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1. Introduction

The Internet was originally created to facilitate quick and global 
 communication (Berners‑Lee, 2000). From simple written messages to the 
rise of audiovisual platforms, all forms of media have undergone hybridi‑
zation through this interconnection. This blending of media environments 
has not only democratized access to information, but has also empow‑
ered individuals to actively participate in content creation and distribution 
(Luengo, 2014), with social media standing out as a prominent example. 
The latter have played a pivotal role in shaping narratives and influencing 
public opinion, ultimately leading to a transformation in the dynamics be‑
tween media, society and power (Maldonado, 2016). Nevertheless, there 
are divergent perspectives on the impact of these developments. On the one 
hand, they have been studied as potential catalysts for phenomena like dis‑
information, political polarization or populism (Gerbaudo, 2018). On the 
other hand, contrasting views exist (Lorenzo‑Rodríguez & Torcal, 2022), 
and there is ongoing debate regarding the actual role of elements such as 
algorithms (recent contributions by García‑Marín & Serrano‑Contreras, 
2023 or Ibrahim et al., 2023, offer insights into the role that computation 
can play in communication).

In the realm of politics, the digitalization of mass media has presented 
numerous opportunities for politicians to leverage and yield favorable 
outcomes. Platforms like Twitter and Facebook have been harnessed to 
bridge the divide between politicians and the general public effectively by‑
passing traditional media channels. This has allowed them to disseminate 
their messages, engage with their followers, mobilize their support bases 
and incite public action to champion their aspirations or to express dis‑
content (Rahyadi et  al., 2023; Segerberg & Bennett, 2011; Weismueller 
et al., 2022).
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Today, the landscape appears to have evolved. While we have witnessed 
the professionalization of broadcasting, issues like the bi‑directionality of 
communication, which shaped the digital agora, are no longer as central. 
However, a significant development in recent times has been the integra‑
tion of audiovisual content into media campaigns alongside written mes‑
sages. This shift has resulted in a transformation of the political landscape, 
with Twitter’s prominence giving way to new strategies represented by new 
actors like TikTok (Zeng & Abidin, 2021). These new platforms support 
particular logics depending on the media (Altheide, 2020).

This digital age prompts questions about the evolution of both society 
and media. On the one hand, some of these questions have already been 
addressed, as studies exploring the scope and definition of the Internet and 
social networks reveal, although continuous reflection remains valuable 
(Sterrett et al., 2019). On the other hand, several challenges persist without 
robust or widespread solutions. As the Internet has undergone significant 
changes, scholars in the fields of social and human sciences have directed 
their research efforts toward comprehending the roles played by text and 
symbols, such as expressions and emojis (Barbieri et al., 2017; Debnath 
et al., 2020), as well as interactions between users. However, it is worth 
noting that most of these studies are yet to contribute significantly to the 
understanding of large‑scale image and video broadcasting. Thus, there 
remains a need for a broad and experimental foundation to delve into 
complexities such as non‑verbal language, the implications of color or the 
biases that can arise from different visual perspectives, which allow us to 
better connect the impact to specific social phenomena. Related to this, 
we wonder if using emotions in non‑verbal language follows patterns we 
can analyze. As social networks have weakened the role of information 
filters represented by traditional media, it is interesting to see if the most 
extremist (and, therefore, populist) candidates take advantage of them to 
use specific strategies. Thus, our research question is whether we can detect 
patterns in the use of facial emotions in populist candidates.

2. Theoretical Framework

Various approaches have emerged to deal with the new drifts of mass com‑
munication. For example, text mining has equipped the social sciences and 
humanities with a potent tool capable of converting textual code into struc‑
tured data. This process, known as “text as data” (Gentzkow et al., 2017; 
Grimmer et al., 2022), involves measuring sentiment in texts, assessing se‑
mantic distancing, or identifying the most frequently used verbs in a book, 
allowing for the transformation of qualitative information into quantita‑
tive values. Moreover, text mining represents just one of the initial phases 
in the broader field of Natural Language Processing (Serrano‑Contreras, 
2021), a discipline at the intersection of computer science, psychology and 
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linguistics. However, the current media ecosystem necessitates methodolo‑
gies that incorporate new tools capable of automatically extracting infor‑
mation from audio, images, or video content.

Spurred by the revolution brought about by the rise of television, 
streaming platforms, as well as video social media, generate an enormous 
amount of audiovisual content. In response to these transformations, the 
political arena has adapted by embracing trends of spectacularization 
(Gómez‑García et al., 2023; Khoma & Kozma, 2022). This change places 
a strong emphasis on the mediatized image, surpassing text and therefore 
calm discourse in importance (Plazas‑Olmedo & López‑Rabadán, 2023). 
This symptom is one more factor that highlights the Americanization of 
politics, particularly in Europe, where visuals and audiovisual constructs 
can prove to be more effective in capturing citizens’ attention and, in turn, 
mobilizing them (Durántez‑Stolle & Martínez‑Sanz, 2019; Tai & Turner, 
2008). Thus, it becomes essential to design both descriptive and experi‑
mental analyses to empirically assess the extent to which these trends can 
impact audiences.

In recent years, algorithms in this field have been increasingly harnessing 
sophisticated developments, capitalizing on significant advances in com‑
puting. Presently, the concept of computer vision is emerging from disci‑
plines in which machine learning models can make inferences from images 
and videos, including faces and objects. These new techniques bring forth 
fresh insights for a wide range of disciplines that were previously limited to 
manual analysis on a small scale. These innovations pave the way for such 
methodological advancements to be crucial in the understanding of con‑
temporary societies (Schmøkel & Bossetta, 2022). Contributions in this 
domain help answer a wide array of questions in fields such as political 
communication, where content analysis can be enhanced through automa‑
tion (Peng & Lu, 2023).

These advancements entail the ability to synthesize elements that were 
previously subject to the researchers’ subjectivity. Machine classification, 
in particular, involves two main components. First, pre‑trained models, 
developed largely through multidisciplinary research in which diverse 
fields in the social sciences and humanities establish guidelines for com‑
puterizing non‑verbal cues, tones and rhetoric (Joo et al., 2019). Secondly, 
these automated algorithms can perform massive analyses, enabling the 
examination of hundreds of hours of video or thousands of images as an 
option. These breakthroughs enable the field of political communication 
to continue its exploration of theories like framing or priming, as well as 
to incorporate new areas of study into the analysis of political polarization 
and radicalization.

Our approach is specifically designed to open up new avenues for social 
inquiry. By analyzing large datasets, we aim to propose and explore fresh 
theoretical perspectives. In this pursuit, we concentrate on psychological 
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factors to test whether these variables can detect distinct behaviors, thereby 
shedding light on potential theories of effects and concomitant structures 
within ideologies (Cichocka & Dhont, 2023). Our approach entails an 
analytical strategy capable of detecting sentiments in videos of politicians 
posted on YouTube. Our goal is to uncover, if they exist, common patterns 
among leaders framed as populist and radical right‑wing. For this purpose, 
we propose the integration of computer vision techniques, specifically the 
sub‑discipline known as FER (Face Emotion Recognition) (Khaireddin & 
Chen, 2021). FER employs models to detect emotions such as sadness, 
happiness or anger in facial expressions. Our mission is to identify possible 
patterns of non‑verbal language among politicians, particularly among dif‑
ferent leaders of the radical right, including figures such as Donald Trump, 
Giorgia Meloni, Santiago Abascal, Marine Le Pen or Javier Milei. Simul‑
taneously, we intend to establish a control group featuring leaders from 
different ideological backgrounds.

3. Data and Method

In this research, we analyzed YouTube accounts belonging to political 
leaders and parties. Hence, our criteria are based on the video’s popularity, 
not time or date. Our premise was that the official channels of politicians 
and parties are instrumental in conveying the image they wish to present 
to their voters. Therefore, we excluded all those audiovisual fragments 
shared by other profiles, as these may have edited the original samples 
and could have introduced biases or misunderstandings. In our endeavor 
to identify ideological patterns not necessarily tied to a specific society, 
we initiated our investigation by seeking the verified channels of several 
prominent leaders within the populist right. These leaders encompassed 
Donald Trump (USA), Giorgia Meloni (Italy), Santiago Abascal (Spain), 
Marine Le Pen (France) and Javier Milei (Argentina), in alignment with 
Pelinka’s (2013) conception of populism. Although these profiles exhibit 
diversity, they were selected to test ideological patterns. We also aimed to 
include the president of El Salvador, Nayib Bukele, in our sample; still, his 
inclusion was discarded as he did not fit the predefined characteristics of 
our research design.

The final sample was compiled by selecting all those videos in order of 
popularity, with a maximum of 10 for each channel, provided that the du‑
ration of each was less than 5 minutes. We understood that longer videos 
would introduce unnecessary complexity to the research without yielding 
significant information. Additionally, the selected videos had to include a 
range of shots, from the wide cowboy shots to close‑up shots, to ensure 
that the visibility of the faces was unambiguous and not compromised by 
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the presence of third parties, the quality of the video or profile camera 
shots. The total sample size (n = 50) was then expanded to include lead‑
ers considered non‑populist in the same countries: Joe Biden (USA), Gi‑
useppe Conte (Italy), Pedro Sánchez (Spain), Emmanuel Macron (France) 
and Alberto Férnandez (Argentina). As a result, the total number of vid‑
eos analyzed, comprising both the analysis sample and the control group, 
amounted to 100.

Subsequently, we proceeded to select one image per second from the 
videos, considering that they later were encoded at a rate of 25 frames per 
second. This resulted in a total of 6,981 images. Next, employing the Py‑
thon programming language, we implemented a face detection algorithm. 
In our case, we opted for face‑recognition due to its simplicity in Python 
and its effectiveness in face recognition with minimal training required. 
For the training of the algorithm, we gathered images online by conduct‑
ing specific searches on DuckDuckGo (using the politician’s name and the 
image search tool). We selected only those images that exclusively featured 
the politician’s face, without any other additional images that could in‑
terfere with the detection process. Then, we designed the code to perform 
a series of steps; firstly, it detected the faces in the images from the vid‑
eos (using OpenCV, which is practically a standard tool for this purpose); 
then, it recognized the detected faces using the face‑recognition library; 
finally, it determined the emotions expressed in the faces using FER. The 
final output was a DataFrame (DF) containing the name of the recognized 
candidate, the timestamp of the detection and the video file. The entire 
process is outlined in Figure 7.1.

Note that the tools employed can detect several faces simultaneously, 
along with their associated emotions. Additionally, the algorithm can label 

Politicians
(n=10)

Videos
(n=100)

Training images
(FaceRecognition)

(n=977)

Images from 
videos (25fps)

(n=6981)

Face and Emotion 
detections

(FER)

Figure 7.1 Flowchart.
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a face as “unknown” when it cannot recognize a face from its  training 
set, although it does continue to analyze its emotion. It is important to 
 acknowledge that the algorithm can occasionally make errors, which 
means that some manual verification has to be carried out.  Nonetheless, the 
 incidence of errors was relatively low (only 5 out of over a 100  detections 
checked).

4. Results

Table 7.1 presents the raw results of the analysis, including the unknown 
encodings (both in the location of faces and emotions). This helps gauge 
the degree of effectiveness of the tools employed. The slight discrepancy 
between the total number of encodings (6,970) and the total number of 
images (6,981) represents localized errors, a small and acceptable number. 
As mentioned earlier, the overall effectiveness is sufficiently high for use in 
research settings; nevertheless, expanding the training sets, while relatively 
straightforward for public figures, may present challenges with other types 
of actors.

The data in Table 7.1 reveal several intriguing findings. First, there is a 
significant difference between the number of codings by name and those 
related to sentiment. This variance in codings by name can be attributed to 
two factors: the differing lengths of the videos and the prominence of the 
politicians features in each of them. It was also important to analyze the 
proportion of other faces in the videos, and the data yields some striking 
insights. Notably, the videos of Conte and Fernández exhibit the highest 
proportion of unknown faces (.17 and .16, respectively); while Trump’s, 
Abascal and Meloni’s videos feature the lowest proportion (.006, .03 and 
.03, respectively). On average, for politicians considered populist, the pro‑
portion of unknown faces is .04; whereas, for other candidates, the mean 
is .10; this represents a significant difference (with x̄ ‑ = .07). However, at 
the same time, this data also speaks to the utilization of personalism as a 
political strategy, and it is challenging to extrapolate broad conclusions 
when multiple variables may influence this relationship, from the political 
system (presidential or parliamentary), or the recognition of the individual 
and their personal style of politics.

Nevertheless, Table 7.1 reveals another remarkable finding, namely, a 
pronounced prevalence of feelings of sadness in the sample under anal‑
ysis. Initially, one might attribute this to a poorly calibrated algorithm. 
However, drawing from our experience with the tool, we have reason to 
believe otherwise. If we exclude this possibility, we are left with the as‑
sumption that politicians have a proclivity for expressing sadness in their 
 communications. This tendency may be due to their routinely employed 
communication styles, which would explain its prevalence.
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Figure  7.2 illustrates the sentiments assigned to each political figure, 
with a grouping based on populism (represented by the shaded area). The 
 figure vividly confirms our previous observations: All politicians inten‑
sively employ facial expressions that convey sadness, which is the most 
common emotion among all of them. Similar trends are observed with 
other emotions codified in our research (i.e., neutrality, happiness and an‑
ger).  Notably, disgust is absent, and there are minimal instances of surprise 
and fear.

The differences observed can be attributed, once again, to their indi‑
vidual styles of expressing ideas, as well as to shared (probably global or, 
perhaps, Western) communication techniques. Thus, we can discern what, 
in principle, appear to be different styles: Meloni uses expressions of fear 
or surprise more frequently than any other individual, while Trump, Ma‑
cron or Sánchez exhibit a higher prevalence of anger; happiness, on the 
other hand, seems to be more prominent in Abascal, Conte and Fernández. 
Can we categorize these results based on the populism variable?  Figure 7.3 
shows the result of such grouping in relative values. Although we do 
 observe variations that might suggest specific patterns, especially in the 
use of happiness and neutrality, it is challenging to draw scientifically valid 
conclusions. So, as we suspected, the results do not provide substantial in‑
formation, thus reinforcing the notion that we are dealing with individual 
styles rather than trends that can be attributed to factors such as populism.

Figure 7.2  The sentiments assigned to each political figure, with a grouping based 
on populism (represented by the shaded area).
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Figure 7.3 The result of such grouping in relative values.

Even so, we have endeavored to examine the relationships between the 
variables analyzed statistically. However, attempts to model the relation‑
ship between populism and emotions have proved to be unsuccessful. 
For example, logistic regression demonstrated a degree of success in pre‑
dicting the presence of populism (F1 = .78); nonetheless, it failed to predict 
the absence of populism in any instance. Consequently, we can conclude 
that, at least within the sample analyzed, this relationship does not appear 
to exist.

5. Discussion

The approaches outlined in this contribution primarily aim to expand the 
knowledge path paved by automated models. In this specific case, with 
the progress of language processing in disciplines such as humanities and 
social sciences, there is still a need for further research in using algorithmic 
models to analyze images. Conversely, this research also highlights the ne‑
cessity for a broader scope, one that seamlessly integrates multidisciplinary 
variables into everyday practice. This starting point advocates for fields 
where human behavioral studies forge new drifts to extend knowledge fur‑
ther. Nevertheless, and in line with the preceding work, we find ourselves 
in the midst of a revolution that may not be all‑encompassing. However, it 
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contributes to the ongoing exploration of theories and  reflections that, to 
date, lacked a sufficiently robust sample size to substantiate or challenge 
specific hypotheses. This stands as one of the central pillars for delving 
into this type of methodology. Reflections on topics such as the radicaliza‑
tion and polarization of society, as well as the rise and analysis of populist 
ideologies, serve as a basis for applying novel tools in an intricate social 
and media ecosystem. The prominence of visuals underscores the need 
for  scientists to actively engage in the study of its massive impact (Russ‑
mann & Svensson, 2017). It is, therefore, imperative not only to continue 
developing these innovative computational models but also to reflect on 
how they can be advantageous, enhanced or effectively implemented.

Despite the systematization set out in this approach, it becomes evident 
that the data yield little significant value, especially when the objective is to 
identify distinctive patterns not merely among ideologies but also among 
leaders who employ different forms and techniques of expression. In such 
cases, certain traits might fit in with what we might anticipate from lead‑
ers who prioritize emotional appeal in their discourse, as is often seen in 
populist figures. Even so, as the results indicate, the differences are not as 
pronounced as initially expected. Thus, it is difficult, a priori, to pinpoint 
behaviors capable of unequivocally revealing an ideology or a particular 
style of politics.

However, the slight differences found elicit diverse explanations. 
On the one hand, we assume from the outset that both political leaders 
and  political parties use their YouTube channels to disseminate specific, 
 calculated information, constituting what can be termed “YouTubization 
of politics” (May, 2010). This approach also serves as an alternative me‑
dium for free riders or a mechanism to circumvent media authoritarianism 
in certain regimes (Litvinenko, 2021). While this assumption may hold 
true, the analyzed samples fail to show noticeable visual or non‑verbal dif‑
ferences. Several factors may account for this, including the construction 
of the audiovisual narrative, which tends to be essential primarily during 
election campaigns, when electoral marketing takes center page, generat‑
ing increased interest from supporters and the media. Hence, most of the 
published videos, with the exception of American leaders from both North 
and South America, predominantly consist of clips from rallies and par‑
liamentary sessions. On another note, the composition of the sample itself 
also plays a significant role, impacting the results of data collection and 
analysis. Naturally, the present study only scratches the surface of possibil‑
ities for this type of analysis, revealing more questions than answers. The 
exploration of diverse communication styles in politics remains a viable 
avenue for further research, including an examination of whether different 
styles depend on the format (e.g. electoral debates, meetings, interviews, 
etc.). Furthermore, in order to target specific audiences, we could assign 
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strategies, with election advertising serving as a control group aimed at the 
entire population.

This last factor reinforces the importance of embracing multidiscipli‑
narity in our research. Such analysis affects variables that extend beyond 
traditional social science disciplines like sociology, psychology or political 
science. They necessitate the incorporation of insights and theories from 
the field of audiovisual communication, where a brief close‑up shot can 
reveal distinct information compared to a long shot. Finally, we would like 
to highlight that automated models for image classification, like the ones 
discussed here, are beginning to become popular; and this, along with forth‑
coming contributions, should continue to raise thought‑provoking ques‑
tions that further our comprehension and expand our studies on topics such 
as populism or political polarization, and other complex social phenomena.
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