily influenced by
cultural context and situational variables and do not reflect the under-
lying mentality or belief readiness (Stojanov et al., 2020). Therefore,
numerous studies have used the CMQ to measure CT belief in the past
and have also shown general conspiracy mentality to be a direct pre-
dictor of belief in more specific CTs (e.g., Bruder et al., 2013; Dyrendal
et al., 2021; Swami et al., 2010). These features combined made the
CMQ a well-suited option for the present research question. Never-
theless, the results of the present study may not be directly translated
to belief in other, more specific CTs. While being comparably large and
representative, the dataset exclusively consisted of UK residents and
the transferability of results to other cultures and countries is pend-
ing. Finally, since analysing concrete predictor interactions was beyond
the scope of the present study, future research on CT belief should
investigate these relationships more thoroughly. In summary, the pro-
posed approach should be extended to other datasets, operationalizing
CT belief in different ways, and should include a variety of potential

predictors and analyse their interactions.

5 | GENERAL CONCLUSION

Investigating CTs and why people are drawn to them is more than just
an end in itself. However, we must be aware of potential pitfalls in our
research approach. The present study showed that cross-validation
and replication efforts are warranted in CT belief research. Arguably,
this emerging research area can accumulate knowledge at a higher rate
if correlational results are robust and generalizable, especially when
inductively building theories on these findings. Otherwise, we end up
in the current situation of contradictory and inconsistent results, ulti-
mately leading to confusion and hindering progress. Moreover, ML
models can be a fruitful alternative to standard linear models. Using
them, we gain insights about complex associations and interactions
of psychological factors with CT belief that go beyond the simplic-
ity of current findings. Adopting all these practices, we can focus our
research efforts and built on a solid foundation to ultimately progress
in establishing a comprehensive CT belief framework.
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Individual behavior plays a pivotal role in mitigating climate change but our understanding of
the multifaceted, determining factors of sustainable behavior remains incomplete. Here we
conducted a comprehensive, cross-sectional survey of German households in 2021
(N =10,813), assessing various potential determinants and measuring behavior in green-
house gas emissions across various life domains (shelter, mobility, consumption, and diet).
Machine learning models were employed to predict emissions from determining factors and
benchmarked against commonly used linear models. Our findings indicate that machine
learning models excel in capturing complex relationships between personal and situational
factors, offering a more nuanced understanding of how determinants interplay and contribute
to emissions. Notably, some factors like perceived behavioral control or habits consistently
affected emissions, while others like infrastructural barriers and pro-environmental attitudes
were domain-specific. These insights about key determinants of sustainable behavior are
valuable for policymakers crafting effective climate change strategies at the individual level.
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climate reality continues to threaten the way of living of

the current and following generations. The development
of effective mitigation strategies thus remains a key challenge in
the 21st Century! which requires targeting various aspects of
everyday life>3. Mitigation strategies are often categorized as
supply-side and demand-side solutions. While the more tradi-
tional supply-side solutions focus on technological advancements
to, for instance, decarbonize supply chains and improve energy
efficiency of appliances, demand-side solutions directly address
individual behavior and needs, such as promoting reduced car
usage or energy consumption®”. Supply-side solutions are tradi-
tionally considered as crucial for reaching global climate goals;
but there is also a growing acknowledgment of the importance of
demand-side solutions in tackling climate change from various
angles. This shift mirrors the understanding that relying solely on
potential technological advancements on the supply-side is unli-
kely to effectively accomplish global climate and sustainability
objectives in due time®. However, since demand-side solutions
aim to address individual behavior, their effectiveness in the real
world heavily relies on individuals’ willingness and capacity to
adopt these measures3. To devise effective regulations and policies
in this area, it is thus crucial to gain a comprehensive under-
standing of the factors that drive or hinder individual sustainable
behavior in the first place. Consequently, researchers have dedi-
cated immense effort to identifying these factors in the past. To
date, studies have recognized a wide range of individual and
situational factors that are relevant to individual behavior in
various life domains such as the role of social norms, values and
structural barriers for electricity consumption or mobility
behavior>®, While identifying singular factors can advance our
general knowledge about existing drivers of and barriers to sus-
tainable behavior, the intricacies of their relationships and their
absolute and relative strength of influence on sustainable behavior
is still widely unknown. This issue has also been raised in the
most recent IPCC report: Although a lot of evidence linking
singular factors to individual sustainable behavior exists, there
still is a high need for investigating and understanding the mutual
interactions of factors and their relative importance for individual
behavioral change3.

In the present study we aim to close this knowledge gap by (1)
considering a multitude of potential influencing factors of sus-
tainable behavior and their interaction in an interdisciplinary
setting, (2) measuring individual sustainable behavior in total
greenhouse gas (GHG) emissions for different life domains, and
(3) using machine learning (ML) models to analyze the data.
Taking this specific methodological approach is crucial for several
reasons. First, most of the potentially influential factors have been
obtained in study designs investigating only a singular or handful
of factors at a time, even though researchers have repeatedly
argued that individual sustainable behavior is shaped by a mul-
titude of factors and their interaction with each other’-13.
Studying factors in isolation and thus not being able to control for
the influence of other factors can lead to severe over- or under-
estimation of their relative importance for sustainable behavior!4,
Consequently, if policy makers base demand-side solutions on
factors that do not (or only marginally) affect individual behavior,
it will not be surprising that these measures fail to reach the
desired impact on climate change in the real world!>-17. Relat-
edly, even when study designs considered multiple factors at the
same time in previous research, scholars often used simple linear
models to analyze the data, effectively neglecting complex (e.g.,
non-linear) associations among the factors. In doing so, any
obtained results likely have led to biased conclusions in how
particular factors influence behavior in the real world!# which -
again — can result in poor regulative decision making. Beyond

I I uman caused climate change and the concerning new

studying factors in isolation and neglecting their associations,
previous study designs often did not capture impactful behavior,
that is, behavior high in GHG emissions'®1%. In detail, studies
often investigated specific types of sustainable behavior that can
be assessed rather easily but may only exert relatively low GHG
emissions, such as self-reported recycling or water-saving beha-
viors. Notably, the determining factors of such low GHG beha-
viors can differ drastically from those influencing high GHG
behaviors®20, which may have led researchers and policymakers
alike to focus on less important factors for climate change miti-
gation. On the other hand, studies that did measure high GHG
behaviors (such as mobility and consumption patterns or energy
use) often only measured parts of the respective behaviors (e.g.,
traveled distance by car but not accounting for car type or fuel
consumption) which may also affect the obtained relative
importance of factors. As a result, measuring sustainable behavior
and related GHG emissions comprehensively and focusing on
behaviors with high GHG impacts seems necessary to devise
solutions effectively battling climate change®20:21.

Right now, only a few studies exist which at least satisfy some of
the criteria outlined above to a certain degree. For instance, studies
have analyzed the influence of multiple factors on mobility
behavior?2, accounted for complex interplays of factors using ML
models to identify high emission household?3, or measured beha-
vior in GHG emissions more comprehensively!8. However, to the
best of our knowledge, no previous work has yet fully met all these
study requirements in a single analysis which would be necessary to
comprehensively investigate drivers and barriers of sustainable
behavior and derive effective demand-side solutions.

To provide a comprehensive view on the factors relevant for
the demand-side, we first compiled previously identified factors
influencing sustainable behavior in an extensive literature review.
We then asked a large sample representative of the general
German population to report on all these factors as well as their
GHG emissions in different life domains. In a single analysis of
this data set we used ML models to predict individual behavior
measured in GHG emissions with the candidate factors. We also
compare the performance of our ML models to simple linear
models which are still predominantly used in the literature.
Finally, we analyze the relative importance of all factors in our
models to identify which factors should best be targeted to initiate
changes in high GHG behaviors. Our findings demonstrate that
employing ML models for predicting sustainable behavior not
only enhances the accuracy of predictions compared to simple
linear models, but also facilitates the identification of important
factors among numerous contenders. While certain factors
investigated in our study are relevant for sustainable behavior
across various life domains (e.g., perceived behavioral control,
behavioral habits), others exhibit domain-specific relevance (e.g.,
infrastructural barriers, pro-environmental attitudes). Our results
regarding the relative importance of factors for sustainable
behavior are largely in line with those of previous studies but we
also uncover notable disparities from previous results regarding
the importance of some crucial factors (e.g., easy access to public
transportation, income, or availability of sustainable food
options). We assert that demand-side solutions aimed at miti-
gating climate change must recognize the intricate interplay of
behavioral drivers. Based on our results, we offer recommenda-
tions regarding which factors one may want to focus on to
maximize the beneficial effects of behavioral change for climate
change mitigation.

Results
Study design. To collect data for our study, we ran surveys in
German households from April to July 2021. The recruiting and
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sampling procedure was conducted by the panel provider
Respondi AG who ensures representative panels on national
population statistics. Our sample was quoted by gender, age, and
federal state. The final sample size used in the analyses after
performing several quality checks was N =10,993. More infor-
mation about the sampling procedure and sample composition
can be found in the Supplementary Methods and Supplementary
Table 1.

In preparation for constructing our survey, we first identified
the relevant factors of individual sustainable behavior in a
comprehensive literature review and selected factors which are
grounded in established theories on sustainable behavior as well
as those which were identified as relevant in meta analyses and
large scale studies. In general, the identified drivers and barriers
of sustainable behavior can be categorized into internal (i.e.,
person-related) and external (i.e., situation-related) factorsi?.
Internal factors mainly include psychological factors such as
individual beliefs, attitudes, values, and intentions. External
factors subsume political, social, economic, and cultural condi-
tions people find themselves in. A detailed description of the
literature review and all factors included in our analysis can be
found in the Methods and Supplementary Notes 1 and 2.

To measure impactful sustainable behavior, we asked
participants to report on their past behavior in the most
important domains of everyday life: 1. shelter (electricity &
heating), 2. mobility, 3. consumption and 4. diet. We then
calculated people’s GHG footprint in CO, emission equivalents
to quantify an individual’s contribution to climate change based
on validated calculation principles for the German
population?4-26, The detailed calculation and life domain
selection principles can be found in the Methods. We then
used all the collected internal and external factors to predict
domain-specific footprints. To account for the multitude of
factors and their associations with each other, we used ML
models to analyze the data. To this end, we chose popular
models used in previous studies investigating GHG emissions
and survey data. In detail, we used Random Forests (RF),
support vector machines (SVM) and Lasso Regression (LASSO)
and compared their performance to a traditional linear ordinary
least squares regression model (LM) which still represents the
current practice of predicting climate-relevant behavior. More
information about the ML model selection, working principles
and advantages over more traditional models can be found in
the Methods and Supplementary Methods.

Footprint prediction capacity of internal and external factors.
In the first step of our analysis, we aimed to test whether we can
predict GHG emissions in the different domains of life through
the internal and external factors included in our study (for an
overview of all predictors used in the models, see Tables 1-7). To
this end, we evaluated prediction performance of all models on
out-of-sample data (i.e., data the models were not fitted on). That
is, we cross-validated all model fits on a training dataset (CV) and
assessed the final prediction performance on a separate test set.
The mean absolute error (MAE) was used as the general pre-
diction error metric and the explained variance (R2) was used to
quantify the variance in the GHG emissions that is accounted for
by the internal and external factors. A more detailed description
of the analysis procedure and rationale can be found in the
Methods and the Supplementary Methods.

The results show that all ML models outperformed the
standard LM. In detail, the RF exhibited the highest prediction
performance of all models across domains (on average), followed
by the SVM, LASSO and LM (see Fig. 1 and Supplementary
Discussion for full model description and discussion). Not only

did the ML models outperform the LM in most domains, but they
also consistently exhibited low variance in prediction perfor-
mance (Fig. 1, Supplementary Table 4 and Supplementary
Discussion). In the best performing RF, predicting individual
GHG emissions was most successful for the domains mobility
and diet. In these domains, prediction error on the test set was the
lowest (Mobility: RFyag=0.59, Diet: RFyag=0.68) and
explained variance the highest across domains (Mobility: RFz, =
33%, Diet: RFg, = 24%). Relatedly, the biggest performance gains
of the RF over the LM could also be observed in domains mobility
and diet, the latter domain showing the highest improvement. In
all domains, test set performance of the RF matched the
performance of the CV on the training set (test set prediction
values are within 1 SD intervals of the CV, Fig. 1).

These results illustrate three important points: First, low overall
prediction performance and high variance in performance in the
LMs indicates that using standard LMs could have led to
overestimation of model performance in the past, potentially
leading to misjudgments in the relative importance of factors for
predicting individual behavior. Second, the ML models managed
to capture the relationships between internal and external factors
with individual GHG emissions more accurately. Third, perfor-
mance gains of more complex (non-linear) models like RF and
SVM over linear models (LM and LASSO) indicate that internal
and external factors have complex relations with and interactive
effects on sustainable behavior (Fig. 1), which empirically
supports the assumption that individual sustainable behavior is
influenced by various interacting factors!2.

Key drivers and barriers of impactful sustainable behavior in
domains mobility and diet. Besides overall GHG emissions
prediction performance, we were also interested in evaluating the
relative importance of the factors included in our models. Since
the RF performed the best among all models and prediction of
GHG emissions worked best in domains mobility and diet, we
focused on analyzing factor importance of the RF in these
domains. Further, domains mobility and diet represent the first
and second highest contributing domains to households’ overall
GHG emissions in many European countries?’>28. Thus, it seems
promising to develop tailored GHG reduction programs for them.
Note that due to the high number of factors investigated in our
analysis and our study goal of identifying important factors, we
only focus on those factors considerably contributing to the
model prediction in the following (see Methods). All important
factors for predicting mobility and diet related emissions in our
models are depicted in Figs. 2 and 3, sorted by their relative
importance.

Within the mobility domain, two of the most important
demographic factors predicting GHG emissions are income and
professional status. Employed and wealthier people exhibited
much higher mobility related GHG emissions than people who
are retired and/or have lower incomes (Supplementary Figs. 4 and
5). This finding is consistent with previous studies investigating
impactful behavior and the environmental impact of affluent
citizens>18202229 " Further analysis of these relationships indi-
cated that higher-income individuals are more likely to possess
cars (most important predictor of GHG emissions in our model)
and tend to travel by car more frequently (Supplementary
Table 5). Again, this finding is in accordance with other previous
findings3%31. The relationship of GHG emissions with profes-
sional status, on the other hand, seemed to be exclusively driven
by retired individuals, since all other groups were attributed a
comparable amount of GHG emissions in our model (Supple-
mentary Fig. 5). Whereas previous research seems to be
inconclusive regarding travel activity at retirement age32-34, our
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INTERNAL FACTORS

EXTERNAL FACTORS

Table 1 Overview of previously investigated factors (predictors) in the models to predict sustainable behavior.

Description [number and type of items,
example item]

Name of predictor
(factor type)

Name of predictor (factor
type) [domain]

Description [number and type of items,
example item]

Attitudes towards sustainable behavior
[mean score of 2 items, numerical

“From my point of view, saving electricity is
unimportant”]

Behavioral Beliefs
(psychological), TPB

Personal Norms
(psychological), TPB

Opinions and habits of peers towards
sustainable behavior

[mean score of 2 items, numerical

“Most of the people who are close to me
keep their consumption behavior and
spending (e.g., on clothing, everyday objects)
as low as possible."]

Perceived behavorial control over sustainable
behavior

[mean score of 2 items, numerical

“For me, reducing my consumer behavior and
my consumption expenditure (e.g., on
clothing, everyday objects) is hard"]

Future intention to behave sustainably

[1 item, numerical, “When you think about
your future behavior (regardless of current
pandemic-related limitations), how much do
you agree with the following statements?

- | intend going without a car and using
alternative means of transport (bicycle,
public transport, etc.).”]

Perceived Control
(psychological), TPB

Behavioral Intention
(psychological), TPB

Evaluation of state
financial subsidies for
(energetic) renovation
(political)

[Shelter: Heating]

Evaluation of financial
subsidies of city/
municipality for
renovation

(political)

[Shelter: Heating]

Evaluation of information
about (energetic)
renovation

(political)

[Shelter: Heating]

Evaluation of information
about sustainable heating
behavior

(political)

[Shelter: Heating]

Satisfaction, transparency, accessibility of
financial subsidies for energetical renovation
state

[mean score of 3 items, numerical

“In 2019 the financial subsidies of the state for
an (energetic) renovation and installation of
more efficient heating sources were
insufficient”]

Satisfaction, transparency, accessibility of
financial subsidies for energetical renovation
muncipality

[mean score of 3 items, numerical

“In 2019 the financial subsidies of my city/
municipality for an (energetic) renovation and
installation of more efficient heating sources
were insufficient”]

Satisfaction, transparency, accessibility of
information regarding energetical renovation
[mean of 3 items, numerical

“Information for an (energetic) renovation and
installation of more efficient heating sources
are satisfactory”]

Accessibility and transparency of ecological
heating behavior information in general
[mean score of 2 items, numerical
“Information on environmentally friendly
heating behavior at home (e.g., setting the

water temperature, ventilation behavior,
thermostat regulation) are:"]

Supplementary Notes 2.

Predictor names are shown as used in the models. Parentheses behind predictor names indicate respective subcategory of internal/external factor as shown in Fig. 1, brackets behind predictor names
indicate the respective domain the factor was used in to predict footprints. Predictors for internal factors were used in all five domains to predict footprints and phrased accordingly. TPB: Theory of
Planned Behavior. Further information about the used items, previous results on predictor associations with sustainable behavior, comprehensive item phrasings and scale reliability can be found in

results suggest that retired individuals exhibited less mobility
related GHG emissions. This may be due to overall low usage of
high GHG transportation means such as cars, planes, and buses
(Supplementary Table 8).

Of the internal factors, perceived behavioral control constituted
the most important predictor of mobility-related GHG emissions.
Low subjective control over using alternative transportation
means to get to places of interest (e.g., work, grocery stores) was
associated with higher GHG emissions (Fig. 2). This result
illustrates that if individuals perceived alternative mobility
options like public transportation or bike riding as not feasible,
they exhibited higher GHG emissions, likely due to more frequent
and extensive car use (Supplementary Table 5). Similarly, negative
emotions, attitudes (behavioral beliefs) and low personal norms
towards alternative transportation means as well as dissatisfaction
with alternative mobility options were associated with higher
GHG emissions (Fig. 2). That is, if individuals were dissatisfied
with infrastructural circumstances of public transportation,
simply do not like sitting in buses or riding a bike to work or if
their family and friends also do not use alternative options, they
may have been more likely to resort to the car more often
(Supplementary Table 5). People’s travel mode habit was another
important predictor of GHG emissions in our analysis.
Individuals who routinely chose alternative transportation means
over driving had much lower GHG emissions than their
counterparts. This finding was expected, since travel mode

choices are very habitualized overall®®. Although being less
important for GHG emission prediction overall, behavioral
beliefs, norms and perceived behavioral control regarding air
travel seem to influence people’s mobility footprint as well. Like
car usage, if individuals and their social contacts held positive
attitudes towards air travel and saw no feasible alternatives, they
were more likely to fly, leading to higher emissions (Supplemen-
tary Table 6).

Although these findings suggest mobility related GHG
emissions to be largely under individual control through travel
mode choices, which is in line with some previous arguments2239,
we also found external factors affecting travel mode choice to be
particularly relevant in predicting GHG emissions. The relative
importance of these factors in our models strongly highlight the
role of mobility infrastructure and living circumstances. Most
prominently, added travel time using alternative mobility options
played a major role (most important predictor after car
possession and income) in mobility behavior: If individuals had
to spent considerably more time for their daily trips using
alternative mobility options, their footprint increased substan-
tially (Supplementary Fig. 6), presumably due to more extensive
car usage (Supplementary Table 7). This result is in line with
findings from another recent study showing relative travel time
(among other travel mode attributes) to affect subsequent
commuting behaviors®”. As expected, people reporting low
subjective control over and less habitual use of using alternative
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Table 1).

INTERNAL FACTORS

Table 2 Overview of previously investigated factors (predictors) in the models to predict sustainable behavior (continuation of

EXTERNAL FACTORS

Name of predictor
(factor type)

Description [number and type of items,
example item]

Name of predictor (factor
type) [domain]

Description [number and type of items,
example item]

Values
(psychological), VBN

General human values, Schwartz scales
Subscales: Self-Direction, Power, Universalism,
Achievement, Security, Stimulation,
Conformity/Tradition, Hedonism, Benevolence
[all subscales: mean value of 3 items,
numerical]

New ecological paradigm: Growth, Harmony
and Technology

[sum score of 3 items, numerical

“In order to survive, people have to live in
harmony with nature.”"]

NEP Growth/
Technology
(psychological), VBN

Awareness of
Consequences
(psychological), VBN

Awareness of consequences of climate change
[sum score of 4 items, numerical

“The consequences of climate change are
being dramatized.”]

Acknowledgement of responsibility towards
the environment/climate

[sum score of 2 items, numerical

“Climate change is mainly caused by
humans."]

Perceived Effectiveness of one's own behavior
for environment/climate change

[sum score of 2 items, numerical

“l can't do much to protect the environment on
my own."”]

Ascription of
Responsibility
(psychological), VBN

Perceived Consumer
Effectiveness
(psychological), VBN

Information about electricity savings behavior
muncipality

[1 item, categorical

In 2019, my municipality/city offered free
advice on energy efficiency, energetic
renovation and/or energy saving.]

Financial and situational support of using
alternative means of transportation at work
[1 item, categorical

“In 2019, my employer promoted the use of
alternative mobility options (e.g., the

Energy advice municipality
(political)
[Shelter: Electricity]

Employer support of
alternative mobility
options
(situational/
infrastructural)

[Mobility] possibility of a work bike, more vacation days
without a flight, job tickets)."]
Homeoffice Possibility and use of Homeoffice

[2 items, binary coded

“How many days a week did you work from
home on average in 2019 (remote work /
home office)?"]

Ownership structure of housing

[1 item, categorical

“Were you tenant or owner of your apartment
/ house in 2019?"]

(situational/
infrastructural)
[Shelter, Mobility]

Tenant/owner of house/
flat (situational/
infrastructural)

[Shelter: Electricity]

Involved in care of
relatives
(situational/
infrastructural)
[Mobility]

[1 item, binary coded

“At the end of 2019, did you have relatives in
need of care outside of your household that
you looked after?"]

reliability can be found in Supplementary Notes 2.

Continued from Table 1. Predictor names are shown as used in the models. Parentheses behind predictor names indicate respective subcategory of internal/external factor as shown in Fig. 1, brackets
behind predictor names indicate the respective domain the factor was used in to predict footprints. Predictors for internal factors were used in all five domains to predict footprints and phrased
accordingly. VBN: Value Belief Norm Theory. Further information about the used items, previous results on predictor associations with sustainable behavior, comprehensive item phrasings and scale

options for their everyday trips also mostly reported high levels of
added travel time for these options and vice versa (Supplementary
Figs. 8 and 9). Furthermore, travel time requirements seemed to
interact with some internal factors. The GHG reducing effect of
positive attitudes and emotions towards travel modes like trains
and buses seemed to be less pronounced for individuals who face
substantially prolonged travel times when using these alternative
means (Supplementary Figs. 10 and 11). Although to lesser
extent, external factors like the physical distance to a train station
and living area (city vs. rural) also seem to influence mobility
decisions and resulting GHG emissions (Fig. 2, Supplementary
Fig. 7, and Supplementary Table 7). This finding is partly
consistent with previous study results!>2238,

Next, we focus on the diet domain (Fig. 3), which highlights
the importance of internal factors. Dietary habits were the
key determinant of individual GHG emissions. That is, self-
reported automaticity of sustainable diet habits was most
predictive of a GHG-emission-friendly diet. Although still
exhibiting high relative importance, other internal factors
like perceived behavioral control, behavioral intentions, and
attitudes (behavioral beliefs) on dietary behavior which
previously have been claimed to be the main predictors in this
domain39-4!, deemed less important than dietary habits. Two
main reasons arguably account for this result. First, our footprint
calculation incorporated purchasing frequency of local, seasonal,
and organically produced foods as well as individuals’ dietary
form. This comprises a more comprehensive behavioral measure-
ment than many of the above-mentioned previous studies

» o«

(e.g., buying frequency of “eco-friendly”, “green”, or organically
produced food or meat consumption). Second, an individual’s
diet (e.g., omnivorous, vegetarian, vegan) seems to be compara-
tively stable over time and comprises the singular most important

determinant of overall diet GHG emissions#2~43. This is arguably
why we found dietary habits to be very influential. Moreover,
contemporary studies showed diet habits to significantly reduce
the influence of other factors on diet behavior*$4°, which again
speaks towards the necessity of investigating factors of sustainable
behavior in unison to assess their relative importance.

Value orientations and social norms were also relevant in
predicting diet related GHG emissions. People pursuing goals of
social status (power) or pleasure and gratification (hedonism)
exhibited higher diet related GHG emissions. Relatedly, politically
conservative individuals showed higher diet related GHG
emissions than liberals (Ideology) and individuals believing that
behaving sustainably constitutes a good citizen (Citizen norms:
Sustainability) showed lower diet-related GHG emissions overall.
These results are in accordance with previous research on meat
consumption and veganism showing that, for instance, con-
servative people and those valuing goals of power reported higher
meat consumption and more lapses from a vegetarian and vegan
diet**47:48_ Further, our findings suggest that individuals scoring
high on conscientiousness and neuroticism eat more sustainable.
In general, the literature on the relationship between dietary
patterns and personality traits revealed mixed findings in the
past®. Our results, however, align with more recent studies and
meta-analyses, showing that high conscientiousness is associated
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Tables 1-2).

INTERNAL FACTORS

Table 3 Overview of previously investigated factors (predictors) in the models to predict sustainable behavior (continuation of

EXTERNAL FACTORS

Name of predictor
(factor type)

Description [number and type of items,
example item]

Name of predictor
(factor type) [domain]

Description [number and type of items, example
item]

Personal normative beliefs on climate
obligations

[sum score of 2 items, numerical

“| feel obliged to do everything in my power
to stop climate change.”]

Habit of behaving sustainably

[1 item, numerical

“Saving electricity is something | do
automatically.”]

Emotions towards sustainable behavior
(happiness and satisfaction): [mean score
of 2 items, numerical

“How do you think you would feel if you
were to eat sustainably in the near
future?”]

Knowledge about determinants/processes
of climate change

[sum of correct answers to 9 items,
multiple choice format

“Compared to the corresponding amount of
vegetables in terms of calories, beef is...
harmful for the environment”]

Personal Normative
Beliefs
(psychological), VBN

Habits (psychological)

Emotions
(psychological)

Knowledge
(psychological)

Political efficacy
(psychological)

Internal and external political efficacy
mean scores of subscales:

Internal: [4 items, numerical]

External: [4 items, numerical]

[l can understand and assess important
political questions very well.”,

“The politicians strive to maintain close
contact with the population.”]

Possibility to renovate
apartment energetically
(situational/
infrastructural)

[Shelter: Heating]

Flight status (situational/
infrastructural)
[Mobility]

Car possession
(situational/
infrastructural)
[Mobility]

Satisfaction alternative
mobility options
(situational/
infrastructural)
[Mobility]

Availability of special
mobility options
(situational/
infrastructural)
[Mobility]

[1 item, categorical

“If | wanted, | could ensure that my (rented)
apartment / house would be energetically
renovated and/or a more efficient heating source
would be installed.”]

[1 item, categorical

"Did you fly at least once in the past three years
(2018 to 2021)?"]

Car possession
[1 item, categorical
“Do you own a car?"]

Satisfaction with infrastructure using different
mobility types (bike, public transport, walking)
[mean score 3 items, numerical

"How satisfied were you in 2019 with the
connection, travel time and frequency (for public
transport) as well as the transport infrastructure
of the following mobility options in your
residential area for typical destinations such as
your work, supermarket or leisure”]

Auvailability of car sharing, cycle paths, park & ride
infrastructure, public transport discounts and
other special mobility options

[sum score of 5 items, categorical

“Were there the following mobility options in your
area in 20197

- Public transport offers (e.g., for professional
groups, family cards, etc.)"]

reliability can be found in Supplementary Notes 2.

Continued from Tables 1-2. Predictor names are shown as used in the models. Parentheses behind predictor names indicate respective subcategory of internal/external factor as shown in Fig. 1, brackets
behind predictor names indicate the respective domain the factor was used in to predict footprints. Predictors for internal factors were used in all five domains to predict footprints and phrased
accordingly. VBN: Value Belief Norm Theory. Further information about the used items, previous results on predictor associations with sustainable behavior, comprehensive item phrasings and scale

with higher fruit and vegetable intake and more healthy diets in
general and that vegetarians report higher levels of
Neuroticism#®=>!, In contrast to many previous studies on
ecological food consumption®?, we did not find income to be a
limiting factor to pursue sustainable diets in general. Importantly,
consumption of ecologically produced foods represent only one
part of the diet GHG equation*!. Pursuing a conventionally
produced, mostly plant-based diet - on the other hand - is
usually not more expensive than a meat-based diet>. Thus, lower
income may not inevitably lead to high GHG emissions, an
assumption corroborated by our results.

Surprisingly, and in contrast to the mobility-sector results,
external factors did not seem to be overly relevant for diet related
GHG emissions. The only two relevant external factors were the
availability of sustainable food in restaurants or cantinas people
usually eat at and if people do or do not eat out regularly. Those
who eat out more regularly and reported lower availability of
sustainable food options in their local restaurants exhibited
higher GHG emissions (Fig. 3). Otherwise, knowledge about
sustainable food options, the availability of local, seasonal, and
organically produced foods in supermarkets or their identifia-
bility, for instance, do not seem to be limiting factors. Notably,
this finding is in line with only a few previous studies on
sustainable food consumption®4°°.

In general, our results regarding the diet domain support
claims of more general theories of sustainable behavior proposing
human values and pro-environmental attitudes to be precursors
of sustainable behavior!2-56:57_ That is, diet-related CO, emissions
seem to not only be driven by diet-specific internal factors like
habits or perceived control but also by individuals’ personality
and more general (ideological) beliefs, values, and norms
revolving around sustainability which can form the motivational
basis of dietary patterns. However, as argued above, the relative
importance of the latter factors is lower in comparison to the
former factors (see Fig. 3).

Drivers and barriers of impactful sustainable behavior in
domains shelter and consumption. Unlike when predicting
mobility and diet GHG emissions, attempts to predict people’s
shelter (electricity & heating) and consumption GHG emissions
were only partly successful. Notably, previous studies predicting
shelter related GHG emissions showed better performance and
found demographic (e.g., income, age), external factors (e.g.,
community zone) and dwelling characteristics (e.g., fuel and
apartment type, household size) to be relevant®8-%0. Although we
found similar factors like living area, income and age to be among
the most important factors in the shelter domain in our models
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Tables 1-3).

INTERNAL FACTORS

Table 4 Overview of previously investigated factors (predictors) in the models to predict sustainable behavior (continuation of

EXTERNAL FACTORS

Name of predictor
(factor type)

Description [number and type of items, example
item]

Name of predictor
(factor type) [domain]

Description [number and type of items,
example item]

Trust in different official institutions

[mean score of 9 items, numerical

"Please indicate below to what extent you trust the
respective institutions or groups of people.

- German federal government”]

Political trust
(psychological)

Big Five personality factors

sum scores of Subscales: Conscientiousness

[3 items, numerical]

Openness to Experience

[3 items, numerical]

Extraversion

[3 items, numerical]

Agreeableness

[3 items, numerical]

Neuroticism

[3 items, numerical]

[l am someone who..."]

Voting intention in the next German federal
election

[1 item, categorial

“If there was a federal election next Sunday, which
party would you vote for with your
ZWEITSTIMME?"]

Self-Placement in one-dimensional political
Spectrum

[1 item, numerical

“Many people use the terms “left” and “right” to
denote different political attitudes. We have a
yardstick here that runs from left to right. When
you think of your own political views, where would
you place those views on this scale? Please tick the
appropriate box."]

Big Five
(psychological)

Voting Intention:
Party
(psychological)

Ideology
(psychological)

Satisfaction special
mobility
(situational/
infrastructural)
[Mobility]

Satisfaction with special mobility options, such
as car sharing, cycle paths, park & ride
infrastructure, public transport discounts and
other special mobility options

[mean score of 5 items, numerical

“"How satisfied were you with the following
mobility option (s) near you in 2019?

- infrastructure for “park and ride""]
Development of charging infrastructure and
conditions for e-Mobility

[mean score of 2 items, numerical

“How good were the infrastructural conditions
in 2019 at your typical everyday destinations
for electric cars (e.g., free parking spaces,
extra lanes/parking spaces for electric cars)?"]

Development of
e-Mobility
Infrastructure
(situational/
infrastructural)
[Mobility]

Distance to nearest bus and train station
[2 items, integer number (Distance in km)]

Distance to nearest
public transport
(situational/
infrastructural)
[Mobility]

Added travel time
alternative mobility
(situational/
infrastructural)
[Mobility]

Change in time spent commuting to when
using alternative transportation

[3 items, recoded to one item

“How much more/less time did you have to
spend on average if you had used alternative
means of transport (e.g., public transport,
bicycle, etc.) instead of a car to get to work?"]

Supplementary Notes 2.

Continued from Tables 1-3. Predictor names are shown as used in the models. Parentheses behind predictor names indicate respective subcategory of internal/external factor as shown in Fig. 1, brackets
behind predictor names indicate the respective domain the factor was used in to predict footprints. Predictors for internal factors were used in all five domains to predict footprints and phrased
accordingly. Further information about the used items, previous results on predictor associations with sustainable behavior, comprehensive item phrasings and scale reliability can be found in

(Fig. 4), the overall prediction accuracy of our models in this
domain remains relatively low (see Fig. 1 and Supplementary
Discussion).

An explanation for the lower prediction accuracy in our
models may be that shelter related emissions are under lower
personal control than emissions in other domains!®6!, This is
indicated by the relatively high factor importance of perceived
control in our models (Fig. 4) and becomes even more apparent
when reviewing the determining factors of shelter related GHG
emissions: The amount of energy necessary for space and water
heating (and subsequent GHG emissions) is largely determined
by the installed heating source (i.e., fuel type), type and state of
the dwelling as well as its size®2. An oil heating system produces,
all other things being equal, much more GHGs than, for instance,
an electrical heat pump fueled by solar power®. Similarly, a
newly built, low-energy house radiates much less heat to the
outside than a mid-18th century building. At the same time,
individuals living in large, single family homes produce much
more GHGs than individuals living in a small flat®?. Simply
speaking, if people live in spacious, old buildings with bad
isolation and high-emission energy sources, they can heat as

frugally as they want and still produce large amounts of GHG
emissions!®2°. Regarding electricity, the most important deter-
minant of GHG emissions is the generative source®’%4. High
GHG electricity generation can quickly undermine benefits of
saving behaviors®!. Therefore, consumers receiving electricity
generated from renewable sources (e.g., solar, wind or hydro-
electric) can use considerably more energy than their non-
renewable counterparts and still produce less GHGs (see also
current net avoidance factors in Germany?>92).

Of course, we could have simply included dwelling character-
istics and electricity type in our model as additional external
factors. However, in doing so we would have confounded
predictor and outcome variables because these variables are
already included in carbon footprint calculators (as the one we
used) to estimate individual GHG emissions. For instance,
people’s heating behavior (e.g., thermostat setting, ventilation
habits) is offset against their dwelling characteristics (e.g., fuel
type, isolation, living space, household size) when their footprint
is estimated (Supplementary Note 3). Since dwelling and
electricity generation characteristics are the main determinants
of individual GHG emission, other internal and external factors
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Tables 1-4).

INTERNAL FACTORS

Table 5 Overview of previously investigated factors (predictors) in the models to predict sustainable behavior (continuation of

EXTERNAL FACTORS

Name of predictor
(factor type)

Description [number and type of items, example
item]

Name of predictor (factor
type) [domain]

Description [number and type of
items, example item]

Political participation
(psychological)

Political participation regarding environmental
issues

Sustainability as Topic of Conversation:

[1 item, categorical

“There are various ways in which one can try to
improve something in Germany or to prevent

of this over the past 12 months?

/ family/other people”]
Member of an Environmental Organization:
[1 item, categorical
“Some people are members of different groups or
associations. Please indicate whether you are a
member of the following groups yourself and how
you are involved.
- environmental organization”]
Conspiracy belief:
Climate Change
(psychological)

change

[1 item, numerical

“Man-made climate change is an excuse to
patronize citizens or to tax them.”]

something from getting worse. Have you done any

- Discussed the topic of “sustainability” with friends

Conspirational thinking about human-cause climate Eating out regularly

Care of relatives
(situational/infrastructural)
[Mobility]

Regular care work for relatives outside
of own house [1 item, binary

“At the end of 2019, did you have
relatives in need of care outside of your
household that you looked after?”

Regular visits to canteens/restaurants
[1 item, binary

“Did you eat out regularly (at least
once a week) in 2019 (e.g., canteen/
restaurant at work)?"]

(situational/infrastructural)
[Diet]

Continued from Tables 1-4. Predictor names are shown as used in the models. Parentheses behind pred;

Supplementary Notes 2.

behind predictor names indicate the respective domain the factor was used in to predict footprints. Predictors for internal factors were used in all five domains to predict footprints and phrased
accordingly. Further information about the used items, previous results on predictor associations with sustainable behavior, comprehensive item phrasings and scale reliability can be found in

ictor names indicate respective subcategory of internal/external factor as shown in Fig. 1, brackets

in our models can only account for the effect of individual
behavior regarding heat and electricity savings on GHG
emissions. Individual savings behavior, however, affects the
overall footprint to a much lesser extent, as argued before?’.
The fact that we did not include dwelling characteristics and
electricity generation in our models may partly explain the lower
prediction accuracies of our models compared to previous studies
which did include factors like fuel type, household size, and
apartment type to predict shelter related emissions. Nevertheless,
we consider it important to not conceptually confound predictors
with the measurement of the to-be-predicted behavior. In
summary, regulatory efforts on the supply-side (e.g., implementa-
tion of renewable electricity generation and energetically efficient
dwellings) as well as demand-side (e.g., target people’s dwelling
characteristic needs) seem to be the most promising approaches
to notably reduce shelter GHG emissions.

A challenge for investigating consumption related GHG
emissions is the tractability of purchased products’ complete
environmental life cycle. That is, calculating accurate footprints
would require assessing every product bought in the year of
interest, including a detailed description of the brand, type, and
origin of goods to estimate product lifecycle emissions®®. Even
though tracking of singular products might be possible, assessing
and calculating direct and indirect GHG emissions for all
products that individuals bought over a year is virtually
unattainable. As a result, we surveyed more general consumption
patterns (e.g., frequency of buying second-hand goods, monthly
spending on goods) based on recommendations in previous
studies (Supplementary Note 3) to calculate consumption based
GHG emissions. However, this estimation method might be more
prone to memory errors, leading to less accurate GHG emission
values. In fact, the GHG distribution of our sample in this domain
differed the most from the expected distribution for the German

8 COMMUNICATIONS EARTH & ENVIRONMENT | (2023)4:422 | https://dol

population (Supplementary Fig. 3). Although in our models we
found factors which were relevant for consumer behavior in
previous studies (e.g., income>® and habits®”) to also be the most
important predictors of consumption GHG emissions (Fig. 5), the
overall model prediction performance remains relatively low
(Fig. 1). For the present study, we found no feasible way of
calculating consumption related GHG emissions more accurately.
Future research could explore the utility and improvements in
calculation accuracy of alternative approaches (e.g., longitudinal
recordings of goods consumption via mobile apps).

Discussion

Contemporary solutions to climate change mitigation target
individual behavior and needs. Developing these solutions effec-
tively, however, requires a comprehensive understanding of the
factors influencing individual sustainable behavior in everyday
life as well as their interactions. In this regard, our study provides
important insights.

First, we were able to empirically demonstrate that individual
sustainable behavior in different life domains is shaped by a
multitude of different factors and their mutual interactions. The
higher prediction accuracy of the ML models compared to tra-
ditional linear regression models commonly used to study factors
of sustainable behavior shows that the former, more complex
models are more appropriate for investigating predictors of GHG
emissions.

Second, we were able to analyze the relative importance of
predictors of GHG emissions more accurately than previous
studies by considering multiple predicting factors for different life
domains simultaneously, accounting for their complex interplay,
measuring behavior comprehensively, and validating results on
out-of-sample data. We found many important factors in our
models for different life domains to resemble those identified in
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Table 6 Overview of previously investigated factors (predictors) in the models to predict sustainable behavior (continuation of

Tables 1-5).

INTERNAL FACTORS

EXTERNAL FACTORS

Name of predictor
(factor type)

Description [number and type of items, example
item]

Name of predictor
(factor type) [domain]

Description [number and type of items,
example item]

Number of regularly consumed (non-)
mainstream media formats: Frequency of Use,
Media for News Consumption, Mainstream
Media Consumption, Non-Mainstream Media
Consumption

[3 items each, sum score

“Please indicate how often you have used the
medium mentioned on average over the past 12
months. - TV",

"Please indicate how often you have used the
medium mentioned on average over the past 12
months.

- News programs on TV (also online via the media
library)”,

“Which sources of information do you mainly use
to find out about politics in the media? (Multiple
choices possible)”]

Environmental citizenship norms

[1 item, numerical (7 point scale)

“There are different opinions about what
constitutes a “good citizen”. How important
would you rate the following behaviors to be a
good citizen?

Media consumption
(psychological)

Citizen Norms:
Sustainability
(psychological)

in everyday life"]

Citizenship norms

[1 item, numerical (7 point scale)

“There are different opinions about what
constitutes a “good citizen”. How important
would you rate the following behaviors to be a
good citizen?

Citizen Norms: Political
Consumerism
(psychological)
[Consumption, Diet]

ecological aspects, even if they are more
expensive”]

- Behave sustainably and environmentally friendly

- Select products according to political, ethical or

Availability of seasonal, organic or regional
groceries

[1 item, numerical

“In order to be able to buy organic, regional or
seasonal products, | had to go a long way and
undergo disturbing circumstances in 2019."]

Availability sustainable
groceries

(situational/
infrastructural)

[Diet]

Price and options of vegetarian and vegan
dishes in frequently visited restaurants/
canteens

[sum score of 5 items, numerical

“The restaurants/canteens | ate in regularly
offer a wide range of vegetarian dishes."]

Availability sustainable
food in restaurant
(situational/
infrastructural)

[Diet]

Possibilities of
sustainable consumption
(situational/
infrastructural)
[Consumption]

Possibility to rent and buy second hand
[mean score of 2 items, categorical

“In 2019 there were opportunities to borrow
utensils (e.g., lawn mowers, drills, etc.) that |
rarely need near my place of residence.”]

Supplementary Notes 2.

Continued from Tables 1-5. Predictor names are shown as used in the models. Parentheses behind predictor names indicate respective subcategory of internal/external factor as shown in Fig. 1, brackets
behind predictor names indicate the respective domain the factor was used in to predict footprints. Predictors for internal factors were used in all five domains to predict footprints and phrased
accordingly. Further information about the used items, previous results on predictor associations with sustainable behavior, comprehensive item phrasings and scale reliability can be found in

previous studies, but we also found the importance of quite a few
factors to deviate from previous literature.

For policy makers, our results suggest that reducing mobility
related GHG emissions demand actions on multiple levels. First
and foremost, alternative mobility options like public transpor-
tation, car sharing, or bike riding must become more attractive
and widely available. As indicated by our results, people will not
refrain from high GHG transportation means such as cars or
national flights if alternative options are not accessible, inap-
propriate, overly time-consuming, or simply out of their beha-
vioral control, even if they have the desire to use them. These
findings are in line with previous studies on external factors of
mobility behavior!>38 and also point towards so-called “lock-in
effects”. The situational and infrastructural circumstances of
individuals’ living sectors may lock them in to certain behaviors
(i.e., car usage) to fulfill their needs, like going to work or grocery
shopping, which makes direct behavioral interventions less
effective®®-70, These circumstances can only be improved by
investing in reliable, fast, and ample public transportation infra-
structure and changes in city designs and land use2%7%, Unlocking
travel mode choices and satisfying individual needs through
targeting mobility circumstances is likely to lead to changes in

mobility behavior and may also reduce the strong effect of income
on mobility GHG emissions found in our analysis and in previous
studies®?°. However, when implementing such measures, policy
makers must be aware of “rebound effects” (i.e., the saved time
and money is spent on other consumables or increased leisure air
travel) that may negate some of the GHG reductions?’. An
alternative approach to reduce the particularly strong effect of
income on mobility related GHG emissions may also include
more general socio-ecological transformations, such as reducing
contracted working times and discussing ways of economic de-
growth while still maintaining (or even improving) well-being.
However, the wider implications of such measures have been
debated?®.

Although situational and infrastructural barriers limit indivi-
dual agency and the potential effectiveness of behavioral inter-
ventions, our results indicate internal factors (e.g., attitudes,
norms, and habits) to be important for choosing travel modes.
Therefore, directly targeting internal factors seems promising for
reducing GHG emissions. This may be addressed by supporting
habit changes”!72, financial incentives to use and continue using
alternative options!>17:7374, or promoting their benefits’> to
change people’s attitudes and norms. The impact of more general
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Tables 1-6).

INTERNAL FACTORS

EXTERNAL FACTORS

Table 7 Overview of previously investigated factors (predictors) in the models to predict sustainable behavior (continuation of

Name of predictor
(factor type)

Description [number and type of

items, example item]

Name of predictor (factor
type) [domain]

Description [number and type of items, example
item]

Gender (demographical)

Federal home state
(demographical)

Income
(demographical)

Professional status
(demographical)

Highest educational
qualification
(demographical)

Self-identified gender of respondent

[1 item, categorical
(male, female, other)]

1 item, categorical

Monthly income in €
1 item, numerical

Job status
[1 item, categorical

looking for a job, apprenticeship,
student, employee, civil servant, self-

employed, retired]
1 item, categorical

Knowledge electricity
(technological)
[Shelter: Electricity]

Traceability electricity
(technological)
[Shelter: Electricity]

Traceability heating
(technological)
[Shelter: Heating]

Traceability consumption
(technological)
[Consumption]

Traceability diet
(technological)
[Diet]

Knowledge of annual Electricity Consumption

[1 item, binary coded

"I know my annual electricity consumption from
2019."]

Knowledge of Electricity Consumption of Household
Devices

[1 item, numerical

“In 2019 | knew exactly which devices in my
household were using the most electricity.”]
Power Consumption in own Household

[1 item, numerical

“In 2019 | was able to see and understand my
current power consumption exactly at all times.
Information: For instance, using a smart meter can
make electricity consumption traceable.”]

Heating consumption traceability in own Household
[1 item, numerical

“In 2019 | was able to see and understand my
current heating consumption exactly at all times.”]
Traceability of sustainability of new Products

[1 item, numerical

“When | buy new everyday objects (e.g., furniture,
electronics or clothing), | can see exactly how
sustainably they have been produced.”]
Identifiability of sustainable Food

[2 items, numerical

“The labeling of ecological, regional and organic

Living area Area of residency (urban/rural)
(demographical) 1 item, categorical

PLZ First three ZIP Code digits
(demographical) 1 item, numerical (integer number)
Age 1 item numerical (integer number)

(demographical)

food is easy to understand.”]

Supplementary Notes 2.

Continued from Tables 1-6. Predictor names are shown as used in the models. Parentheses behind predictor names indicate respective subcategory of internal/external factor as shown in Fig. 1, brackets
behind predictor names indicate the respective domain the factor was used in to predict footprints. Predictors for internal factors were used in all five domains to predict footprints and phrased
accordingly. Further information about the used items, previous results on predictor associations with sustainable behavior, comprehensive item phrasings and scale reliability can be found in

factors of pro-environmentalism (e.g., environmental education,
perceived consequences and responsibility or norms regarding
climate change) on reducing mobility related GHG emissions
seems negligible, which is in line with some previous
studies?>7276. Nevertheless, implementing regulative measures
that target these factors (e.g., pointing out consequences or
individual responsibility for climate change) may still lead to
behavioral changes in the long run17.

Regarding diet related GHG emissions, our results highlight
the potential and need for demand-side solutions. Dietary habits
seem to be the main component of diet-related GHG emissions.
Therefore, extrapolating habit-breaking strategies that have been
shown to, for instance, help reducing meat consumption or eating
healthier to sustainable diets in general may be promising*®77,
Although to a lesser extent, positive attitudes, norms and per-
ceived control towards sustainable diets and sustainability in
general are also predictive of diet behavior. Since these factors are
precursors of intention formation’® and motivate behavior!?,
regulatory efforts may be best invested in promoting the multi-
tude of positive effects of sustainable diets (e.g., climate and
health benefits!”44). In contrast to previous suggestions, factors
like availability of sustainable food options in supermarkets, their

identifiability or individual income do not seem to contribute
much to dietary choices and thus may not be promising targets
for encouraging GHG-emission-friendly diets. Crucially, how-
ever, this does not imply that targeting availability and prices of
conventional food options (meat products in particular) would
also be inefficient in reducing GHG emissions. Quite the con-
trary, implementing policies that shift financial and structural
power from conventional food lobbies and the meat industry to
the organic sector may substantially complement the effectiveness
of campaigns promoting dietary shifts”®.

Furthermore, our findings indicate that shelter-related emis-
sions are strongly influenced by dwelling and electricity genera-
tion characteristics. Consequently, a combination of supply-side
and demand-side solutions should have big effects on GHG
emissions in this domain. Making use of technological advance-
ments in dwelling solutions and energetically renovating build-
ings contribute more to GHG reductions than, for instance,
information campaigns on saving energy or promoting environ-
mental awareness. This notion is backed up by multiple studies in
environmental science literature showing the importance and
climate benefits of directly targeting dwelling characteristics, like
house construction and heating systems®®80-82_ Similar to
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Fig. 1 Prediction performance of individual GHG emissions in all life domains (cross-validation and independent test set). a Explained variance and

b mean absolute prediction error of the Random Forest (RF), Linear Regre
models. Colored error bars indicate performance in the 10-fold cross-validat

ssion (LM), Lasso Regression (LASSO) and Support vector machine (SVM)
ion (CV) on the training set, spanning a 1SD interval. Star and square indicators

represent average performance across folds. Upward pointing triangles below the error bars indicate prediction performance on the independent test set.
Dashed lines indicate absolute performance difference between the LM and RF. Values are rounded to two decimal places. Negative R? values indicate a

worse model fit than always predicting the mean GHG emission (RZ = 0)

heating, expending renewable electricity production has a more
direct effect in reducing GHG emissions than just educate or
encourage people to save electricity®!. However, large-scale dec-
arbonization of the electrical grid as well as building and adap-
tation of more energy efficient homes may not be enough to meet
global climate goals. Within the demand-side framework,
researchers have advocated for implementing policies that more
directly target resource-intensive living standards. As mentioned
previously, the size of dwellings and their type (single family vs.
multifamily housing) particularly contribute to shelter-related
GHGs. Thus, promoting broader societal changes by directly
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(see Supplementary Methods).

addressing city planning and individual lifestyles, for instance by
supporting compact city designs and multifamily housings as well
as incentivizing individuals to reduce their living space while still
maintaining personal well-being, might also be necessary>>8.
Our study comes with a few limitations. Although we did our
best to identify all previously investigated internal and external
factors influencing sustainable behavior, there is a possibility that
certain factors may have eluded our investigation. Nonetheless,
based on previous study results and our comprehensive review of
existing literature, it seems likely that we managed to include the
most important factors in our analyses. Further, whereas the
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model prediction towards higher emissions. Black bars indicate the overall importance of the predictor for the model prediction performance. Predictors are
sorted by their relative importance. Only predictors with average importance (mean SHAP value) above the mean importance of all predictors are shown
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important predictors) but the plot is based on including all predictors in the model. For more information, see Supplementary Methods.
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information, see Supplementary Methods.

present study investigated individual behavior, emissions directly
caused by individuals in their daily life only constitute part of a
population’s overall GHG emissions, around 18% of total GHG
emissions in Germany®®, which seems representative of many
Western civilizations28-83-84, Therefore, mitigation efforts must be
extended to infrastructural, agricultural, and industrial sectors
which emit the remaining part of total GHGs. Notably, average
footprints and the observed drivers and barriers of sustainable
behavior might not be the same everywhere across the globe$®
and thus the relative impact of regulatory measures might also

vary between countries as well as over time!®2886.87 Therefore,
future research should extend the proposed design to non-
Western countries and also observe changes in behavior and their
drivers and barriers over time, another knowledge gap identified
in the recent IPCC report>. Being able to flexibly adjust regulative
measures in different transition phases and contexts based on
knowledge about the respective factors and their interaction could
speed up climate change mitigation drastically®. Although we
measured impactful behavior by using externally validated GHG
footprint calculators, we were unable to examine the calculation
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Fig. 5 Predictor importance for individual GHG emissions for consumption domain in the Random Forest. Summary (beeswarm) plot and predictor
importance (black bars) for life domain shelter. Predictor importance was calculated using Shapely values. The summary plot shows the relationship of
individual predictor values with model prediction compared to the average prediction. Dots represent individuals in the dataset, overlapping points are
jittered on the y-axis. Individual values on the respective predictors range from low (blue hue) to high (red hue). Positive SHAP values indicate a change in
model prediction towards higher emissions. Black bars indicate the overall importance of the predictor for the model prediction performance. Predictors are
sorted by their relative importance. Only predictors with average importance (mean SHAP value) above the mean importance of all predictors are shown
(i.e., most important predictors) but the plot is based on including all predictors in the model. For more information, see Supplementary Methods.

principles ourselves due to restrictions in code accessibility.
Therefore, future research efforts may focus on further develop-
ment of reliable GHG assessment tools and make their source
code available to interdisciplinary research teams. Due to our
overall study aim of identifying the most important factors
driving and hindering sustainable behavior, we did not follow up
on all potential interactions or relationships between predictors
implicitly captured by our ML models. However, since there are
likely to be more important interactions that could lead to even
more tailored regulative strategies, future studies could use our
data set and test for specific interaction effects.

Our findings demonstrate that the interplay of drivers and
barriers to individual GHG emissions in everyday life is com-
plex. We thus argue that factors influencing sustainable beha-
vior should be investigated with approaches which are able to
account for this complexity. We found an overall high effect of
internal factors such as perceived behavioral control, habits, and
attitudes on individual GHG-emission-friendly behavior.
However, in some life domains, their impact can be altered or
even extinguished by external factors such as infrastructural
barriers or dwelling characteristics. Policy makers thus need to
consider these complex interplays and may focus on the most
important factors when designing demand-side solutions to
climate change mitigation targeting individual behavior
and needs.

Methods

Literature review and selection of influencing factors. We first
performed a systematic literature review to identify the relevant
factors of individual sustainable behavior. We selected those
factors which are grounded in established theories on sustainable
behavior as well as those which were relevant in meta analyses,
large scale studies and climate change mitigation reports. Since

14

the final list of identified factors was extensive, we provide a
summarized overview (see Tables 1-7). A more in-depth
description of the literature review, identified factors and pre-
vious research results can be found in Supplementary Note 1, 2
and Supplementary Fig. 2.

In general, the identified drivers and barriers of sustainable
behavior can be categorized into internal (i.e., person-related) and
external (ie., situation-related) factors!0. Internal factors con-
sisted of constructs derived from the Theory of Planned Behavior,
Value-Belief Norm Theory, and habit formation. These include
attitudes, (personal) norms and values, perceived behavioral
control, behavioral intentions, climate change awareness and
personal responsibility beyond others. We further considered
environmental knowledge, emotions towards sustainable beha-
viors, political attitudes and voting intention as well as media
consumption and demographics as internal factors. External
factors subsume political, social, economic, and cultural condi-
tions people find themselves in. They were highly domain-specific
and included items like accessibility to information and feedback
about energy and heating behavior, situational possibilities of
eating sustainably or infrastructural mobility circumstances (e.g.,
access to public transportation).

Measuring sustainable behavior. We measured impactful sus-
tainable behavior by calculating people’s GHG footprint in CO,
emission equivalents to quantify an individual’s contribution to
climate change. Unlike most previous studies, we assessed
emissions separately for the most important domains of
everyday life: 1. shelter (electricity & heating), 2. mobility, 3.
consumption and 4. diet. This is crucial, since individuals who
behave sustainably in one life domain (e.g., exclusively use
public transportation), do not necessarily behave sustainably in
another life domain (e.g., renounce from eating animal
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products) and identifying a factor as impactful in one life
domain does not imply it having the same effect in other
domains!1->8:88.89 The respective (sub-) domains were derived
from previous studies on GHG emission sectors®® and guide-
lines proposed by the German Federal Environmental Office?4
in cooperation with two major non-profit organizations for
investigating sustainable behavior in Germany ifeu gGmbH?2>
and KlimAktiv gGmbH?2°. In their work, the authors identified
important sectors of GHG emissions, presented suggested
methods of assessment and footprint calculation principles,
which we adapted. The authors further divided shelter related
emissions into electricity and heating related emissions, which
we also adapted. Doing so, we adhered to validated measure-
ment strategies, following most of the best practice measure-
ment principles for footprint calculators®, account for the high
region-specificity of individual footprints and emission
factors!®86 and assess drivers and barriers of electricity and
heating behavior separately. For three out of the four life
domains of interest, we used the official footprint calculation
tool issued by the German Federal Environmental Office24. For
the mobility domain, we calculated individual carbon footprints
based on current insights of carbon emission budgeting and
emission factors for the mobility domain in Germany. These
calculations were performed by the TdLab Geography research
group (for more information on the calculation principles, see
Supplementary Note 4). Prior to the final calculation, values for
each item of the respective calculators were plotted and
inspected. Implausible values were identified and removed/
recoded by using existing statistics about individual behavior or
theoretical maxima of specific items (e.g., >30 liters of fuel
consumption for a regular family sedan or the theoretical
maximum duration of an inner-European flight). In some cases,
we were not able to identify specific cut-off values for items and
relied on using boxplot statistics to remove/recode values. After
the final calculation, each participant was assigned their desig-
nated carbon footprints, represented in CO, equivalents. The
respective mean CO, equivalents for all life domains of our
sample (except from consumption) fell within the expected
range of the official governmental report of Germany (Supple-
mentary Fig. 3). Initial preprocessing was done using R pro-
gramming language, final preprocessing and calculation steps
were performed using the Python programming language. For
more information on the specific preprocessing steps, calcula-
tion principles for each life domain and formulas, see Supple-
mentary Notes 3 and 4.

Model selection. To analyze the relative importance of internal
and external factors for individual sustainable behavior, we used
ML models. Compared to traditional statistical models, a main
advantage of ML models is that they are better able to quantify
the impact of different internal and external factors in everyday
life when many other potentially influential factors are
present?321.92 This is because ML models can learn complex
associative patterns (e.g., non-linear relationships, higher order
interaction effects and interdependence between variables)
directly from the data, without the need to specify all potential
patterns beforehand®>%4, This feature is crucial, since manifold
relationships between internal and external factors influencing
sustainable behavior exist in the real world (as argued before) and
the models used to predict sustainable behavior must be able to
capture this complexity.

Despite their increasing popularity in environmental and
social sciences, ML models have not yet been widely applied to
identify factors influencing climate-relevant behavior. Although
a few recent studies deployed ML models to analyze influencing

factors of emissions, the used models either were not able to
account for complex interactions between factors®, focused on
specific intervention effects on GHG emissions”> or were used
to identify overall household emission clusters?3. In our study,
however, we aim to predict individual GHG emissions (in all
relevant life domains) through a multitude of internal and
external factors and account for their complex interplay. Doing
so, we applied different ML models. First, we chose the popular
Random Forest ML model due to its ability to approximate any
input-output mapping function, ability to cope with small to
medium-sized dataset and - on average - higher prediction
accuracies on survey data compared to other ML or traditional
models?1:949, We also directly compared the RFs performance
to two other popular ML models, a linear LASSO regression and
non-linear SVM, which delivered promising results in related
work on predicting GHG emissions mentioned earlier®%%>. We
compared the ML models’ performance to a traditional linear
ordinary least squares linear regression model which represents
the current practice of predicting climate-relevant behavior. For
detailed information about the used ML models and full model
results, see Supplementary Methods and Supplementary
Discussion.

Analysis procedure. All analysis steps were performed using the
Python programming language version 3.8, as well as computa-
tional libraries such as scikit-learn®’, numpy®®, pandas®® and
scikit-optimizel%0, Prior to the analysis, the complete dataset was
shuffled and randomly split into 80% training set and 20% testing
set. The final sample sizes for the training and testing set per
domain can be found in Supplementary Table 2. This allows us to
assess the resulting models’ prediction performance on out-of-
sample data. We did so because interpreting models that don’t
generalize well to out-of-sample data (i.e., over-/underfitted
models) can lead to biased conclusions regarding the relation-
ships of predictors with the outcome. Focusing on out-of-sample
prediction performance is thus crucial to assess how robustly a
model captures patterns in the data for a studied population®3. In
turn, focusing on prediction performance on out-of-sample data
aids our main study goal of assessing the relative importance of
individual factors for sustainable behavior and their complex
relationships with each other more accurately.

All internal and external factors (Tables 1-7) were entered as
predictors into the ML and LM models with the respective
footprints for each life domain as the dependent variables (see
Supplementary Note 2 for more detailed information about the
predictors). To ensure prediction suitability of the used
constructs!®!, we examined the scale reliability which revealed
good overall internal consistency (a>0.70) with only a few
exceptions (see Supplementary Table 3). Continuous predictor
variables and all footprint values were standardized (z-trans-
formed) to ensure comparability across life domains. Categorical
predictors were dummy coded (i.e., one-hot encoded) for the LM,
LASSO and SVM to work with. To simultaneously get a first
estimate of the models’ prediction capability and find the best
hyperparameters for the ML models, we employed a nested 10-
fold cross-validation technique (CV) on the training set. This
procedure represents the current best practice of evaluating
model performance in ML settings, since finding the optimal
setting for the model and prediction performance are not
mixed!02-104. Hyperparameters in the ML models during nested
CV were tuned using Bayesian Optimization!? or Grid Search.
After the CV, all models were once again fitted on the complete
training set and evaluated on the held-out test set to validate the
estimated prediction performance from the CV. A graphical
depiction and detailed description of the whole analysis
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procedure can be found in Supplementary Methods and
Supplementary Fig. 1. The mean absolute error and explained
variance R? were used as evaluation metrics. The respective model
prediction accuracies are depicted in Fig. 1, a tabular version can
be found in Supplementary Table 4. To calculate the predictor
importance, we used Shapeley Additive explanation (SHAP)
values!9>, which represent the contribution (i.e., importance) of
each predictor to the final model output for each single
observation. In the main text, we only focused on predictors
with mean SHAP values greater than the mean SHAP values of all
predictors. For more information on SHAP values, see Supple-
mentary Methods.

Data availability

The data set underlying the results presented in this article as well as the raw survey
data set are freely accessible on the Open Science Framework at https://doi.org/10.17605/
OSF.IO/WNFMB.

Code availability
The code used to analyze the data is freely accessible on the Open Science Framework at
https://doi.org/10.17605/OSF.IO/WNFMB.
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Introduction

Monitoring the political opinions of the general public is a valuable asset in today’s world.
Tracking individuals’ political views and attitudes enables policymakers to develop tailored
regulatory measures and supports researchers in studying political trends and factors that
shape political opinions and behavior (Dong & Lian, 2021; Schober et al., 2016). Today,
various methods exist to study public- and individual-level political opinions. Although self-
reports integrated into surveys still dominate the opinion research space (Berinsky, 2017), the
utilization of publicly available social media data (SMD) has gained extensive popularity in
recent years (Rousidis et al., 2020). Arguably, SMD offers key benefits: Spontaneous ex-
pressions of opinions can be captured, accessed and analyzed in real-time without the
limitations of predefined response options (e.g., Reveilhac et al., 2022; Schober et al., 2016).
Further, the pool of available participants is high with a total of 4.8 billion unique user
identities and 400 million active users worldwide across the major platforms as of July 2023
(Kemp, 2023). Although SMD represents a promising tool in social science, the number of
studies using SMD to study sociopolitical issues—although increasing—remains relatively
low compared to other data sources like self-reports (c.f. Dong & Lian, 2021), especially in
countries other than the US. Additionally, existing studies differ greatly in their overall study
aim, methodologies and study characteristics (Dong & Lian, 2021). The existing work ex-
tracting information about political opinions (e.g., attitudes and ideology) and behavior of
users from SMD on an individual level can be broadly categorized based on what type of SMD
is analyzed. Most of the work either deployed text analysis or network analysis (or in rare
cases a combination of both).

Text analysis aims to transform textual (social media) content into quantitative data using
(automated) lexical analyses (Schober et al., 2016). A variety of methods exists within text
analysis (for an overview see Eichstaedt et al., 2021), all relying on the theoretical notion that
individuals freely share their thoughts and opinions (e.g., in posts) and that derived estimates are
based on psycho-linguistic properties of the texts (e.g., Kumar & Sebastian, 2012). A popular text
analysis method to analyze SMD is sentiment analysis. Here, researchers first cluster semantically
similar words within a text (e.g., social media posts) into categories or contexts which are then
used to further categorize the content into positive, negative or neutral (and infrequently more
detailed) sentiments. The contextualization of words in these models to extract sentiments is done
using dictionary-based approaches, word embedding models or (nowadays increasingly popular)
transformer-based models (Widmann & Wich, 2023). Finally, the estimated sentiment of posts is
then used to predict sociopolitical outcomes (see Skoric et al., 2020, for an overview of recent
studies). Notably, not all studies on SMD explicitly model sentiments. Some works also use
machine learning models (ML) to directly use the contextualized words to predict sociopolitical
outcomes (Skoric et al., 2020). Although using text analysis—specifically sentiment analysis—
has yielded promising results in the past (e.g., Chung & Zeng, 2016; Lansdall-Welfare et al., 2012;
Tumasjan et al., 2010), recent meta-analyses and reviews have revealed significant divergences in
their prediction accuracies of sociopolitical outcomes (e.g., Rousidis et al., 2020; Skoric et al.,
2020). This may not only be due to large differences in the analyzed political outcomes, data
sources and political systems but also due to the model types used, with ML models yielding the
highest prediction performance of political opinions and sociopolitical outcomes (Skoric et al.,
2020).

Further, recent articles also showed that so-called network analysis approaches often out-
performed text analysis approaches in estimating (or predicting) political opinions, with the
highest accuracy observed when using both approaches in combination (e.g., Skoric et al., 2020).
Based on these results and as argued by others, network analysis presents a promising way to study
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political opinions and sociopolitical outcomes using SMD (e.g., Gayo-Avello, 2013; Kwak &
Cho, 2018; Livne et al., 2021; Pallavicini et al., 2017), which is why we will focus on this
approach in our work. Network approaches use the connections (i.c., follows) and interactions
(i.e., sharing, likes and comments) between users, so-called relational edges, to extract infor-
mation about individuals’ political opinions and behavior. Such approaches rely on the theoretical
notion that interactions and following decisions of users represent signals of their political
opinions (e.g., attitudes and ideology) (e.g., Barbera et al., 2015). In line with that, research has
shown that individuals tend to be more likely to connect with individuals who are similar to them,
for instance, those who share their (political) opinions (McPherson et al., 2001), a phenomenon
known as homophily. Especially on social media, such a tendency can be strengthened by friend
recommenders and other algorithms (Aral, 2020). Although the homophily assumption describes
a general tendency and does not imply that all individuals only connect with like-minded others,
most empirical studies have shown that—much like in the real world—Iike-minded users (e.g.,
similar opinions) are more often than not connected on social media and, consequently, are also
more likely to form homogeneous opinion networks (e.g., Aiello et al., 2012; Cinelli et al., 2021;
Figeac & Favre, 2023; Khanam et al., 2023; Lee & Brusilovsky, 2010; McPherson et al., 2001;
Pallavicini et al., 2017). Building on the homophily assumption, we also aim to estimate indi-
viduals’ political opinions from their social networks.

Although manifold approaches and model classes exist to analyze social networks, an essential
method is dimensionality reduction (DR). DR presents a family of tools to condense the network
structure (i.e., user and their connections) to create a more compact and informative representation
of the network (Chikhi et al., 2007; Nishana & Surendran, 2013). In previous research, DR has
been used to enable network models to work with high-dimensional SMD through creating
embeddings (e.g., Chikhi et al., 2007; Grover & Leskovec, 2016; Yan et al., 2007) or was in-
directly built into (advanced) models (e.g., layer transformations & pooling in Graph Con-
volutional Neural Networks, Bronstein et al., 2016; Zhang et al., 2019). However, DR methods
have also been used standalone in network analysis for user clustering and community detection
(e.g., Al-Omairi et al., 2021; Zarzour et al., 2018), uncovering hidden structures (e.g., Chikhi et al.,
2007) or extracting global network characteristics like religious beliefs (e.g., Kurucz et al., 2008).
Notably, and relevant to our approach, many studies on estimating (individual-level) political
opinions from SMD have also used standalone DR models. For instance, Barbera et al. (2015)
successfully used DR to analyze ideological segregation and cross-ideological communication in
social networks. Wojcieszak et al. (2022) used DR to analyze ideological congruency in the
interaction of social media users with politicians and news organizations, while Barbera (2015a)
and Bond and Messing (2015) used DR to estimate political ideology of Facebook and Twitter
users (renamed to “X”’; we use the name “Twitter” throughout the work like it was called during
data collection) which correlated with self-reported political opinions and was predictive of voting
turnout.

Although studies using standalone DR have yielded promising results, they exhibit a few
limitations that we will address in the present study. First, the DR techniques used so far to extract
individual-level political opinions from SMD (e.g., ideology, beliefs and attitudes) tend to be
relatively simplistic. That is, studies mostly used models such as Correspondence Analysis (CA)
or linear latent space models (e.g., Barbera, 2015b; Barbera et al., 2015; Eady et al., 2019;
Tausanovitch & Warshaw, 2017). However, these models focus on linear relationships in the data
and thus are likely to perform badly in instances when more complex, non-linear relationships
exist (e.g., De Backer et al., 1998; Nanga et al., 2021). We argue that similar to SMD sentiment
analysis, where more complex ML models increased estimation performance (Anjaria & Guddeti,
2014; Skoric et al., 2020), network-based analysis of SMD would also benefit from using complex
ML models. This is because individual political opinions (such as ideology) are complex
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phenomena and a linear combination of factors (i.e., followed accounts) seems unlikely to explain
this manifoldness. Social networks—including those on platforms like Twitter—can be under-
stood as complex systems (Boccaletti et al., 2006; Tunstel et al., 2021). As such, the different
nodes (i.e., Twitter accounts) in a social network may interact, communicate, provide feedback to
each other, and adjust accordingly. Looking at social networks from the angle of cybernetics,
causal feedback loops continuously impact nodes in their thinking, attitudes, and behaviors (Tilak
et al., 2023). In such networks, next to linear and non-linear effects, also synergetic effects can
occur between nodes. Therefore, posts, likes, shares, etc. from various accounts a user follows,
might exhibit synergetic effects that only occur at a specific constellation and/or complex non-
linear, non-additive effects might shape the opinions of the user, including ideological views. Such
effects, however, are unlikely to be caught by simplistic linear models. Complex ML models
therefore seem more fitting to examine complex network structures and ultimately individuals’
opinions (Silva & Zhao, 2016). Notably, however, they have not been widely applied to extract
individual-level public opinions from SMD.

Further, most studies so far have been conducted in the US political context (e.g., Barbera et al.,
2015; Bond & Messing, 2015; Brito et al., 2021; Eady et al., 2019). It is questionable if their
results would translate to other parts of the world, since estimating individual political opinions of
users in bipartisan political systems (such as the US) seems much simpler than in more complex,
multiparty systems like most European countries (Traber et al., 2023; Wagner, 2021). Further,
previous studies analyzing cross-country network compositions revealed that European Twitter
users usually have more ideologically heterogeneous networks than US users, making it po-
tentially harder to pinpoint their political opinion from their network structure (Barbera, 2015b).
To our knowledge, only one study by Barbera (2015b) explicitly estimated individuals’ political
opinions from social media networks in countries other than the US. However, validation of the
opinion estimates was limited to the correlation of political elites (i.e., followed political accounts
by individual users) with expert ratings. Therefore, the feasibility and accuracy of estimating
individuals’ political opinions from social media networks in non-US contexts is still
understudied.

In the current study, we aim to address the mentioned limitations. Our primary research
objective is to examine if general political opinions of non-US social media users can be estimated
based solely on their Twitter network structure. Further, we aim to test if a complex, non-linear DR
model outperforms a widely used linear DR model in extracting these opinions. Specifically, we
employ an unsupervised Variational Autoencoder (VAE) ML model and a linear CA. Thereby, we
obtain a point estimate for each social media account in latent space which we assume to represent
their general political opinion. To test the capability of both models to estimate individuals’
political opinions, we first compare their DR performance on the same dataset and inspect the
distribution of point estimates to validate how closely they resemble expected opinion distri-
butions (from left-leaning to right-leaning). In the final validation step, we correlate the models’
point estimates with self-reported opinion data (symbolic ideology and voting intention) for a sub-
sample of users from a dataset surveyed in 2021.

Methods

Data Collection and Pre-Processing

To facilitate individual-level opinion estimation, we analyzed the connections of regular, po-
litically interested Twitter users with political accounts which present a clear political stance. For
the most part, we followed the approach of Barbera et al. (2015). First, we identified the Twitter
accounts of German politicians and their followers. To accomplish this, we created a list of
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German politicians in office in all sixteen federal states or the national parliament and matched
each politician with their Twitter account. A detailed description of this procedure can be
found in the supplemental materials, I.I. In total, we retrieved N = 1434 active Twitter accounts
of German politicians. Next, using their Twitter user IDs, we queried the complete follower
list of each account. Data collection took place in July 2022. In the following, we refer to the
retrieved followers of political accounts as users. Similar to previous studies and to improve
data quality (e.g., Gayo-Avello, 2013; Kwak & Cho, 2018), we pre-processed the user lists by
removing politicians following each other and user accounts created after our survey data
collection (see supplemental materials, I.I for full procedure). After the initial pre-processing,
the list of users following political accounts resulted in N = 13 306 769 unique users. Next,
analogous to Barbera et al. (2015), we only kept users, who followed at least 10 political
accounts to reduce the number of inactive accounts and focus on politically interested users.
The final user count after these steps resulted in N =276 008 unique users. Although this final
list only encompassed a subset of all followers obtained in the first step, we expected this
reduction based on similar following rates of political accounts (number of users following ten
or more political accounts) in social media networks reported in previous research (e.g.,
Barbera et al., 2015; Wojcieszak et al., 2022).

Analogous to Barbera et al. (2015), we considered the political opinion of a user as a position
(i.e., point estimate) in a multidimensional, latent space which can be obtained from the following
structure of Twitter users with the respective political accounts. For our models to calculate these
positions, we first arranged users and political accounts in an N X m adjacency matrix, representing
the following structure of each Twitter useri € {1, ..., n} (row) for a target political account; € {1, ..., m}
(column), with ¥;; = 1 indicating a following decision and Y; = 0, otherwise. Doing so, our
adjacency matrix represented a bipartite, directional graph structure (see Tabassum et al., 2018)
with initial network matrix dimensions of Y = [276 008 x 1434]. After a further check of this
following matrix, we removed seven additional political accounts that were either no longer
followed by any user or were mistakenly identified as accounts of politicians previously, yielding
the final following matrix ¥Y'=[276 008 x 1427]. To validate our models on out-of-sample data, we
divided the final matrix into a separate training and test set (90% train and 10% test), resulting in
Yirain=1[248 407 x 14271, Y,05, = [27601 x 1427] matrices. Further information about the adjacency
matrix and dataset splitting procedure can be found in the supplemental materials, subsection L.I.

For our final model checks and the relation of point estimates to self-reported political
opinion and behavioral intentions, we used survey data (collected between December 2020 and
February 2021) from a study conducted by one of the authors. In total, N = 780 individuals
reported on different personality and political opinion items. Relevant to the current study, this
survey assessed self-reported symbolic political ideology via the one-item left-right self-
placement and voting intentions. Participants were also asked to provide their Twitter user
name voluntarily (if they had an account). Of all participants in the study, N = 173 provided a
(valid) user name. In the present study, we used the self-report data of these participants to
validate our models and refer to it as the self-report dataset in the following. To create this
dataset, we first used the reported Twitter user names and queried the Twitter API to retrieve
their user IDs. In total, N = 163 unique accounts could be retrieved. Then, we matched user IDs
to the IDs in the follower lists of political accounts acquired previously. Since one of our
intended models (CA) only works if an individual user follows at least one political account (see
Model Selection and Description), we removed all users not following any political account
(i.e., all zero values). After applying these procedures, the self-report dataset matrix Yoz epors =
119 x 1427 was obtained. Further information about the self-report dataset (including deployed
scales, study procedure and ethics approval) can be found in the supplemental materials,
subsection LIII and in (Sindermann et al., 2021, 2022, 2023).
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Model Selection and Description

As mentioned in the Introduction, manifold network analysis approaches could be applied to our
research questions. However, based on our data structure (bipartite, directed graph) and similar to
many previous studies on individual-level political opinion (e.g., Barbera, 2015a; Barbera et al.,
2015; Bond & Messing, 2015; Eady et al., 2019; Kurucz et al., 2008; Wojcieszak et al., 2022), we
used standalone DR models. Specifically, to test whether individual political opinions of German
Twitter users can be inferred solely from their network structure and whether a more complex ML
model would outperform a simple linear model, we deployed two DR models: Correspondence
Analysis (CA) and Variational Autoencoder (VAE).

CA is conceptually related to Principal Component Analysis and can be used to analyze
relationships between multiple categorical variables. Specifically, CA uses linear combinations
(i.e., transformations) of the original input data to project the rows and columns onto a new, lower-
dimensional subspace. Similar to previous studies (e.g., Barbera et al., 2015; Eady et al., 2019), we
used CA to reduce the full following matrix Y to a lower-dimensional subspace. Afterward, we
analyzed its DR capabilities by reversing this transformation to reconstruct (i.e., approximate) the
input data from this subspace and compared it to the original input data. We further checked if
projected subspace row coordinates represented Twitter users’ opinion point estimates and if
column coordinates represent the overall political positioning of the respective political accounts.
The CA was set to reduce the following matrix to two latent dimensions. This was done for several
reasons. First, we were interested in obtaining a single point estimate on one latent dimension for
each user that is expected to represent their political opinion. In a CA, the first dimension extracted
incorporates the highest eigenvalue (i.e., the highest amount of variance captured) of all di-
mensions, which we assumed to represent overall political opinion (see Barbera et al., 2015, for a
similar approach and in-depth description). Second, fitting a CA on large datasets can be
computationally expensive. Thus, mapping inputs to fewer dimensions reduces the computation
time substantially (e.g., Halko et al., 2011). Lastly, using two dimensions simplifies data visu-
alization by creating a 2D plot of the point estimates, even though we were only interested in the
first CA latent dimension. A more detailed description of the CA and its working principles can be
found in the supplemental materials, subsection L.II and in Barbera et al. (2015).

Similar to CA, VAE also presents a DR model. However, in contrast to CA, VAEs compress
data with greater complexity using non-linear and probabilistic mappings. VAEs are unsupervised
ML models based on neural-network autoencoders. They comprise an encoder network for
projecting data into a latent distribution and a decoder network for reconstructing the original
input from the latent codes. The encoder typically consists of multiple, fully connected layers with
the last layer approximating the latent representations (posterior) using a multivariate Gaussian
distribution from which the individual latent codes of users and political accounts (much like the
projected row and column coordinates in the CA) can be sampled. The decoder part of the network
then reconstructs (i.e., approximates) the original input matrix from the sampled latent codes.
From an intuitive standpoint, VAEs learn to represent the essence of a dataset (i.e., network
structure) in a condensed and structured way. Using a probabilistic, non-linear, neural network-
based DR approach, their encoding of users and political accounts should lead to a more nuanced
representation and differentiation of political stances in a multiparty system compared to a linear,
deterministic DR model like CA. Although adaptations of VAE for network-based data (geometric
ML) exist (Variational Graph Autoencoder, see Kipf & Welling, 2016), we used a regular VAE
which does not explicitly preserve relational structures between users but only between users and
political accounts. This decision was made based on our data structure and the overall goal of
estimating users’ opinions from their decisions to (not) follow political accounts analogous to
previous studies. To enable model comparison with the CA, we mapped inputs to two latent
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dimensions in the VAE as well. We assumed that one dimension would represent individuals’ and
politicians’ overall political opinions. The VAE used in our study comprised three hidden, fully
connected neural layers for the encoder and decoder. The general model architecture is depicted in
Figure 1, a detailed description of the VAE (latent code extraction, differences to CA, training
procedure and hyperparameter setting) can be found in the supplemental materials, subsection LII.

Analysis Procedure

Both the CA and VAE were first trained on the training dataset. For an initial check of how
accurately the models compressed the original network (DR performance), we reconstructed the
following matrix from the calculated latent dimensions and compared it with the original matrix of
the training dataset. Since both the original and reconstructed matrix contained binary data
(following status), we used typical classification performance metrics to check model perfor-
mance. In detail, we calculated Precision, Recall, F1 score, Matthew’s correlation coefficient
(MCC) and Balanced Accuracy (BACC). The latter two are particularly well-suited metrics for
sparse, imbalanced datasets, common in many network analysis applications (Chen et al., 2024).
Imbalance also applies to our study’s data, since only ~1.7% of all values in the training and test
datasets represented “follows” (i.e., ones). Despite not opting for a data resampling technique
before model fitting to balance the distribution, MCC and BACC still allowed us to evaluate the
models’ performance and capability to represent the minority class appropriately. Also, we as-
sumed follow decisions to be equally important/signaling as non-follow decisions to estimate
individual political opinions. We were thus interested in the classification performance for both
follow and non-follows, which are better represented by MCC and BACC compared to the
aforementioned metrics. Additionally, we calculated the overall proportion of correctly predicted
cases (PCP) and the Brier score to enable performance comparison with previous studies (see
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supplemental materials, subsection ILII). As an uninformed classification baseline and to
benchmark both the CA and VAE, we further calculated a Naive Classifier (NCF), which always
predicts the positive majority class (“no follow”). After training and evaluating the models on the
training set via the reconstruction approach, we applied and evaluated the trained models on the
test set using the same classification performance metrics.

Next, we visually inspected our models’ point estimates and latent dimensions. First, we
inspected the overall distribution of user point estimates on the two latent dimensions. As
mentioned, the latent dimensions in the models should represent a condensed version of the
overall structure in the original network matrix. Therefore, we expected one of the two dimensions
in our models to resemble the general political opinions of individual users. In doing so, we plotted
the point estimates of each user (training and test set) on the two latent dimensions and highlighted
them based on the percentage of political accounts from a respective party the user followed in
relation to the total number of followed accounts. To do so, we first matched all political accounts
in our dataset to their respective party membership for all parties that were part of the German
national parliament at the time of the study: Parties on the left side of the political spectrum:
Alliance ’90/Greens (Green party), Social Democratic Party (SPD) and The Left (Linke); and
parties on the right side: Alternative for Germany (AfD), Christian Democratic Union/Christian
Social Union (CDU/CSU), Free Democratic Party (FDP). The left-right categorization was based
on the Open Expert Survey 2021 (OES), in which experts rated each party for their political stance
on different political dimensions and scales (Jankowski et al., 2022). We used data from this work
instead of the often used Manifesto report (Lehmann et al., 2023) because the OES surveyed
considerably more experts, potentially leading to more robust ratings of parties’ political posi-
tions. As described, we expected that the more accounts from a specific party the users follow
(percentage-wise), the more they are likely to hold similar opinions to the party based on the
homophily assumption (McPherson et al., 2001), which was in detail introduced before and has
been investigated and supported by previous research (e.g., Aiello et al., 2012; Barbera, 2015a;
Barbera et al., 2015; Bond & Messing, 2015; Cinelli et al., 2021; Lee & Brusilovsky, 2010;
McPherson et al., 2001; Pallavicini et al., 2017; Wojcieszak et al., 2022). Therefore, individuals
following a relatively high number of politicians from left-leaning parties (Linke, Green party,
SPD) were expected to be on the opposite spectrum compared to individuals following right-
leaning parties (AfD, CDU/CSU, FDP). The total and average counts of followed accounts per
party and dataset as well as the final vote shares of the German federal election in 2021 (Wilko,
2021) are depicted in Table 1. Vote shares were added to enable a comparison of the party
following distribution in our datasets against the respective party popularity in the German
population.

Afterward, we checked if the overall estimated political positioning of parties corresponded to
their overall political positioning judged by experts. To this end, we again used data from the 2021
OES (Jankowski et al., 2022). Specifically, we used expert ratings positioning each party on a
typically used left-right ideology scale ranging from 0-20. To check alignment, we plotted these
scores against the median party point estimates of both the CA and VAE from our models. In
detail, similar to Barbera et al. (2015), we collated the model column coordinates of political
accounts from the same party on the first dimension (matching individual political accounts to
their party) and used the median of all these column coordinates as a measure for the models’
overall party positioning. Further information about the extraction of column coordinates can be
found in the supplementary materials, subsection L.II. All estimates were standardized to ensure
comparability of party positionings in the models and the scores of the OES report. As a final
check of our models capturing political opinions, we compared user point estimates with their self-
report data in our self-report data set. After applying our trained models on the self-report dataset
to get users’ point estimates, we first calculated Spearman correlations between users’ point
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Table I. Overview of party accounts followed per dataset.

Dataset
Train Test SR Federal election
Party % follows Mdn (IQR) % follows Mdn (IQR) % follows  Mdn (IQR) % votes
Linke 1.3 2(1,4) 11.4 2 (1,4 10.0 2(1,5) 49
SPD 27.0 5(1, 8) 26.9 5(1,8) 333 3(2,5) 25.7
Greens 24.9 4(1,7) 24.9 4 (1,7) 34.9 2 (1.5,5) 14.8
FDP 11.0 2 (1,3) 11.0 2 (1,3) 12.0 2 (1,5) 11.5
CDuU/CSU 19.3 4 (1, 6) 19.1 4 (1, 6) 7.8 2(1,3) 24.1
AfD 6.5 3(1,9) 6.7 3(1,9) 2.0 3.5 (2, 10.3) 10.3

Note. % follows = Percentage of follows relative to all followed party accounts, excluding non-follows. Mdn = Median
number of party accounts followed calculated for all users following at least one of the respective party accounts. IQR =
Interquartile range of 25% and 75%. % votes indicate overall party vote shares in the 2021 German federal election.
Train: Training dataset, Test = Test dataset, SR = Self-report dataset. Values are rounded to one decimal. Sample size per
dataset: Nerain = 248 407, Niese = 27601, Neitrepore= | 19, total count of accounts followed per dataset: N, =5 801 440,
Ntest = 643 563, Nself—reporc = 1759.

estimates and their self-reported political (symbolic) ideology assessed on a scale ranging from 1
(left) to 10 (right). We expected a positive relationship between point estimates and symbolic
ideology. Next, we plotted users’ point estimates conditioned on their reported party voting
intention in the next German Federal election (Sonntagsfrage). Analogous to self-reported
ideology, we expected a gradient in overall point estimates. That is, median point estimates of
users signaling to vote for more left-leaning parties should be lower than users intending to vote
for more right-leaning parties. Further, we used the opinion point estimates to predict self-reported
voting intention using a multinomial logistic regression model (see supplemental materials,
subsection LIII). However, due to the highly unequal cell sizes with much less participants
indicating to vote for more right-leaning parties (see section “Opinion Estimate Validation Using
Self-Report Data”), we focus on the visual inspection of point estimate distributions in the main
text. Finally, we calculated the respective classification metrics of the reversed (i.e., reconstructed)
matrices for the self-report set (see supplemental materials, subsection II.I). Figure 1 provides a
visual depiction of the full analysis procedure and workflow.

Results

Reconstruction Performance

To check the models’ capacity to represent users’ network structure (i.e., following decisions) in a
latent space, we inspected the adjacency matrix reconstruction performance. The overall results
are depicted in Table 2. Across all calculated metrics and the training and test datasets, the VAE
consistently achieved a higher reconstruction performance than both the CA and the NCF. The
VAE managed to classify the majority of the positive class (non-follows) more accurately (higher
Recall) and misclassified less of the following decisions (i.e., negative class) as non-follows
(higher Precision). However, since both datasets were highly imbalanced (~98.3% of all values
are in the positive, non-follow class), the NCF seems to (almost) match the performance of the
VAE on the F1 score, Precision and Recall metrics and even outperformed the CA on the former
two. Therefore, we focused on comparing model performance on the MCC and BACC which
evenly take the classification performance for both classes into account. Again, the VAE showed
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Table 2. Model reconstruction performance.

Metrics

BACC MCC Fl score Precision Recall

Models Train Test Train Test Train Test Train Test Train Test

VAE 0.69 0.69 0.52 0.52 0.99 0.99 0.99 0.99 1.00 1.00
CA 0.52 0.52 0.12 0.12 0.79 0.79 0.66 0.65 0.99 0.99
NCF 0.50 0.50 0.00 0.00 0.99 0.99 0.98 0.98 1.00 1.00

Note. Performance rounded to two decimals. NCF: Naive classifier (always predicting majority class, “No follow”). Positive
class: “No follow,” negative class: “Follow.” BACC: Balanced accuracy, MCC: Matthew’s correlation coefficient. Train:
Training dataset, Test: Test dataset. Preferred model for each metric and dataset in bold.

an overall higher classification performance for the follow and non-follow decisions (higher
BACC and MCC), thus reconstructing the following matrix more accurately than the other two
models. Although performing worse than the VAE and the NCF on unbalanced metrics, the CA
outperformed the NCF on the balanced BACC and MCC metrics. A similar results pattern
emerged for the additionally calculated Brier score and PCP (see supplemental materials,
subsection IL.II).

Inspection of Opinion Estimates

Next, we visually inspected the latent dimensions and user opinion point estimates. Since the VAE
outperformed the CA regarding matrix reconstruction performance, we only show the point es-
timates for this model in the following (see supplemental materials, subsection ILIII for CA point
estimates). Figure 2 shows individual user point estimates from the VAE on the two latent di-
mensions plotted separately for each party. As expected, individuals following a proportionally high
number of left-wing parties (Green party, Linke and SPD) appear to have low values on the second
latent dimension and vice versa for followers of right-wing parties (AfD, CDU/CSU, FDP). This
finding indicates that the second latent dimension in the VAE symbolizes individuals’ general
political opinions. The first latent dimension in the VAE seems to represent the magnitude of users’
following decisions. In detail, the more political accounts users followed overall (total follows), the
lower their scores in the first latent dimension seem to be. This is indicated by a gradient of large to
small points from negative to positive values on the first latent dimension (Figure 2). Supporting this
visual inspection, we found a substantial correlation between the total number of followed accounts
and user values on the first latent dimension (» = —.54, p <.001). These observations are, however,
purely post-hoc interpreted, because we had no prior assumptions about what this latent dimension
in the VAE might represent before data analysis.

Next, we used the party estimates (i.e., column coordinates) on the second latent dimension in
the VAE and the first dimension in the CA to check the overall estimated party alignment with
expert ratings from the OES. The results are depicted in Figure 3. Broadly, the VAE more closely
matched the expected overall party positions from the OES. The distance to the reference
opinion estimates (OES) was lower for most of the parties compared to the CA (except SPD).
Additionally, the overall distinction of estimated party positions (i.e., separating more left from
more right-leaning parties) in the VAE was higher. In fact, party estimates in the CA were almost
identical for five out of six parties (except AfD). Notably, the party estimates in both the VAE
and CA for the party LINKE seem to deviate the most from the OES.
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user. Larger points indicate more followed accounts overall.
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Opinion Estimate Validation Using Self-Report Data

In the last step, we validated opinion estimates from the VAE and CA with our self-report dataset.
First, we looked at the distributions of self-reported ideology and voting intentions of our sample.
On average, our sample’s self-reported ideology levels were left-leaning, and not a single
individual reported strong right-leaning ideologies (M;zeotogy = 3.29, SDigeotogy = 1.33,
MinMax,;geo10gy = [1, 8]). The same was true for voting intentions. The majority of individuals
reported intending to vote for left-leaning parties (Green party: 54, Linke: 15, SPD: 19) and only
twelve individuals in total for the (more) right-leaning parties (FDP: 7, CDU/CSU: 4, AfD: 1). The
remaining reported to vote for other, non-major parties (Other: 18) or to not vote at all (no vote: 1).
These self-report results align only partly with the overall following rates of political accounts in
our work since users in the self-report dataset followed even more politicians from left-leaning
parties percentage-wise than users in the training and test set (Table 1).

Looking at the distribution of opinion point estimates of both the VAE and CA, their mean and
standard deviation seemed to align with this overall left-leaning trend of the self-report data, with
the VAE exhibiting a lower mean and higher standard deviation compared to the CA
(Mcy=—0.24, SDcp =0.33, Myag = —0.72, SDyar = 0.76). Looking at the relationship between
opinion point estimates of users with their self-reported symbolic political ideology (left-right), we
found a medium correlation in both models (VAE: r = .46, p < .001, CA: r = .46, p < .001).
Although exhibiting similar positive correlation coefficients, the opinion point estimate



Brandenstein et al. 13

distributions and absolute values seemed to differ between models (see Figure 4). In the CA, most
point estimates were closely grouped except for a significant outlier on the highest self-reported
ideology scale point. In comparison, the general pattern of point estimates and self-reported
ideology in the VAE seemed more nuanced, showing a bigger variance in point estimates within
and between self-reported ideology scores.

Next, we analyzed the capacity of our models’ point estimates to predict party voting in-
tentions. Figure 5 shows the distribution of point estimates by self-reported voting intentions for
each party and model. As expected, the ordering of opinion estimates in the VAE was mostly in
line with the expected ordering per party. That is, individuals intending to vote for more
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left-leaning parties had lower, negative median opinion estimates (Mdp.. = —1.04,
Mdoy/Greens = —0.87, Mdspp = —0.62), whereas those intending to vote for more right-leaning
parties had higher, (mostly) positive opinion estimates (Mdcpycsy = —0.1, Mdppp = .33,
Md 4, = 1.73). Notably, individuals intending to vote for CDU/CSU exhibited an overall lower
median point estimate than expected (i.e., lower median estimates than the ones intending to vote
for FDP). However, the point estimate variance for the CDU/CSU was relatively large compared
to the other parties and only four individuals reported voting intentions for this party. Compared to
the VAE, the CA median opinion estimates were less in line with the expected party ordering.
Similar to the overall party positioning (Figure 3), the variance between median point estimates for
the different parties was much smaller compared to the VAE with only the most right-leaning party
(AfD) exhibiting a high difference (and high absolute value) in median point estimates. Median
estimates for parties LINKE and Greens were identical (Md = —0.3) with the median estimate for
SPD (Md = —0.29) being the lowest of all parties (although only marginally). Additionally,
estimates for more right-leaning parties FDP and CDU/CSU were only slightly higher than for the
previously mentioned left-leaning parties and also almost identical to one another
(Mdgpp = —0.19, Mdcpycsy = —0.2). Put simply, the CA only showed small differences in
estimated opinion estimates between individuals voting for different parties. This may, in turn,
have led to a higher divergence of expected opinion estimate ordering based on the voting in-
tention compared to the VAE. In sum, the relationship between the point estimates and voting
intention in the VAE seemed more nuanced and in line with the expected distribution compared to
the CA. This result was further supported by the multinomial logistic regression model, in which
the VAE showed a superior model fit compared to the CA in predicting voting intentions through
opinion point estimates (see supplemental materials, subsection ILIV).

Lastly, we also checked the CA and VAE following matrix reconstruction performance on the
self-report dataset. Similar to the train and test set, the VAE consistently outperformed the CA and
NCF across calculated metrics (see supplemental materials, section subsection IL.I). This again
indicates that the learned latent representations in the VAE more closely captured the network
relationships compared to the CA.

Discussion

In the present study, we explored whether social network data can be used to infer individuals’
political opinions in countries other than the US. In doing so, we utilized dimensionality reduction
(DR) models to analyze the network of German Twitter users to obtain individual-level political
opinion estimates.

Our results not only corroborate findings from previous studies showing that estimating in-
dividual political opinions from social media data (SMD) using individuals’ following decisions is
feasible (e.g., Barbera, 2015a; Barbera et al., 2015; Bond & Messing, 2015) but that this esti-
mation also works in a multiparty political system like Germany; and thus potentially in other
countries outside of the US as well. This result is noteworthy since many countries other than the
US have a multiparty system and—in the special case of Germany—ordering political parties on a
general left-right continuum is a complex issue with no universally agreed-upon solution. De-
pending on the used dimension (social, economic, etc.) and applied method, researchers have
come to different party orderings in the past (Jankowski et al., 2022; Lehmann et al., 2023). This
ordering issue in combination with a higher number and unequal distribution of voting intention
classes in our study (six parties following different political agendas in the German context) thus
presents a more challenging prediction endeavor than in a bipartisan context like the US.

Despite these challenges, our study shows that opinion estimates of users following accounts
from German politicians broadly align with the respective overall party stance judged by experts.
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Further, the results suggest that the more accounts portraying a specific political stance social
media users follow, the more likely they are to hold similar opinions. Particularly, the more
accounts from “extreme” parties, like the right-leaning AfD, individuals follow, the more extreme
their opinion point estimates become, reflecting a left-right dimension. In line with previous
studies on social media and offline social networks, this supports the assumption of homophily
(e.g., Aiello et al., 2012; McPherson et al., 2001).

Moreover, we find that using complex ML models can benefit the estimation accuracy of
individuals’ public opinions from SMD. First, the unsupervised VAE ML model captured the
intricacies of the following structure more precisely compared to an uninformed baseline
model and a linear DR algorithm (CA). Possibilities to compare our models’ matrix re-
construction performance to the literature are somewhat limited since—to our knowledge—
only one related, previous study (conducted in the US) reported the (unbalanced)
reconstruction performance (e.g., Barbera et al., 2015). Compared to this study, however, our
VAE exhibited higher absolute reconstruction performance and greater improvements over an
uninformed baseline. The nuanced network representation in the VAE is further corroborated
by a closer match of the ideological party estimates with expert ratings compared to the CA.
The individual-level opinion estimates in the VAE also showed stronger relationships with
self-reported opinions compared to the linear CA. Not only did the user opinion estimates
show strong correlations with self-reported symbolic ideology but also a more accurate
relationship with individuals voting intentions. All these results empirically support the
assumption that complex, non-linear relationships in the following structure of social media
networks exist and need to be considered in the modeling phase to estimate individual-level
opinions more accurately. Being able to extract individual-level political opinions solely from
SMD following decisions yields several practical implications. Using SMD seems to provide a
promising alternative to cost and labor-intensive surveys. The extracted opinion estimates
may further be used by researchers and policymakers alike to predict political outcomes like
elections, opinion networks and political polarization in social media networks.

Nevertheless, our study comes with a few limitations. We found slight differences in the
estimated political stance of German parties in our models and their expected positions rated
by experts. One of the reasons might be structural biases in our data, even though we adhered
to previous best practices of data cleaning as far as possible. We might not have excluded all
inactive and/or bot accounts due to restrictions in users’ geo-location, and other meta in-
formation. However, despite the potentially resulting noise in our datasets, the VAE still
captured meaningful relationships as shown by our results. Judging from the following
distribution of political accounts compared to the overall vote shares in the 2021 German
federal election and the fact that most social media users do not seem to follow political elites,
our data may not be representative of the general population, a common problem of studies
using SMD (Mellon & Prosser, 2017; Wojcieszak et al., 2022). The representativeness of our
sample for the Twitter user space might further be limited since we only analyzed data of users
who followed at least ten political accounts (similar to previous approaches). Importantly
however, users who do follow political elites, seem to be more aligned with the opinions of the
followed accounts which conversely aids our study’s assumption of homophilic networks
(Wojcieszak et al., 2022). On a similar note, our self-report dataset is comparatively small and
the following frequencies of political accounts deviated from the bigger training and test
datasets. As shown by our results, the overall distribution of voting intentions and self-
reported ideology are rather left-leaning and limited in their variance; only a few participants
reported voting for right-leaning parties. This may have led to slightly biased correlations of
self-reported opinions with point estimates and may thus also explain similar correlations
comparing the VAE and CA. Nevertheless, a small to medium correlation of opinion estimates
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with symbolic ideology and a fit with voting intention patterns indicate that the VAE captured
important patterns in the self-report dataset users’ networks. Finally, researchers planning to
adapt our method should be aware that VAEs require more careful planning, fine-tuning (i.e.,
hyperparameter and architecture selection) and computation time in contrast to simple linear
DR models. Also, the interpretation of latent dimensions may require additional effort as
noted in the Methods section. However, when trained and applied properly, they can capture
the intricacies of the network in more detail, as shown by our results.

Based on our findings and study limitations, we pose several recommendations for future
studies: While a ML DR model yielded promising results in the context of German SMD
network-based analysis, future research should apply these models to other countries, political
systems and politically uninterested users to test generalizability. Future studies may also test
other existing, more traditional network analysis models and approaches which, for instance,
focus on node-link prediction (instead of DR like our model, e.g., GNNs) to estimate
individual-level political opinions. On a similar note, since our dataset exhibits a directed
bipartite network structure (users —political accounts), future studies may explore the po-
tential of other types of network data structures and representations (e.g., undirected user-
user/user-political accounts networks, attributed graphs) to estimate political opinions from
SMD. Doing so could, for instance, facilitate the application of resampling techniques and the
application of other network analysis and benchmark models. Considering our rather small
self-report dataset, future research may validate point estimates with self-report measures
using larger samples. While we found substantial correlations between opinion estimates and
self-reported symbolic ideology, future studies may investigate whether manifestations of
dimensions of more complex models of political views (see for example Fatke, 2017; Feldman
& Johnston, 2014; Gerber et al., 2010; Jost et al., 2009; Treier & Hillygus, 2009) can be
predicted by these data as well. In this case, fitting models with more latent dimensions may be
advisable to capture the manifoldness of users’ political opinions in European countries even
more accurately (Barbera, 2015a). On that note, future studies could explore whether our
results can be generalized to measures of operational ideology assessing individuals’ attitudes
on specific topics and policy issues. Moreover, although our VAE ML model surpasses the
network reconstruction performance of previous studies, linear (CA) and uninformed models
(Naive), it is debatable what constitutes “good” dimensionality reduction performance.
Therefore, future research could explore potential thresholds and benchmarks. Shortly after
our data collection (July 2022), Twitter’s leadership changed and user counts decreased
substantially (Alex Hern, 2024). Although we do not expect this circumstance to affect
(homophilic) behavior, future research may still investigate periodic effects of such events on
social media networks and replicate our findings. Interrelated with this, Twitter has become
less attractive to researchers and political actors as a data source since it does not share data
with independent researchers (like most social media platforms) and sets comparatively high
pricing for acquiring big datasets (Calma, 2023). This hinders and may even prevent further
in-depth examinations in this research area (Bruns, 2019). We hope that with the Digital
Services Act, researchers will (re)gain access to conduct research on online platforms in the
future (European Commission, 2024).

Using social media data to assess the political opinions of individuals offers valuable benefits
over traditional opinion surveys for researchers and policymakers alike. However, finding reliable
and accurate methods to extract information from unstructured SMD in different sociopolitical
contexts remains one of the main challenges. Our study adds new insights to this endeavor,
showing that using ML models capable of capturing intricate user network characteristics in a
multiparty system is crucial to estimating individual-level political opinions more accurately.
Opinion estimates from SMD may then be used to monitor political trends, capture ideological



Brandenstein et al. 17

shifts in societies, or predict political behavior like voting patterns or policy support, ultimately
benefiting the democratic process in modern societies.
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consent to the processing of those personal data [...]” (GDPR, Chapter 2, Art. 9, §2a; set).
Participants of the survey to recruit the self-report dataset additionally provided consent that
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interested in replicating the results reported in the present work, we ask them to contact us
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ination first to ensure compliance with the GDPR and that participants cannot be re-identified
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