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Big data visualization through the lens of 
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ata from social media platforms, such as Twitter and 
Facebook, are generated by people who produce, 

spread, share, or exchange multimedia content. Such con-
tent may include text, images, sounds, or videos. To derive 
insight into the behavior of social media users, researchers 
often use open-source technologies to visualize data and 
generate models for data analytics. One of the most popu-
lar open-source applications for managing and analyzing 
social media data is the open-source R programming lan-
guage. Friedman and Feichtinger (2017) created an R pack-
age termed ‘Peirce’s sign theory R package’ to analyze data 
using Peirce’s principles of discovery. Though Peirce semi-
otics have been introduced in the context of computer pro-
gramming languages, so far, no previous work has applied 
Peirce’s sign theory to data modelling of social media data. 
In this paper, we use Peirce’s sign theory R package as an 
overall framework to gain insight into data collected from 
Twitter. We assembled the data using Twitter’s Analytics al-
gorithm, examined the relationships between variables, and 
visualized the results. Subsequently, we assessed the feasi-
bility of analyzing those graphics using the triadic model set 
out by Jappy (2013) and Peirtarinen (2012) for the interpre-
tation of visual signs. The study results showed that Peirce’s 
sign theory R package effectively analyzes and visualizes Big 
Data from social media feeds. However, due to complexities 
in both the social media data feeds and Peirce’s interpreta-
tion of meaning, as outlined by Jappy (2013) and Peirtarinen 
(2012), we were unable to develop algorithms that generate 
or suggest an interpretation of visual signs. 
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A. Introduction
Every day, multiple platforms tracking human and machine activities contribute to 
ever-growing digital data sets. Those data sets include a vast amount of unstructured 
data that are hard to sort or analyze and are commonly referred to as 'Big Data.' As 
the number of data-driven devices used by society has increased, the definition of Big 
Data has evolved. However, the core elements that characterize Big Data are its vol-
ume, variety, and velocity (e.g., De Mauro et al. 2015). Big Data is vast in volume and 
is generated at a far higher rate than other, traditional data. In addition, those data sets 
are diverse in form. For example, textual data produced by users of social media plat-
forms differ from that produced by tracking mobile devices such as electric vehicles. 
Therefore, it is necessary to differentiate between data generated by human activity, 
e.g., human actors that post about different aspects of personal interests to an audience, 
and machine bots or algorithms that generate data and target users. The two leading 
social media platforms are Twitter and Facebook. Twitter has approximately 217 mil-
lion daily users, and the platform allows its users to post and interact with messages 
known as "tweets." Researchers who study Twitter data often refer to it as Big Data 
due to the large amount of data generated by human and machine activities (Boyd and 
Crawford, 2011). Human-generated data is based on humans deliberately interacting 
on social media platforms e.g., by posting comments or by liking posts they encoun-
ter on the platform. Bots on the other hand are software that produces ‘comments’ 
or generates relationships by means of algorithmic processing. Human interaction is 
intentional and deliberate, while the latter is governed by machine automation, also 
known as bot algorithms, without much human interaction. In terms of machine-gen-
erated Twitter data, Kwak et al. (2010) concluded that the quality of machine-generat-
ed Twitter data is subjected to the quality of input. As such, low quality input suggests 
a low-quality output i.e., garbage in and garbage out, where it is difficult to analyze or 
identify the meaning of those comments. Nevertheless, machine-generated data have 
become increasingly powerful and influential on social media platforms and are per-
ceived and retweeted by human actors (Lokot and Diakopoulos, 2016). 

The developments in AI (Artificial Intelligence) and sophisticated algorithmic infor-
mation processing pose new challenges for users to distinguish between the human tweet 
and bot tweet and call for new methodologies and countermeasures to hinder the spread 
of fake tweets (Fagni et al., 2021). To date, researchers have employed a variety of theoreti-
cal frameworks and methodologies to analyze the text format and to identify the emotion-
al state and personality of users found on Twitter. In today’s technology environments, 
semiotics scholars often discuss C. S. Peirce’s contributions to the field of visualization 
(e.g., Farias and Queiroz 2017). While the semiotic framework continues to contribute to 
our understanding of social media, several studies require the development of software 
to match the semiotic regimes (e.g., Poulsen et al. 2018; Djonov and van Leeuwen 2018). 
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Whereas Onursoy (2015), Moschini (2018), and Poulsen and Kvåle (2018) have used a se-
miotic framework to study social media users' content, thus far, no previous research has 
analyzed and visualized social media data using Peirce’s sign theory and its triadic model. 

The Peirce sign theory is known as the action of signs, a process in which a sign 
is both affected by the object and affects one’s mind, thereby producing the mean-
ing of the sign (Strand, 2005). In this paper, we used the semiotic approach to analyze 
how tweets function as signs, and we are especially focused on how data generated by 
tweets form visual structures when processed by an algorithm. Visual semiotics is a 
subfield of semiotics with a particular focus on how visual expressions (e.g., pictures, 
models, or other kinds of visual representations) function as signs of meaning. Jappy 
(2013), who investigated Peirce contribution to visual communication, suggests that 
visual semiotics in principle is concerned with "visual culture “, a culture that is experi-
encing a tremendous growth and use in the development and deployment of technolo-
gy. Our culture is increasingly shaped by social media today and has a direct impact on 
the way we live (e.g., Van Dijck 2013). Social media, in addition to influencing the way 
we perceive and consume information, contributes to a sense of participation in society 
because of the way we interact with likes, shares, and comments. In this information 
environment Twitter plays an important role and in this context data visualization be-
comes paramount. It enables researchers to investigate how popular events and topics 
are related, which trends emerge, the frequency of numbers of tweets and re-tweets, 
etc. In modern data analytics, visualization is an important tool for communicating 
complex data structures in a human perceptive fashion. Several approaches to visual 
semiotics have been developed that emphasize the modalities of visual expressions, 
and how it communicated a certain meaning (e.g., Floch and Pinson, 2001) and (e.g., 
Barthes, 1977). However, according to Aiello (2020), these studies have typically ana-
lyzed visual expressions from the perspective of advertising or art.

In this study we employ Peirce’s semiotic framework both as an algorithmic tool 
and as a theoretical approach to data visualization. The latter is based on Peirce’s own 
formulations of visual signs:

“Hypoicons may be roughly divided according to the mode of Firstness of which 
they partake. Those which partake of simple qualities, or First Firstnesses, are 
images; those which represent the relations, mainly dyadic, or so regarded, of 
the parts of one thing by analogous relations in their own parts, are diagrams; 
those which represent the representative character of a representamen by repre-
senting a parallelism in something else, are metaphors.” (CP 2.276, 1903) 1 

1 We are referring to Charles S. Peirce. Collected Papers (Harthshorne, Weiss and Burks (eds.) (1932-1958), according 
to the scholarly tradition, CP, volume and paragraph number, year. 
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The hypoicons cannot be understood apart from Peirce’s general semiotics and 
sign classes, see (Farias & Queiros, 2003, 2006). Also, the diagram is an essential part of 
Peirce’s diagrammatic reasoning, or moving pictures of thought, see (Stjernfelt, 2007). 
However, our adaptation of visual semiotics and the triadic data model is mainly based 
on Jappy (2013) and Peirtarien (2012) interpretations. 

B. Peirce’s sign theory R package through open-source R
Charles Sanders Peirce was an American philosopher and considered one of the found-
ing fathers of contemporary semiotics. Peirce's theory relies on a key tenet of semiotics: 
that a sign can have a meaning other than its own. In Peirce's theory, any object can be 
a sign, as long as it is understood as referring to, representing, or representing some-
thing other than itself (CP 2.302, 1895). Jappy (2013) investigated in detail how the 
sign functions in terms of the sign’s constituent parts and used this triadic structure to 
analyze the function of the hypoicon. While Peirce did not provide a particular visual 
model of the sign, and there are different ways of representing the triadic structure of 
the sign, the most dominant ones are the triangle that put the sign, the object, and the 
interpretant at the corners of the model. However, the problem with this model is that 
it in principle is dyadic, only allowing a connection between two sides of the triangle. 
Another model preferred by many Peirce scholars is the fork model showing how the 
sign is genuine a triadic structure determined by its constituent and irreducible parts. 
Jappy presented a similar triangle model and re-introduced a horizontal line similar 
to Saussure (1959) separating the sign from the object (or signifier from signified). This 
was criticized by Nöth and Jungk (2015) that found several flaws in Jappy’s visual 
interpretation. Among these flaws, they argued that the triangular model presented 
by Jappy lacks the connections between the three constituents of the sign. However, 
in this study, we find these flaws of minor importance in relation to our algorithm’s 
application of the triadic principles. 

With the growth of social media, we are witnessing a new understanding of the con-
tent we create, share, and exchange on various platforms. Despite ongoing debate about 
how to define the term ‘social media,’ most authors agree that social media technolo-
gies on smartphones and tablets create interactive platforms through which individuals, 
communities, and organizations may share, co-create, discuss, and modify user-generat-
ed content (Correia et al., 2009). Another aspect of social media is the technology behind 
these platforms. These technologies often rely on open-source applications and cloud 
computing to deliver the social media experience. An ongoing challenge for research-
ers and developers is how to handle the data generated by social media applications. 
Tonidandel et al. (2018) argued that traditional statistical methodologies fail to provide 
meaningful insight into the data and acknowledge that new methodologies are needed 
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to analyze those unique data sets. Hochman (2014) examined the nature of social media 
images by examining the structure and implementation of those images that are being 
formed. He reported that images generated by data communities are automated and 
tagged using steam processes that shaped the layout of the social media images. The 
growing use of the automation of data analysis that is generated by advanced statistical 
calculations and adopted in social media research has led to an ‘explosion’ of software 
tools for scraping and analyzing social media content (e.g., Manovich, 2005). R is one of 
the leading open-source software environments, where its members of the community 
can develop specific packages that collect code, data, and instructions to solve problems 
beyond the reach of traditional spreadsheet software, and much of this work focuses on 
social media. Today, more than 32000 packages are available on the Comprehensive R 
Archive Network (CRAN)— those packages containing prewritten code, designed to 
accomplish specific tasks or a collection of tasks.

R as a computer programming language is based on an object-oriented program-
ming (OOP) structure that relies on the concept of classes and its objects. Like any 
computer language, variables provide a means of accessing the data stored in mem-
ory. R does not provide direct access to the computer’s memory, but rather provides 
specialized data structures, called objects, that are referenced via symbols or variables. 
In R, one can have objects based on expressions where an expression contains one or 
more statements. A statement is a syntactically correct collection of tokens. Expression 
objects are also special language objects that contain parsed, but unevaluated, R state-
ments. All objects can have one or more attributes attached to them. The user can run 
multiple packages under the same code. 

The first known attempt to simplify programming development under Peirce’s the-
ory was made by Kumiko Tanaka-Ishii (2010) in her book, Semiotics of Programming. The 
aim of the book was to provide a semiotic analysis of computer programs along three 
axes: 1) the models of signs, 2) kinds of signs, and 3) systems of signs. According to 
Tanaka-Ishii (2010), the transformation of Peirce’s triadic theory to object-oriented pro-
gramming (OOP) needs to apply a name, data, and functionalities to generate a working 
code. She identified two major problems regarding the conversion of Peirce's theory to 
a working programming code. The first issue is the difficulty in implementing the third-
ness principle, and the second is in obtaining descriptions for the sign systems. To solve 
these problems, Friedman and Feichtinger (2017) created an R package called Peirce’s 
sign theory R package that was used in this study. This package applies Peirce sign tri-
angulation attributes to the objects found in the data and their variables. The R plat-
form allows any user to run this code using their local machine and display the results 
graphically using different graphic packages. The package provides tools to classify and 
identify relationships between different components/variables in data sets by applying 
Peirce’s sign theory of triangulation to qualitative and quantitative data. 
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Under Peirce’s sign theory R package gathers the data based on the three com-
ponents: the Representamen, the Object, and the Sign. As part of this study, Peirce's 
sign package was designed to follow Jappy's definitions of visual triadic signs, and 
to easily convert data into Peirce's triangulation algorithm model. Studying “visu-
al meaning” in this case means studying Twitter's data on what the signs refer to, 
based on the researcher's observations of these terms, using the machine as a tool to 
rank and sort these classifications to produce the visualization results. The machine 
cannot decide for itself, the nature of the relationships among the three components 
of Peirce’s model; for example, it does not recognize human concepts of words or 
numbers. Therefore, the main feature of this package is the functions in the package 
that can evaluate hypotheses about relationships that are found to be meaningful in 
the text. The package uses semiosis algorithms to find meaning in the data and gain 
insight into the causal relationships that are made possible by the underlying logic in 
Peirce’s theory. In the simplest sense, the functionality in the package allows the user 
to study the interaction between the three variables directly and indirectly.

C. Peirce semiotics, visual signs, and how semiotics 
is useful for analyzing the meaning of Big Data

Semiotics, the study of signs, is derived from philosophical speculations on significa-
tion and language (e.g., Chandler 2007). The first known reference to the term ‘sign’ 
can be found in ancient Greek, where it is connected to the word semeion, meaning 
‘mark’ or ‘sign.’ Elaboration on the meaning of the term continued through the 19th 
century, with two schools of thought providing different interpretations. This study 
adopts a conceptualization of ‘sign’ proposed by Peirce, who described the study of 
sign as "semeiosis," which aims to study all sign-related phenomena. Peirce offered 
a triadic foundation of the term, in which anything that may be interpreted as signi-
fying, referring to, or standing for something other than itself may be considered a 
sign, see (CP 2.228, 1897), however in terms of semiosis, Peirce argued that symbols 
grow, and that the meaning of concepts tends to motivate more developed concep-
tions (CP 2.303, 1902). While Peirce in his extensive writings did not use the concept 
of visual signs or visual semiotics, he did use the photograph as an example of an 
icon, see (CP 2.281, 1894) where the photograph is considered as an example of rep-
resentation by likeness or resemblance. And, in (CP 2.320, 1903), the photograph is 
mentioned as a hypoicon and a decisign. Leja (2000), also cited Peirce's own words 
on the importance of visual diagrams to examine the meaning in language.

I do not think I ever reflect in words. I employ visual diagrams, firstly, be-
cause this way of thinking is my natural language of self-communion, and 
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secondly, because I am convinced that it is the best system for the purpose. 
(MS 619, 190) .2

Peirce definition of the sign is triadic, consisting of a Representamen, an Object 
and an Interpretant. Peirce formulated in his extensive writings several definitions of 
the sign, (Marty, 1997 [2012]), and his most famous definition is from 1897, which con-
siders how the sign is divided. 

a sign, or a representamen, is something which stands to somebody for some-
thing in some respect or capacity. It addresses somebody, that is, creates in 
the mind of that person an equivalent sign, or perhaps a more developed 
sign. That sign which it creates I call the interpretant of the first sign. The sign 
stands for something, its object (or referent). It stands for that object, not in all 
respects, but in reference to a sort of idea, which I have sometimes called the 
ground of the representamen (CP 2.228, 1897).

Furthermore, Peirce's triad are qualified by additional categories where the Repre-
sentamen is a first characterized by the qualisign, the sinsign, and the legisign. The Ob-
ject is a second characterized by its relation to the Representamen by the icon, the index, 
and the symbol. The Interpretant or the meaning of the sign relationship is a third, char-
acterized by the rheme (rhematic sign), the dicent sign (or proposition), and the argu-
ment (CP 2.243-252, 1903). This triadic nature of the sign can thus be combined into ten 
sign categories (CP 2.227-273, 1887). According to Queiroz and Merrell (2006), Peirce’s 
believed that the core three elements, and the respective classifications they imposed 
upon signs, could be combined to give a complete list of sign types. Therefore, the sign 
is a triadic relation, and it involves three core elements for analysis, namely, the elements 
concerning the representamen, the relation between the representamen and the object, 
and the relation between the representamen and the interpretant respectively. Queiroz 
(2012) later argues that thus Peirce’s classification should be considered an important 
advancement with respect to the task of empirically modeling the morphological variety 
of signs, and it constitutes one of the most important topics of Peirce’s mature semiotics. 

Peirce's classification of ten possible sign types provides a road map to analyzing 
images, diagrams, and metaphors according to Farias and Queiroz (2006). They ex-
tended Merrell’s (1997) discussion of the ten classifications into figures that illustrates 
this transformation of Peirce’s sign into visual semiotics. Figure 1 represents Peirce’s 
10 classifications of signs, with special attention to the hypoicons as discussed by Mer-
rell (1997) and Farias and Queiroz (2006). 

2 We are referring to the Annotated Catalogue of the Papers of Charles S. Peirce (Robin (ed.) 1967), according to the 
scholarly tradition, MS, manuscript number and page number.
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With this Peirce classification system, the concept of the ‘hypoicon’ subdivides the 
icon sign into three different modes of iconicity, namely the image, the diagram, 
and the metaphor. 

Hypoicons may be roughly divided according to the mode of Firstness of 
which they partake. Those which partake of simple qualities, or First First-
ness, are images; those which represent the relations, mainly triadic, or so 
regarded, of the parts on one thing by analogous relations in their own parts, 
are diagrams; those which represent the representative character of a repre-
sentamen by representing a parallelism in something else, are metaphors. (CP 
2.277, 1902).

As a part of their discussion of Peirce's visual semiotics, Farias and Queiroz (2006), 
Jappy (2013), and Peirtarinen (2012) employ the term ‘hypoicons’ as a core part in their 
discussion. They emphasized the importance of the subcategories of image, diagram, 
and metaphor to their overall study and interpretation of Peirce's types and symbols 
classification. 

Figure 1. Peirce’s classification of ten sign types supplied with 
the hypoicon as proposed by Merrell (1997).
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The image
The image represents by virtue of qualitative similarity–e.g., color on canvas, the can-
vas itself, etc. Of course, the very attempt to describe a sense of firstness related to an 
image transcends into other signs. As is the case with images e.g., paintings, they are 
interpreted by placement, framing, situation, and description as such, and thus in-
volves the interpreter's ability to connect collateral experience with the image.

The diagram
The diagram represents its object by means of structural similarities to geometrical 
figures. A Venn diagram is an example of diagrammatic reasoning, as a map e.g., GPS 
(Global Positioning System) such as a navigation map or subway station maps–though 
different in visual expression and abstraction enables navigation that also includes 
pictograms and diagrammatic signs. For example, a common illustration of signs is 
the universal toilet gender signs. As is the case with the image, the diagram, besides 
its visual expression, involves indexical as well as symbolic aspects. A GPS navigation 
map, besides being visual and diagrammatic, is also indexical in its reference to the 
actual placement of the vehicle, the distance between point of departure and arrival 
and correspondence to the actual road being driven. The distance is measured in kilo-
meters or miles and time, which of course are symbolic signs. 

The metaphor
The metaphor that represents its object by means of a parallelism, or similarity to some-
thing else. The metaphor is considered an iconic sign; however, the metaphor involves 
a creative element. The metaphor may be regarded as an analogy or isomorphic, but 
also can be used as a metaphor for works of art (Anderson, 1984).

Peirce's theory places the metaphor under icons together with images and diagrams. 
Anderson (1984 pp. 463) reported on the difficulty of fitting his brief remarks about visu-
al metaphor into a system that is not explicit. He addressed the issue by stating that there 
are many strands in Peirce's thought that it is easy to begin any study with conflicting 
fundamental views of his intentions. Yet, with all the attempts to define Peirce’s line of 
thoughts, Anderson (1984, pp. 463) recommends us to read carefully and comprehen-
sively, as he finds both growth and coherent direction in Peirce's work. 

A different approach to Peirce’s sign theory focused on diagram as visual forma-
tion. Shin (2002) reviewed Peirce’s logic calculations found in a single sentence. She 
noted that Peirce’s diagram holds his theoretical foundation, with a focus on the con-
struction of a single sentence, and its visual representation captured by the diagram. 
This visual structure contains a single continuous line of visual display. However, giv-
en the sheer volume of Big Data, it would be difficult to merge a single sentence into 
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millions of records to find the general meaning of those messages. Many critical thinkers 
of Big Data consider social media data to reflect ‘garbage in and garbage out’ scenari-
os, since tweets frequently lack standard structure and, in many cases, analogical struc-
tured tweets. (e.g., Geiger and Kubin, 2020). As a result, social media data researchers 
do not often use diagrams to graphically display their findings. (e.g., Tsou and Leitner, 
2013). Big Data researchers identified two related problems associated with the use of 
diagrams to visualize Big Data. The first is based on a single sentence structure, where 
today’s social media analysis consists of the frequency of the terms found in social me-
dia feeds without any grammatical structure (e.g., Geiger and Kubin, 2020, Tsou and 
Leitner, 2013). Manovich (2005, 2013), Hochman (2014) discussed a different approach 
to social media images, focusing on algorithms and data procedures that occurred in 
real-time analysis that generate specific types of images. This type of analysis is based 
on social media feeds into visualization where the most frequent types of visualization 
are displayed with visual networks, geospatial visualizations (like heatmaps), and word 
clouds, rather than with the deeper theoretical or graphical analysis (Miller, 2017).

Overall, Peirce’s work makes substantial contributions to the field of visual com-
munication, and many researchers have incorporated Peirce’s theory of visual signs into 
their overview of the meaning, representation, and reference found in visual language 
(e.g., Van Leeuwen 2005, Nöth 2011, Dunleavy 2005). According to Jappy (2013), Peirce 
logically defined the importance of methodological investigation through a general the-
ory of signs for representation and their functionalities. He outlined two primary factors 
that distinguish Peirce from any other visual semiotics philosophers. The first attribute 
of Peirce’s theory is the activity and the interpretation of signs as a process. The second 
attribute is the use of multiple approaches to extend our understanding of nature and 
rhetoric to both verbal and visual representations of the world we live in (Jappy 2013, 
pp. xi). A different interpretation of Peirce’s visual sign theory was outlined by Pietar-
inen (2012), who reported that image languages are constituted by logical diagrams even 
though they relate to non-logical vocabularies. However, none of these interpretations 
have ever been examined in the context of Big Data visualization.

D. Methodological notes
In this study, we ask the following question: What insight does Peirce's visual sign 
theory lens provide us when using algorithms and open-source technology to create 
and interpret Twitter data? To address this question, first, we present the results of 
Twitter Analytics, and the use of Peirce’s sign theory R package to generate and visu-
alize the data. Second, we investigate whether we can use digital image processes and 
algorithms to evaluate the results considering Jappy’s (2013) and Peirtarinen’s (2012) 
discussion of Peirce’s visual interpretation. 
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E. The study methodology
We collected data from Twitter by following the popular TV show Squid Game. The 
show is a South Korean survival drama television series that gained immense global 
popularity. We selected this show for this study because it boasts an international au-
dience and the show’s Twitter account has more than 300,000 followers. Our first data 
categorization was based on Twitter Analytics data, including the numbers of retweets 
and impressions, and engagement. A recent report by the New York Times showed 
that the number of new users joining Twitter continued to rise in 2022, with its users 
speaking over 40 languages. (e.g., Isaac et al. 2022). According to Gligorić et al., (2020), 
Tweets are textual messages with a 280-character limit that users can share, retweet, 
and post on other social media platforms. The popularity of Twitter data as a source 
for Big Data produced a shift in scale, scope, and depth of analysis (e.g., Kshetri, 2014). 
To provide more transparency in Twitter data analysis, Twitter employed the terms 
impressions and engagement, taken from the advertising industry to measure the user 
activity on their site (Siyam et al., 2020). Twitter data may include user URLs, refer-
ences to other tweets, hashtags, abbreviations, and emoticons in user content, and/or 
metrics of user behavior associated with platform content. 

Recent research involving the Twitter platform has highlighted new metrics for 
measuring customer engagement (Muñoz-Expósito, 2017). This change is based on 
how Twitter sorts its data, with a focus on the timeline as a key element. Previously, 
tweets were presented chronologically, as a time-stamped record. However, a newest 
sorting algorithm gives preference to tweets that are more relevant to the topic, as 
determined by Twitter (Wang and Fikis, 2019). Associated with this change are three 
key algorithmic elements: tweet activity, number of impressions, and engagement. 
Tweet activity is a measure of one’s own activity on the Twitter dashboard and allows 
the user to review various metrics related to a tweet’s performance (e.g., Siyam et al., 
2020). The number of impressions is the number of times that a tweet appears to users, 
either in the timeline or search results. Engagement represents the total number of 
times that a user interacts with the tweet and includes retweets, follows, likes, and the 
addition of hashtags to the tweet. 

In this study, instead of using the three general components of Peirce’s sign theo-
ry: the Representamen, the Object, and the Interpretant, we focus our attention on the 
triadic division of the Object, i.e., the icon, the index, and the symbol. According to 
Peirce, an iconic sign shares resemblance with the object it represents. Photographs are 
common examples of iconic signs because they resemble the object represented (thus 
the division between immediate object (the photograph) and dynamical object (the 
live model depicted), however, as described above, the icon can also be subdivided 
further into the different subordinate types known as hypoicons: the image, the dia-
gram, and the metaphor. 
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While the symbol is conventional in nature, the index is related to causality and 
thus shows evidence of what is being represented (Moriarty, 2002). We matched the 
sign-typology of the object with the categories of Twitter Analytics: Engagement, Twit-
ter activity, and Impression. Our first idea was to consider a resemblance between the 
iconic sign and Twitter activity; in this study, both terms (Icon and Twitter activity) 
represent the actual account of all user activity on Twitter, as such Twitter activity 
resembles or mirror user interaction on the Twitter platform. We then paralleled the 
term Symbol with the term Impression, where both terms refer to the conventionalized 
meaning and connections between components within their own configuration. Fi-
nally, we associated the term Engagement with the Index, which stands for the causal 
relationship between user interaction and a specific tweet. Figure 2 demonstrates the 
match between the Peirce Object typology and Twitter’s analytical terminology. 

Our next step was applying the Twitter data analytics data through the Peirce’s 
sign theory R package. This package is based on open-source R which provides a tool 
to classify and identify and visualize the relationships among the components of data 
sets by applying Peirce’s sign theory R package to qualitative and quantitative data. 
By implementing Peirce’s model from a semiotic perspective, it allows the user to find 
meaning among the components represented by the data. In this study, the meaning 
of tweets for the show Squid Game posted on Twitter was examined. Studying “mean-
ing” in this case means studying the interpretations of Twitter’s Analytics classifica-
tion and their relationships. The machine cannot decide for itself the nature of the 
relationships among the three components of Peirce’s model; for example, it does not 
recognize human conceptions of words or numbers. Therefore, the main feature of this 
package is its use of user-defined input, where the functions in the package can evalu-
ate hypotheses about relationships that are found to be meaningful in the text. 

Figure 2. Shows the coordination match conducted in this study between Peirce object and Twitter’s 
analytical terms.
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The Peirce’s sign theory R package contains four main algorithms that were uti-
lized to analyze the data. Function 1 is for numeric data; it calculates distributions by 
placing each numeric value in a percentile rank based on all values in that column of 
a data set, where columns represent each of the three components and each row rep-
resents a triad. This procedure is carried out for all three columns and for each vari-
able. The average percentage rank is then computed for all three columns in each row. 
By quantifying where each data point is within a distribution, we can assess whether 
numbers in one column are associated with numbers in another. The average percent-
age values for all three components indicate whether a relationship exists, based on 
semiosis. Values that depart from 50% in one direction (either greater than or lesser 
than) indicate a significant association among the three variables. The researcher then 
determines whether these relationships are meaningful in the context of the hypothe-
ses and goals of the study. Function 2 applies Peirce’s classification to the output from 
Function 1 to look for further relationships within the data, as defined by the user’s 
concept of data meaning. Function 3 first evaluates whether two or more rows are 
exactly equal, meaning that they represent two instances of the same triad. A logical 
value (true or false) is returned. A value of ‘true’ indicates that two rows have exactly 
equal values for index, symbol, and icon. A value of ‘false’ indicates that the rows do 
not have exact matches for each component. Function 3 then evaluates the column 
positions (corresponding to the index, symbol, and icon) within the rows to look for 
matches in any of the three components of a triad represented by a row in the data 
frame. It returns another set of logical values that indicates whether any components 
have an exact match within the rows. For example, it would identify a match between 
a triad with good/retweet/quote and another with bad/retweet/quote. To accom-
plish this task, the package makes use of R’s loop function, which allows the user to it-
erate a procedure over the entire data set. The loop function provides instructions that 
allow automation of the code that is to be repeated. Figure 3 summarizes the workflow 
of Peirce's sign theory R package. 

Figure 3. Outlines the workflow of Peirce’s R package and its implementation in this study.
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F. Results
We collected more than 350,000 individual messages (tweets) posted on the official 
Squid Game Twitter account in 2020 and 2021. First, we utilized the Twitter Analytic 
algorithms and then sorted the data using Peirce's sign theory R package to execute 
the triangulation algorithms and visualize the results. The Twitter Analytics function 
sorted the data based on Twitter activity, number of impressions, and engagement. 
The Twitter activity algorithm represents the sum of all account activity; in this case, 
it referred to all activities on the Squid Game account. Impressions represented the 
number of users who saw the Squid Game tweets. The engagement was calculated 
as a total rating, based on the total number of user engagements divided by the total 
number of impressions, and multiplied by 100. We then applied Peirce's sign theory 
R package to these data to sort them and visualize the result. The first visualization 
was based on the most frequent words that appeared in Squid Game tweets. The top 
five most frequently used terms were love, game, squid, fan, and life. User comments 
were tokenized, cleaned, counted, and reordered so that the most mentioned terms 
appeared first. Figure 4 shows the 16 most common terms appearing in user tweets. 

Next, we examined interconnections between variables obtained from Twitter Ana-
lytics (engagement, impression, and Twitter activity) using Peirce’s sign theory R pack-
age. Friedman and Smiraglia (2013) examined Peirce's visual signs in academic prod-
ucts and reported that line graphs, bar graphs, and histograms were the most common 
types of graphs used by researchers in conference presentations. Accordingly, Figures 5, 
6, and 7 show the results of the current analyses of variable interconnections using a bar 

Figure 4. The top 16 most frequent terms found in the 2020 and 
2021 Squid Game Twitter feeds. 
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To examine interconnections among all three user analytics variables, we counted 
the number of activities for each variable in our data set and summarized the result as 
a bar graph. Figure 6 summarizes user activity ranked highest in overall value. 

Figure 5. The relationship between the number 
of impressions and user engagement, shown 
using a line graph display. 

Figure 6. Summary of users’ Squid Game Twitter 
activities shown using a bar graph. 

chart, line graph, and bubble graph format, respectively. Figure 5 details the term 
engagement represented on the Y-axis and the number of impressions shown on the 
X-axis. According to Chae (2015), impressions and user engagement represent the 
core metrics of Twitter Analytics. However, to our knowledge, no previous study has 
examined the interactions between Twitter Analytic core variables.
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Next, we counted the correlation analysis between the three terms and displayed 
the results as a correlogram. Twitter activity had a stronger correlation measurement 
of the strength of the relationship between the two other variables. However, extreme 
outliers were present in each category with a negative score observed under the im-
pressions and engagement categories. Figure 7 summarizes the correlation found be-
tween the three categories.

The leading form of user activity on the Squid Game Twitter account was retweet-
ing. Yang et al. (2010) reported that retweeting behavior can be captured by a statistical 
power-law distribution 35% of the time while other retweeting behavior does not match 
any statistical distributions with 31%. Our findings showed similar patterns, but we 
were unable to capture retweeting behavior under our data collection distribution. Ap-
proximately 69% of retweets did not refer to Squid Game, but rather to other activities. 

Last, we tried to develop algorithms consistent with the criteria of Jappy (2013) 
and Peirtarinen (2012) for the evaluation of images according to Peirce's principles 
of visualization. Many open-source processes exist that allow for the analysis of im-
age content. Those processes include techniques that allow the machine to analyze 
the physical attributes of the image, such as the pattern of the image and the point 
differential found on the image, among others. This process is based on the ability to 
convert images to data that are conducive to analysis. According to Pavlidis (2012), it 
is difficult to develop dual processes for the analysis of images that also incorporate 
the human interpretation of image meaning. We attempted to convert Jappy’s (2013) 

Figure 7. The correlations between the three variables in Twitter 
Analytics, shown as a correlogram.
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and Peirtarinen’s (2012) criteria to algorithms to analyze the images we created. How-
ever, we found many of Peirce’s principles of logic as outlined by Jappy (2013) and 
Peirtarinen (2012) are not easily applied to the analysis of Big Data visualizations. For 
example, the graphs we created were based on more than 350,0000 data points, using 
a machine that could measure and assess the interactions between the three variables. 
However, according to Jappy (2013, p 167), interpretation of the graphs according to 
Peirce's principles would require an independent lens of psychology, ethnology, and 
cultural influences. We were unable to generate an independent algorithm or data set 
to match this demand. Likewise, one of Peirtarinen’s core principles is reminiscence. 
This principle recommends the user to collect histological data and images to better 
evaluate the image. However, no historical Twitter data is currently available. These 
barriers prevented us from developing algorithms that faithfully captured Peirce's 
principles, as outlined by Jappy (2013) and Peirtarinen (2012).

Taken together, this study exhibited that the Peirce’s sign theory R package can be 
used to analyze data from social media feeds to produce multiple types of data visual-
izations, together with information gleaned from Twitter Analytics. However, we were 
unable to develop suitable algorithms to follow Peirce's visual interpretation language 
due to difficulty in providing accurate interpretation of the meaning found in visuals, 
as understood through the lens of Peirce's theory. Indeed, according to Ezhilraman and 
Srinivasan (2018) the development of suitable algorithms and processes to evaluate 
and support the creation of visualizations presents an ongoing challenge. 

G. Discussion
This study highlighted two major gaps between Big Data visualization under Peirce's 
sign theory found in social media feeds. The first gap is the unmatched examination be-
tween Twitter Analytics data and Peirce’s sign algorithm conducted on the open-source 
R platform. The subject of data authenticity found in Twitter data was discussed by 
many researchers who have reported that great quantities of tweets are generated by AI 
bots and are difficult to identify and remove from Twitter. To address this challenge, we 
analyzed Twitter Analytics as our first step in examining the core triangulation variables, 
for which no studies had been conducted. Our next step in this study employed open-
source Peirce’s sign theory R package and matched it to Twitter Analytics to report on in-
terconnection and correlation between these three categories. The second gap the study 
found was the lack of a machine image evaluation algorithm based on Peirce’s visual 
sign and grounded in social media data. Under this gap, we examined Jappy (2013) and 
Peirtarinen (2012) interpretations of Peirce’s sign. However, we were unable to generate 
visual evaluation algorithms that matched Peirce’s sign theory due to the complexity of 
the criteria together with the problematic nature of Twitter data authenticity.
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To address those two gaps, this study employed the open-source Peirce’s sign 
theory R package as its supporting platform for its social media data analysis and vi-
sualization. The open-source R programming language is known for its Big Data and 
visualization capabilities, especially with Twitter data. (e.g., Bello-Orgaz et al. 2016). 
Future studies will need to examine more advanced algorithms developed using 
Peirce’s sign theory in terms of human perspectives to better understand observed 
data and data visualization models found in social media.

H. Summary and conclusions
Social media platforms generate large amounts of data that reflect the complexity 
of human and machine activities. Many researchers have reported new concerns 
about the viability of these social media channels regarding machine-generated 
messages. As those data sets continue to grow in quantities, researchers have 
also used various theoretical and algorithmic frameworks to analyze social me-
dia feeds. Semiotics is the discipline that studies the foundation of sign associ-
ated with text and images and their meaning found in language and communi-
cation. One of the founders of semiotics is the American philosopher Charles 
Sanders Peirce who offered a triadic foundation for the term sign. This study 
raises the question: what insights do Peirce's visual sign theory contribute when 
we try to interpret Twitter data analysis? To address this question, first, we pres-
ent the results using Twitter Analytics, and Peirce’s sign theory R package to 
generate results visually. Second, we investigated whether we could use digi-
tal image processes and algorithms to evaluate the results considering Jappy’s 
(2013) and Peirtarinen’s (2012) discussion of Peirce’s visual interpretation. The 
study’s visual result showed common data visualization-type displays of Twitter 
data analysis using the sign theory of Peirce's R package technology with Twitter 
Analytics. Those visual results present interactions among the three Peirce visual 
sign categories and provide deeper insight into key concepts using Twitter Ana-
lytics terminology. We then explored the feasibility of developing algorithms for 
analyzing these visualizations based on criteria set out by Jappy (2013) and Peir-
tarinen (2012), who outlined Peirce's search for meaning found in visualizations. 
However, such algorithms were hard to assemble due to the complexities of those 
criteria and the complexity of social media data feeds: especially with human 
vs machine messages. As a result of our study, we established a close relation-
ship between Peirce’s semiotics framework and Twitter analytics and the gener-
ation of visualization using Peirce’s theory. Future studies should investigate the 
transformation of Peirce's sign theory into more complex algorithms, as well as 
the behavior and interaction of social media users with visual content. 
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