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This study explores the dynamics of emotions in political leaders’ communication using net-

work psychometric methods applied to facial expression recognition (FER) data extracted from

YouTube videos. The analysis covers 220 videos of global political leaders and employs zero-shot

machine learning via the transforEmotion R package. It focuses on six emotions (happiness, ex-

citement, hope, anger, fear, and sadness) and a neutral expression. Dynamic Exploratory Graph

Analysis reveals a two-dimensional network structure for FER scores and their rate of change,

showing distinct patterns between positive and negative emotions. The first derivative model

indicates a negative correlation between anger and most other emotions, suggesting a more

autonomous expression of anger. Significant differences in network structure emerge between

leaders with varying degrees of populist rhetoric. More populist leaders exhibit less connected

and more autonomous expression of anger, while happiness becomes more contingent on

other emotions. In the discussion, we consider the universality of the network structure, the

autonomy of anger expression, and the implications of emotional connectivity within the esti-

mated models. The results offer valuable insights for future computational studies of affective

political communication, particularly in the context of rising global populism.
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ics; computational social science

http://dx.doi.org/10.56296/aip00021
https://advances.in/psychology/10.56296/network-psychometrics/
mailto:atomashevic@ff.uns.ac.rs


advances.in/psychology 2

Network Analysis of Emotions in Politics Tomašević et al., 2024

1. INTRODUCTION

High-quality images and video footage of politi-

cians addressing the electorate have become

prevalent throughout all forms of media, espe-

cially on online platforms. Broadcasted political

performances can capture the attention of vot-

ers and provide audiences with a great deal of

information – not only about political agendas

and issue stances, but also about the character

and capabilities of political figures themselves

(Benoit et al., 2003).

At the same time, political communication

has become increasingly emotional in recent

decades, with emotional appeals now being

a common element of almost every political

speech. Populist leaders seem to be especially

adept at crafting their public images by utiliz-

ing emotions (Engesser et al., 2017; Salmela &

von Scheve, 2018). They are more likely overall to

express emotions in their public performances,

with a particular focus on negative ones (Bucy

et al., 2020; Major & Tomašević, 2023; Widmann,

2021). This emotional framing of political com-

munication contributes both to themoralization

of social issues (Clifford, 2019) and the overall

persuasiveness of appeals (Wirz, 2018). The use

of negative emotions to emphasize the nefari-

ous actions of the political establishment is also

linked to the populist style of communication

(Demasi et al., 2024). On the demand side, ex-

posure to the negative emotional content of po-

litical campaigns is more likely to drive affective

polarization among respondents scoring high in

populist attitudes (Nai & Maier, 2024).

While numerous studies have explored the ten-

dency of populist politicians to be more emo-

tional or more likely to express and elicit cer-

tain types of emotions (Breeze, 2019; Hidalgo-

Tenorio &Benítez-Castro, 2022; Richman&Moor-

man, 2000;Widmann, 2021), there is a significant

gap in the literature on the affective dynamics of

emotions expressed by politicians in their polit-

ical speeches. At the same time, the field of af-

fective dynamics in psychology is rapidly devel-

oping, thanks to new data collection methods

such as the Experience Sampling Method. This

field has shifted its focus from viewing emotions

as stable traits that switch on and off and has

provided a framework in which emotions con-

tinually change, unfold, fluctuate, synchronize,

merge, and influence each other (Bringmann et

al., 2016; Kuppens & Verduyn, 2017; Kuppens et

al., 2010).

However, these studies have primarily focused

on the experience of emotions rather than their

outward expression. When studying the emo-

tional content of political communication, espe-

cially in its public-facing forms such as the af-

fective dimensions of political speeches, our in-

terest lies in the emotions that are visibly ex-

pressed by political leaders, rather than their in-

ternal states. As a result, the study of affec-

tive dynamics in political communication poses

a challenging and underdeveloped problem.

How do politicians express emotions during

a political speech? As public performances,

speeches are constructed, scripted, tailored to a

specific audience, andaimedat influencingpub-

lic opinion and political behavior (Stewart et al.,

2009; Sullivan & Masters, 1988). It is reasonable

to assume that the emotional expression of a
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speaker during a political speech follows a spe-

cific pattern.

Starting from the idea that political speeches

are heavily scripted, we divide the emotional

content of speeches into segments character-

ized by positive or negative sentiment. Senti-

ment expresses the speaker’s opinion in relation

to the topic of their speech (Dorle & Pise, 2018).

Politicians strategically use positive and nega-

tive language and emotional expressions to af-

fect voter behavior (Crabtree et al., 2020). Given

this strategic use of sentiment, it is important to

consider how it is expressed non-verbally, such

as through facial expressions. The facial expres-

sion of emotion depends on the content of the

speech, and strategic components of the speech

can further be linked to the expression of pos-

itive sentiment, negative sentiment, or neutral-

ity.

For example, if a politician is referring to a war

crime being committed, we can expect to see

a negative sentiment in their facial expression

for a longer period of time. It takes time for

the speaker tomove away towards another topic

and transition to a positive sentiment. In both

cases, during an emotional episode, we can ex-

pect to see expressions of different negative or

positive emotions with varying intensity. Be-

cause there is a tendency for the speaker to re-

mainwithin the same sentiment for a longer pe-

riod of time, we can expect to see a pattern of

covariation of emotions over time.

Unlike in everyday life, where emotions are re-

sponses to situations, in a scripted setting like a

political speech, emotional expressions are not

triggeredby external events. Instead, they follow

the speaker’s internal representation of a spe-

cific part of the speech. This conceptualization

of emotion dynamics aligns with the generative

computational model presented by Ryan et al.

(2023). However, it excludes the feedback loop

where an emotional reaction influences the next

situation due to the linear nature of the script. In

this context, once the speaker focuses their at-

tention on a particular part of the speech, their

emotional reactionwill follow. Facial expressions

of these emotions provide a non-verbal signal

that can give us information about segments of

the speech characterized by positive or negative

sentiment.

Given the arguments regarding the low signal

value of facial expressions, supported by evi-

dence that humans do not routinely express

prototypical facial expressions (Barrett, 2011), we

should not expect to retrieve rich information

about a specific emotional state at any specific

moment of the political speech. Instead, we can

expect to see patterns in the expression of emo-

tions over time, which can be informative about

the structure of the emotional content of the

speech.

The starting point of this study is the idea that

labels used for categorizing facial expressions of

emotions represent different states of affective

trajectories at specific time points (Cunningham

et al., 2013; Kirkland & Cunningham, 2012). Mea-

suring the presence of each label through time

can provide us with information about these af-

fective trajectories in terms of neutrality, posi-

tive sentiment, andnegative sentiment. In other

words, although facial expressions are low sig-

nals for categories, theymay be useful for recov-
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ering the latent affect dimension.

These expectations are based on consistent evi-

dence (Thornton & Tamir, 2017) that people have

highly accurate mental models of emotional

transitions in others. Through a complex pro-

cess of social learning, individuals tend to iden-

tify and predict regular patterns of emotional

expressions in others (Zhao et al., 2022). These

regularities are experienced in one’s own emo-

tional life and observed in others. This knowl-

edge is leveraged in social situations to form ac-

curate predictions about the future emotional

states of others. While these results are based

on the interpersonal context, we can expect that

the same principles apply to the public context

of political speeches, as audiences observe the

emotional transitions of the speaker in relation

to the context and content of the speech.

Given the potential consequences of affec-

tive dynamics for political behavior in modern

democracies, it is surprising that we know very

little about the coevolution and covariation of

different emotions, as well as the formation of

emotional sequences and patterns. When a

politician expresses anger during a speech, what

comes next? Do they become less angry and

more sad, or does a burst of anger followed by a

sharp increase in positive emotion, such as hap-

piness? Due to the lack of theoretical knowl-

edge, the present study is exploratory in nature,

aiming to fill this gap and provide preliminary

descriptions of the patterns and structure of co-

variation of emotions expressedbypolitical lead-

ers during their public performances. More pre-

cisely, the aims of this study are to: (1) investigate

the dimensionality of the structural organization

of covariation of facial expressions of emotions

in political speeches and (2) examine the differ-

ences in the structure of these relationships be-

tween leaders with different levels of populist

rhetoric. The second aim helps us understand

how the structure of the relationships between

emotions changes in relation to the level of pop-

ulism of the speaker, given that populist leaders

are known to be more strategic in their use of

emotions (Bucy et al., 2020).

In order to achieve these aims, we present a

new multivariate time series dataset that de-

scribes the intensity of six emotions and neutral

expressions. This datasetwas obtainedby apply-

ing transformer machine learning models with

zero-shot learning capabilities (Tomaševic et al.,

2024) for emotion recognition from facial expres-

sions of political leaders during their public ap-

pearances. The dataset includes both populist

andnon-populist leaders fromaround theglobe.

Analyzingnon-verbal communicationprovides a

global perspective, unaffected by the specifics

of language that may influence the dynamics

and intensity of emotional expressions. The fo-

cus of this study is on the relationships between

basic emotions in a simple data structure that

describes the intensity of their facial expres-

sions over time. We examine the structure of

these relationships using a network psychome-

tric method called dynamic Exploratory Graph

Analysis (Golino et al., 2021a, 2022).

This study extends the application of dynamic

EGA to new types of data and presents the

first account of network models of emotion dy-

namics in political speeches. Our approach is

based on the recommendations given by Bar-
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rett et al. (Barrett et al., 2019) for studies of fa-

cial expressions of emotions. It includes a big

data approach, automated detection in natural

conditions, integration of classical psychological

methods andmachine learningapproaches, and

sampling of visual material from different con-

texts and cultures. Furthermore, we combine a

computational approach to facial expression de-

tection with computational modeling of emo-

tion dynamics, representing a ”natural conflu-

ence” (Hall et al., 2024) of approaches that is al-

ready being used in psychological research in a

similar manner.

The field of emotion dynamics has experienced

rapid growth due to the increasing availability

of emotion time series data in psychology (Kup-

pens &Verduyn, 2017; Kuppens et al., 2010). How-

ever, this field has remained largely separate

from the study of emotional content in politi-

cal communication, particularly in the context

of nonverbal communicationbypolitical leaders.

This paper aims to bridge this gap by present-

ing results that contribute to the integration of

network psychometrics (Borsboom et al., 2021),

the psychometric network theory of emotions

(Lange, 2023; Lange et al., 2020), and the compu-

tational study of political communication (Bucy,

2023; Joo et al., 2019; Major & Tomašević, 2023).

2. DATA & METHOD

2.1 Emotion time-series

The list of source videos used in this study was

obtained from a previous study where a deep

learning-based computer vision algorithm was

applied to a sample of 220 YouTube videos de-

picting political leaders from 15 different coun-

tries (Major & Tomašević, 2023). This study im-

plemented a convolutional neural network for

facial expression recognition, which was trained

on the FER-2013 dataset (Goodfellow et al., 2013).

However, one limitation of this approach is its re-

liance on a fixed set of emotion labels present

in the training set (anger, disgust, fear, surprise,

happiness, sadness, and neutral). A notable

drawback of this approach is the imbalance be-

tween positively and negatively valenced emo-

tions, which limits the modeling of emotion

scores, especially their underlying dynamics.

In our work, we utilize the transforEmotion R pack-

age (Tomaševic et al., 2024), which leverages

OpenAI’s CLIP model (Radford et al., 2021) to de-

tect emotional expressions from images. Follow-

ing previous research (Tomaševic et al., 2024), we

define a customized set of labels consisting of

three positive emotions (excitement, happiness,

pride), three negative emotions (anger, fear, sad-

ness), and a neutral expression.

This model is applied to every video from the

source dataset in the following way: 300 frames

are uniformly sampled from each video, and

CLIP inference is applied to every extracted im-

age. The output of the inference is numerical

scores for each emotion label, representing the

predicted proportion of an expressed emotion

(FER scores). The FER scores range from 0 to

1, with 0 indicating the absence of a particular

emotion and 1 indicating a ”clean” expression of

a single emotion. These scores provide relative

information about the intensity of the expressed

emotion and can also be interpreted as the de-

gree of uncertainty about the presence of a par-
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ticular emotion in a complex facial expression.

For each video i, we have a multivariate time se-

ries Xi
j,t, where j ∈ {1, . . . , 7} represents the score

of oneof the 7 emotional states, and t is thenum-

ber of the processed frame. Each time series

contains values between 0 and 1, which sum up

to 1 across all time series:
∑

j X
i
j,t = 1. For every

video, we also have an ordinal measure of pop-

ulist rhetoric from the Global Party Survey (GPS)

dataset (Norris, 2020), denoted as 1 ≤ Y i
pop ≤ 4.

Table 1

Descriptive statistics for FER and populism

scores for all processed videos (n = 132,
N = 33233 frames in total)

Emotion Min. Avg. SD Max.

Excitement 0.002 0.043 0.05 0.924

Happiness 0.000 0.021 0.025 0.528

Pride 0.003 0.056 0.057 0.784

Anger 0.003 0.169 0.111 0.748

Fear 0.003 0.173 0.088 0.934

Sadness 0.003 0.180 0.125 0.869

Neutral 0.004 0.357 0.185 0.912

Populism 1.000 2.721 1.092 4.000

We used the time series of FER scores for the six

emotions as input data for Dynamic Exploratory

Graph Analysis (Dynamic EGA) (Golino et al.,

2021a).

2.2 Dynamic Exploratory Graph Analysis

Dynamic EGA (Golino et al., 2021a) combines

techniques from the analysis of dynamical sys-

tems and the network psychometric method of

Exploratory Graph Analysis (EGA) (Golino et al.,

2020; Golino & Epskamp, 2017). Network meth-

ods for data analysis in psychology represent

different combinations of multivariate statistics

and network science methods used to investi-

gate the structure of relationships in multivari-

ate data (Borsboomet al., 2021; Christensenet al.,

2023). In the case of EGA, it combines Gaussian

Graphical Model (GGM) estimation and commu-

nity detection to assess thedimensionality of the

data. EGA has been proven to be an interesting

and robust alternative to factor analysis meth-

ods for cross-sectional data (Golino et al., 2020),

with innovative approaches to assessing the fit

of network models using tools from information

theory (Golino et al., 2021b).

The dynamic EGA method extends EGA to the

analysis of time series and provides a plat-

form for analyzing clusters of co-evolving vari-

ables over time. Unlike similar methods based

on GGM estimation (Dablander et al., 2020;

Epskamp et al., 2018; Haslbeck et al., 2021),

EGA leverages methods from dynamical sys-

tems analysis, specifically the generalized local

linear approximation (GLLA) (Boker et al., 2010),

to estimate the first-order derivatives of themul-

tivariate data. This provides insights into the cor-

relations between the rate of change (or veloc-

ity) of the variables. This is important for study-

ing affective dynamics because it helps iden-

tify which emotions co-occur with the same rate

of change. Additionally, this method enables

the identification of clusters of co-evolving emo-

tions, allowing for the description of the dynam-

ical affective system in terms of a network.

For each video i in our sample, the dynamic EGA

starts by transforming each FER score Xi
j , j ∈

{1..7} into a time-delay embedding matrix Y
(n)
i .

Thismatrix is of sizeM×n, whereM = N−(n−1)τ ,

N is the length of the time series, n is the num-

ber of embedding dimensions, and τ is the re-

construction delay. In this matrix, each row rep-

resents a phase-state vector:
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Y = [Y1, Y2, . . . , YM ]′ (1)

where Yk represents the emotion state in the k-

th frame, given by the FER score of video i and

emotion j:

Yk = [Xi
j,k, X

i
j,k+τ , . . . , X

i
j,k+(n−1)τ ] (2)

This state can be seen as a short sequence de-

scribing what happens after frame k. It enables

us to determine whether the value observed at

frame k will remain stable over a short period of

time or if it is part of a changing state, such as a

sharp rise in anger. For all models, we set τ = 1

and implement a grid search for the number of

dimensions n. We select the value of n that pro-

vides the best fit of the resulting model to the

data, as measured by the Total Entropy Fit In-

dex (Golino et al., 2021b). Across different mod-

els, the rangeof n is between5 and20. Given that

the time distance between frames in the dataset

is, on average, 3 seconds (for details, see Major

& Tomašević, 2023), this means that each emo-

tion state provides information about themicro-

dynamics of the expression of a particular emo-

tion within a range of 15 to 60 seconds.

The next step of the analysis is to apply GLLA,

which estimates how the time-delayed variable

changes over time. The zeroth derivative ob-

tained by the GLLA gives us the final transfor-

mation of the observed FER score after applying

time-delay embeddings. The first derivative ob-

tained by the GLLA gives us the rate of change

of a particular emotion over time. Negative first-

order derivatives indicate a reduction in the in-

tensity of the emotion at that specific time point

in the video. The output of GLLA for the zeroth

and first-order derivatives is combined for each

emotion variable, resulting in twoM×7matrices

Di,0 and Dj,0 for each video.

These matrices are used as inputs for estimat-

ing the following Gaussian graphical models us-

ing default estimation methods provided by the

EGAnet package (Golino & Christensen, 2023):

• Model 1: Single population-level model, FER

scores

• Model 2: Single population-level model, first

derivatives

• Model 3: Four subgroup-level models, FER

scores

Population-level models are estimated from

largematricesD0 andD1 created by stacking the

correspondingmatrices estimated from individ-

ual videos. Group models are estimated from

a similar type of matrix, filtered based on the

level of populismusing the Type_Populism variable

from the GPS dataset. Videos featuring leaders

for which the GPS Populism variable is missing

are excluded from the analysis.

We used the Ergodicity Information Index (EII)

and its bootstrap test (Golino et al., 2022) to

determine whether the structure of the rela-

tionships between emotions over time in our

sample is best represented by multiple individ-

ual structures (multiple individual or subgroup

structures) or a single between-individual struc-

ture (unique single network). This index quan-

tifies the relative algorithmic complexity of the

population structure compared to multiple in-

dividual structures. The result of the EII boot-
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strap test will indicate whether the population-

level network exhibits ergodicity, meaning that

little information is lost by representing the af-

fective dynamics of each individual with a single

network structure.

3. RESULTS

After processing the data as described in the

previous section, we excluded videos that had

more than 10% missing rows. This means that

more than 10% of the selected frames either

didn’t contain the face of the speaker or the face

was not successfully detected. The Dynamic

EGA models were estimated on a sample of 132

videos, with an average length of 251.76 frames,

totaling 33,233 frames. In other words, we have

132 multivariate time series of 7 emotions, each

with an average length of 251 frames.

We estimated a population-level Dynamic EGA

model of FER scores for the entire sample (Model

1). This model captures the structure of co-

occurrence of emotions over time. The boot-

strap Ergodicity Index test showed that the em-

pirical Ergodicity Information Index (EII) was sig-

nificantly different (p = 0.02, see section A in the

SI) from what would be expected from random

variation in the population structure. This indi-

cates that significant information is lost when

aggregating the results into a single population

network. Therefore, we can interpret this net-

work as only representing the average covari-

ation of emotions through time based on our

sample. The network is represented on the left

panel of Figure 1 and shows a two-factor struc-

ture of co-varying FER scores over time.

On the left side of the graph shown in this panel,

we have three negative emotions: fear, anger,

and sadness. On the right side, we have three

positive emotions: pride, happiness, and excite-

ment. This Dynamic EGA model shows distinc-

tive communities for each class of emotions.

Within the negative community, anger and fear

are strongly positively correlated, while there is

a negative correlation between the expression

of fear and sadness. On the other hand, all

three positive emotions are positively correlated.

Looking at the strength of the correlations, we

see that the primary axes of this dynamic system

are edges denoting the covariation of three pairs

of emotions: anger and fear, fear and sadness,

and pride and happiness. Whenwe examine the

network of first-order derivatives (Model 2), we

observe a similar structure with two communi-

ties of positive and negative emotions. However,

due to its strong negative correlationswith pride

and happiness, anger is grouped together with

the positive emotions community. The network

of first-order derivatives is depicted in the right

panel of Figure 1.

Table 2 presents the network scores for each

emotion in both models. Network scores repre-

sent the standardized sum of correlations that

nodes have within their respective communi-

ties. In Model 1, we observe that pride has

the strongest score within the positive emo-

tion community and a strong cross-community

score, indicating that its expression is highly in-

fluenced by the expression of other emotions.

Fear has the largest score within the nega-

tive emotion community, while sadness has the

largest cross-community score. It is worth not-

ing that anger is almost completely isolated

from the positive emotions community.
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Figure 1

Network representing the affective dynamics of political speeches. Nodes represent emotions and

edges represent partial correlations between FER scores (left panel, Model 1) and the first

derivative of FER scores (right panel, Model 2) over time. The thickness of the edges represents the

strength of the correlations.

Table 2

Network scores for FER scores(Model 1) and

their first derivatives (Model 2). Only scores

greater than 0.1 are shown.

2*Emotions Model 1 Model)

1 2 1 2

Pride 0.317 -0.201 0.314

Happiness 0.314 0.123 0.413

Excitement 0.266 0.173 0.318 0.227

Fear 0.199 0.317 0.209

Anger 0.234 -0.269 0.172

Sadness -0.233 -0.197 0.246 0.209

In Model 2, happiness and excitement have the

highest network scores within their communi-

ties. Changes in these emotions occur at a

similar rate of change, and they are strongly

negatively correlated with negative emotions.

This suggests that a rapid increase in happiness

can be followed by a rapid increase in excite-

ment and a rapid decrease in anger. The rate

of change of happiness and excitement is most

strongly associated with changes in other emo-

tions in this case.

However, this network structure does not repre-

sent the emotion dynamics of all videos in our

sample. To examine the subtle differences in

structure among videos with leaders of varying

strength of populist rhetoric, we can use addi-

tional dynamic EGAmodels for subsamples. Fig-

ure 2 shows two separate networks representing

the Dynamic EGA models of FER scores.
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Figure 2

Network representing affective dynamics of political speeches according to different levels of

populist rhetoric (1: strong pluralists, 4: strong populists). Nodes represent basic emotions and

edges represent partial correlations of FER scores. Thickness of the edge represents the strength of

the correlations.

There are several differences in the network

structures. First of all, for strong pluralists, the

network shows a unidimensional character. It

has been shown that pluralist leaders are more

neutral in their expressions (Major & Tomašević,

2023), and here we see that the correlations be-

tween FER scores do not exhibit a high level

of structural organization between positive and
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negative emotions. Notably, there is no strong

correlation between fear and anger (present in

other networks), which can be explained by the

tendency of pluralists not to rely on strong ex-

pressions of negative emotions.

As we move towards stronger levels of populist

rhetoric, key correlations become stronger and

the networks exhibit a structure with two com-

munities. Correlations between positive emo-

tions become stronger, as well as fear-anger and

fear-sadness correlations.

Figure 3 shows the standardized network scores

for all emotions across populism groups, where

we find a two-dimensional network structure.

We can see that with the increase in the level

of populism, the score of anger decreases, while

the score of happiness increases. This tells us

that with the increase of populist rhetoric, anger

becomes a more autonomous emotion and less

contingent on the expression of other emotions,

while the reverse is true for happiness as it be-

comes more constrained by the expression of

other positive emotions in both populist groups.

4. DISCUSSION

The global rise of populism in recent years has

highlighted the importance of studying the af-

fective aspects of political communication (En-

gesser et al., 2017; Salmela & von Scheve, 2018).

While numerous studies have explored the ten-

dency of populist politicians to be more emo-

tional or more likely to express certain types

of emotions (Hidalgo-Tenorio & Benítez-Castro,

2022; Widmann, 2021), there has been a signif-

icant gap in the literature on the affective dy-

namics of emotions expressed by politicians in

their political speeches. Our study addresses

this gap by examining the structure and dy-

namics of emotional expressions in political

speeches using a novel combination of ma-

chine learning-based emotion recognition and

Dynamic Exploratory Graph Analysis.

Ourmainfinding is that the temporal covariation

of emotions in political videos exhibits a two-

dimensional structure, indicating different pat-

terns of covariation between positive and neg-

ative emotions. Specifically, positive emotions

such as pride, happiness, and excitement are

positively correlated with each other. On the

other hand, negative emotions show a positive

correlation between fear and anger, while both

fear and anger are negatively correlated with

sadness. This suggests that the expression of

emotions in political speeches can be repre-

sented as a dynamical systemstructured around

two latent dimensions, where the expression of

one emotion is contingent on the expression of

the emotion from the same cluster.

The first aim of the study was to investigate the

structural organization (dimensionality) of the

covariation of facial expressions of emotions in

political speeches. Both the dependencies and

covariations of FER scores and the correlations

of first-derivatives (rate of change) of FER scores

are well described by a two-dimensional net-

work structure.

Regarding the second aim, we investigated

the differences in the structure of these rela-

tionships between leaders with different levels

of populist rhetoric. We found that the net-

work structure in subsamples of videos grouped

by different levels of populist rhetoric is two-
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Figure 3

Network scores in two-dimensional structures across different levels of populism (Model 3).
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dimensional, except for strong pluralists where

it is unidimensional. However, we observed

variations in the strength of connectivity be-

tween emotions in the networks of different

groups. Specifically, we found that anger be-

comes more autonomous with the increase

of populist rhetoric, while happiness becomes

more constrainedby theexpressionof other pos-

itive emotions. These differences highlight the

strategic use of emotions in political communi-

cation and the distinct affective landscapes cre-

ated by populist and pluralist leaders.

Our study started from the idea that facial ex-

pressions of emotions can be taken as a noisy

signal of a specific state of an affective trajec-

tory taken by the speaker during a public ap-

pearance. If a politician makes an angry face

at a particular point during a speech, it is a sig-

nal that indicates that we are in the segment of

the speechcharacterizedbynegative sentiment,

and the expressions of the speaker are helping

the audience navigate the affective landscape

painted by the speech. Strong patterns of corre-

lation over time, both in the expression of emo-

tions and their rate of change, suggest that emo-

tion expressions are contingent on one another,

and the constraints placed on the emotions are

stronger within the same cluster of emotions.

This points towards the idea that the expres-

sion of emotions in political speeches is struc-

tured around two latent dimensions whose in-

tensities determine the affective trajectories of

the speech.

Future work and extensions of this study should

be performed on a larger sample with amore di-

verse selection of political speeches and videos,

such as debates and interviews. Additionally,

integrating the detection of facial expressions

of emotions with sentiment analysis of political

speeches holds great potential for future com-

putational studies in political communication.

While previous research has focused on pub-

licly available text data retrieved from political

speeches (Maerz & Schneider, 2020; Maia Polo

et al., 2023), the emergence of machine learn-

ing tools like Whisper AI (Radford et al., 2022) al-

lows for the retrieval of speech transcripts from

video footage. By combining these two data

sources, we cangain unprecedented insight into

the emotional content of public performances

bypolitical leadersworldwide. Themethodspre-

sented in this study can be expanded to incorpo-

rate different data sources, especially consider-

ing that Dynamic EGA has already been applied

to textual data (Golino et al., 2021a).

Our study also has significant limitations. First,

the dataset used in this study is relatively small

and is not representative of the global political

landscape. Second, the approach based onOpe-

nAI’s CLIPmodel (Tomaševic et al., 2024) has not

been validated by human coders, and it is un-

clear howsuccessfully it performs zero-shot clas-

sification in the detection of emotions in politi-

cal speeches. Therefore, the results of this study

should be interpreted with caution, and it is rec-

ommended to replicate the study on a larger

dataset with a more accurate emotion recogni-

tion algorithm.

In conclusion, our study provides novel in-

sights into the dynamics of emotions in po-

litical speeches through the application of ad-

vanced computational and network analysis
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techniques. By revealing the interconnected

nature of emotional expressions and the differ-

ences between populist and pluralist leaders, we

open new avenues for understanding the strate-

gic use of emotions in political communication.

As research in this area continues to evolve, we

anticipate further advances in our ability to de-

code the complex emotional landscapes of po-

litical discourse, contributing to a deeper under-

standing of the role of emotions in shaping po-

litical realities.
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A. SUPPLEMENTARY INFORMATION: ERGODICITY INFORMATION INDEX

Ergodicity Information Index (EII) (Golino et al., 2022) was inspired by algorithmic information the-

ory and the concept of Kolmogorov complexity (Morzy et al., 2017). The EII calculates the amount of

information lost when representing a set of measures (emotion time-series) as a single interindivid-

ual structure instead of multiple individual structures (within-video structures). Larger values of EII

indicate that more information is encoded in intraindividual networks, and a significant amount of

information is lost when representing the entire population with a single network structure.

The Bootstrap EII test begins by obtaining a bootstrap distribution of EII values assuming that all

participants in the data have the population structure. It then compares this null distribution to the

empirical EII value at the population level. Significant differences indicate that the empirical data

cannot be generated from an ergodic process, and the population structure is insufficient to describe

all the dynamics of the videos.

In the case of our population networks, the empirical EII is 1.9 (dashed blue line in Figure 4) and

significantly differs from the bootstrap distribution of EII values (p = 0.0198). This suggests that the

population network is not a good representation of the affective dynamics of all the videos, and there

is a significant amount of information lost by representing the entire populationwith a single network

structure.

Figure 4

Histogram of bootstrapped Ergodicity Information Index for all videos.
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