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Abstract
Artificially intelligent technologies have become a common topic in our everyday 
discussions where arguments about the subject can take different forms from cogni-
tive reasoning to emotional expressions. Utilizing persuasion theories and research 
on the appeal of content characteristics as the theoretical approach to examine affec-
tive–cognitive language, we investigated social media posts on artificial intelligence 
(AI). We examined Reddit posts from 2005 to 2018 referring to AI (N = 455,634) 
using automated content analysis tools. The results revealed that although both the 
tone positivity and affective–cognitive ratio were dependent on the specific context, 
the language in AI posts was more analytically than emotionally oriented in general. 
Other users were more likely to engage with Reddit posts on AI that were high in 
cognitive and analytic content compared to affective and emotional content. In ad-
dition to the practical contribution of public opinion on AI, the results contribute 
to the theoretical discussions on affective and cognitive language in social media 
discussions.
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Introduction

Artificially intelligent technologies have become a common topic in our everyday 
life discussions –– even in life domains where artificial intelligence (AI) has been 
relatively excluded from the public eye until recent years, such as its use in art and 
urban environments. Novel technologies in new contexts induce public discussions 
and arguments that can take different forms from cognitive reasoning to emotional 
expressions. Research has demonstrated that the cognitive–emotional language ratio 
differs in public discussions depending on the topic [1], highlighting the importance 
of context-dependency. In social media persuasion research, both emotional cues and 
rational appeals in the original message have been found to influence the decisions of 
other users to engage with it [2–3]. Thus, the affective–cognitive orientation of mes-
sages in social media can be a crucial factor in how socially engaging the conversa-
tion starters are and how societally impactful the discussions around a certain topic 
will eventually be.

As a rapidly evolving field and timely discussion topic, defining AI and its compo-
nents and boundaries is a complex task that is unlikely to arrive at a unified opinion 
any time soon [4]. A broad dictionary definition states that AI is a field involving 
computer systems that have the capacity to execute tasks traditionally associated with 
human intelligence [4]. In addition to the ununified professional definitions, AI is 
likely to be used and understood in versatile ways in public discussions. When inves-
tigating language in larger currents of public discussions where individual meanings 
cannot be inquired from the subjects or clarified by the researchers, we are approach-
ing the target construct from the perspective of symbolic or sociocognitive represen-
tations. These representations are collectively shared meanings and ways to use a 
certain concept for the sake of communication [5–7].

We utilized emotional–analytic persuasion appeals [1–2, 8–9] as a theoretical 
framework to examine affective–cognitive content characteristics of the language 
used in social media posts on AI. As a social media data set, we used posts sub-
mitted to the Reddit platform during 2005–2018 that referred to AI. The automated 
content analyses were performed with Linguistic Inquiry and Word Counts (LIWC) 
and Valence Aware Dictionary and sEntiment Reasoner (VADER) sentiment analysis 
tools. First, we considered the context-dependency by comparing the tone of AI posts 
with different contextual cues. Second, we compared the affective and emotional lan-
guage with cognitive and analytic language in the posts and examined how they were 
associated with other users’ engagement with the original messages. Our study is 
the first to investigate social influence and persuasion of affective- versus cognitive-
oriented social media posts on the topic of AI.

AI in various contexts and life domains

Because AI applications and perceptions of them are often domain-specific, it is 
advisable to consider context-dependency [10]. A report by a study panel consist-
ing of experts on AI examined the past and future development of AI over 15 years 
within domains that have an effect on urban life [11]. The domains they considered 
the most salient perspectives to focus on consisted of, for example, transportation, 
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service, health care, education, public safety, and entertainment [11]. When antici-
pating the effect AI has on individuals and societies, creating markets (e.g., music, 
literature, and journalism) are highlighted in addition to service-providing markets 
(e.g., medicine, transportation, and education) [12].

The insights from researchers are in line with marketing analyses. The domains 
that have been estimated to have the most AI applications and rapid growth in usage 
included sectors such as advertising and media (including gaming and entertain-
ment), finance, health care, transportation, and others (e.g., education, security, and 
surveillance) [13]. The marketing research for the World Economic Forum surveyed 
by Ipsos [14] addressed global AI opinions and expectations and stated that educa-
tion, safety, transportation, and entertainment are among the top areas expected to 
change people’s daily lives in the next 3–5 years due to the increased use of AI. 
Education (77%), entertainment (77%), transportation (74%), and safety (69%) were 
also among the areas where people expected the increased use of AI would improve 
their and their families’ lives [14–15]. However, Eurobarometer conducted in 2019 
showed that only half of Europeans perceived the best uses of AI to be in medicine, a 
third perceived its best use could be to alleviate traffic problems, and nearly one-fifth 
saw it as best used for societal safety and security [16].

Perceptions of people in various occupational fields and life domains have been 
compared in research focusing on robots, which can offer tentative implications of 
what the results could be for the perhaps more complex and abstract concept of AI. 
People have been reported to be generally quite positive toward robots doing more 
cognitively oriented tasks and in historically more familiar domains (e.g., manufac-
turing and military) but are more hesitant and divided about deploying robots to fields 
that require artistic or social skills such as education and leisure [17–19]. Although 
general and some task-specific attitudes toward robots have become more negative 
based on comparisons of 2012, 2014, and 2017 Eurobarometer datasets, Europeans’ 
attitudes toward travel in driverless cars (from 2014 to 2017) and especially toward 
using robots for medical operations (from 2012 to 2017) have become more positive 
[20].

Another issue to consider is the difference between explicit perceptions of novel 
technologies (e.g., in surveys) compared to more implicit implications of sentiments 
and other expressions found in textual data. Fast and Horvitz [21] studied text cor-
pora of news over 30 years and from various industries, and they included education, 
transportation, health care, and entertainment in the category of “hopes for AI” and 
military in the category of “concerns for AI.” They concluded that discussions of AI 
in news media rapidly increased after 2009 and have been more optimistic than pes-
simistic in nature [21]. Within the timeframe of the study (1985–2015), hopes for and 
positive views of AI in fiction, health care, and education trended upwards, whereas 
similar positive trends were not found for entertainment in general, transportation, 
and military topics [21].

Another study on text corpora compared public and news sentiments on robots 
and reported that although topics such as military robots have been a major concern 
over the past decade, topics such as health care and especially educational robots 
trended in public discussions and news in 2018 [22]. Robots in entertainment were 
shown to be a more positively discussed topic than military ones [22]. In their review 
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of the literature, Javaheri et al. demonstrated that although the public’s general view 
of AI is positive and less conservative than that of the experts, the attitudes vary 
between the application contexts. Even though some evidence for the positive con-
nection between people’s ratings and written sentiments has been reported [23], 
caution must be exercised when contrasting explicit opinions with implicit attitude 
results arrived at through linguistic analyses. The traditional approach of language 
analysis has established that words can convey the attention and focus of the messen-
ger [24]. However, language is not an intra-psychological phenomenon free of social 
influence, but a means of communication and affected by its social context offline or 
online [25].

Affective and cognitive language in social media

Affect and cognition, along with the behavioral factor, are traditionally seen as the 
three components of the mind, as illustrated, for example, in the tripartite model of 
attitudes [26–27]. Cognition includes all forms of knowledge (e.g., language), aware-
ness, memory, and cognitive processes [28]. Affect is sometimes used as a superor-
dinate category or a collective term for emotion, feeling, and mood constructs [29]. 
Emotion is also considered to be a broad construct encompassing behavioral and 
physiological elements in addition to involving subjective mental experiences such 
as feelings [30]. The complex relationship between cognition and affective dimen-
sions such as emotions is apparent in theoretical frameworks for both cognitive and 
affective constructs. Emotional components are integrated in theories of cognitively 
oriented constructs such as attitudes [26], and the cognitive aspects of emotions have 
been extensively studied in relation to emotion theories [31].

People use verbal (i.e., words that describe feelings) and nonverbal cues (e.g., 
facial expressions) to express emotions. In natural language, less than 5% of Eng-
lish words can be categorized as emotional [32], which highlights the multimodality 
of emotional expression through means other than only verbal cues. The linguistic 
patterns and frequency of using emotional and cognitive words can still reveal valu-
able insights, for example, about the development of people’s psychological state 
[32]. The small proportion of emotion words demonstrates the weight of language in 
conveying nonemotional words and constructs, such as cognitive and analytic ones. 
Much research has been devoted to examining the interaction between language and 
cognition and its potential brain–mind mechanisms resulting in findings that lan-
guage predefines several cognitive concepts [33–34].

Analytic thinking is often defined in contrast with intuitive gut feelings and has 
been found to have significant consequences for individual psychology [35]. Ana-
lytic language can arguably have a significant societal impact and has been found to 
predict academic achievement [36], to distinguish one writer from another [37], to 
identify communication style trends in politics [38], and to persuade others to change 
their mind [39]. Analytic thinking style has been studied to capture formal and logical 
and less personal and emotional language while distinguishing it from more general 
cognitive processing, which refers to meaning making and the expressions of cogni-
tive activity [40]. Other studies have investigated, for instance, information process-
ing and cognitive–affective styles associated with war attitudes [41], cognitive and 
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affective cues to detect nostalgia [42], and cognitive processes and emotions in the 
context of alternating cognitive and emotional fluctuations in public conversation [1].

Studies on cognitive processes and analytic thinking cues in public discussions on 
AI or other emergent technologies are insufficient. However, research on affective 
dimensions such as emotions and sentiments have utilized sentiment analysis tools to 
study, for example, written reactions toward working with robots [43] and found AI 
social media comments on Reddit to be more often negative and more polarized than 
robot and bot comments [44]. Comparisons of cognitive and emotional language on 
other topics demonstrate that the ratio between cognitive and emotional words varies 
between different discussion topics [1], highlighting the context-dependency.

After considering analytic and emotional wording styles in written language, we 
are left with the question: What does it matter in terms of a specific topic such as 
AI discussions? Does emotional versus analytic language in social media writings 
have different outcomes, for example, in terms of social influence or societal rami-
fications? Examining the social consequences of cognitive or affective language use 
addresses Boyd and Schwartz’s [24] call for extending the descriptive analyses of 
linguistic categories to explanatory investigations of social psychological phenom-
ena. In persuasion research, researchers have studied the attributes of messages that 
drive people to change their attitude or behave a certain way [45–49]. In the context 
of social media, this could be specific ways of engagement with a piece of content, 
such as reposting, rating, liking, or other types of reactions enabled by the platform 
[50]. Researchers have demonstrated that in addition to the diversely measured con-
tent attributes of the message, emotions play an important role in deciding to engage 
[3, 51–56]. Dolan et al. [2] found that rational appeals in social media predict higher 
passive and active engagement, whereas emotional appeals predict only higher pas-
sive engagement.

Persuasion research provides some possible theoretical explanations for the dif-
ferent appeal of emotional and rational content characteristics. Influential theories of 
dual processing such as a heuristic–systematic model of information processing [8] 
and an elaboration likelihood model [9] typically include a more explicit, rational, 
analytic, and intentional reflection on the content of the message, in contrast to the 
other more unconscious, intuitive, and superficial component of thinking which is 
more prone to emotional appeals [57–58]. The duality of persuasion can be traced 
back to Aristotle’s idea of separating passionate or emotional persuasion and ratio-
nal persuasion [59]. Dual processing theories address also the content characteristics 
of the message and have been utilized to study the persuasive power of those cues 
[60–61], but these theories focus on the information processing styles rather than 
content cues solely.

Our study focuses on the emotional–analytic appeals of content characteristics 
addressed in persuasion theories. Some studies have deployed persuasion theories 
to investigate perceptions of AI in algorithmic journalism [62–63] or investigated 
attitude and trust implications of robot information in fiction versus fact-based media 
[64]. However, no studies have focused on the social influence and persuasion of 
cognitively or analytically versus affectively or emotionally oriented social media 
messages on AI.
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Research questions

The theoretical framework of our research consists of studies and theories on affec-
tive and cognitive components in written language, persuasion and the appeal of 
content characteristics, and context-dependency. To consider the context-dependency 
[1, 10], we investigated the affective and cognitive language in social media posts on 
AI in relation to different contexts. Based on the relevant topics in the literature on AI 
in various contexts and life domains [11–12, 16], we chose eight contextual cues for 
our analyses: urban, art, hospital, school, military, gaming, music, and movies/books. 
Based on research on language in general [32], we expected to find that posts on AI 
would more often consist of cognitive and analytic than affective and emotional con-
tent. Based on research on persuasion in social media [2], we expected cognitive and 
analytic orientation of a message to facilitate more social interaction with the mes-
sage by other users, but affective and emotional orientation to facilitate only more 
passive (voting) rather than active engagement (follow-up comments). Our research 
questions (RQs) were as follow:

	● RQ1: How does the tone of the Reddit posts on AI associate with different con-
textual cues (urban, art, hospital, school, military, gaming, music, and movies/
books)?

	● RQ2: Do Reddit posts on AI consist of more cognitive and analytic than affective 
and emotional content?

	● RQ3: Are cognitively and analytically oriented Reddit posts on AI more likely to 
receive a reaction (voting and follow-up comments) from other users than affec-
tive and emotional posts are?

Method

Data collection and processing

To answer our RQs, we utilized pushshift.io to identify Reddit posts called submis-
sions referring to AI [65] and collected 471,525 Reddit submissions from 2005 to 
2018. We prepared the submission corpus for statistical analyses by first excluding 
duplications, ergo, identical submissions by the same author to the same subreddit 
(n = 11,009). We then excluded submissions with irrelevant search hits for the word 
AIN’T (n = 4,825), submissions that had only the word “AI” in the title and no other 
words in the submission (n = 56), and one observation that had the value − 1 for num-
ber of comments. After these exclusions, we had our final text corpus for analysis 
(N = 455,634). The posts were submitted to 23,075 subreddits by 223,600 authors.

We chose Reddit as the social media data source for its expansive datasets with 
thematically structured community discussions on various topics [50, 66]. Based on 
2019 and 2021 surveys of U.S. adults, Reddit was among the top 10 most popular 
social media platforms [67]. Reddit has been the data source for diverse research 
designs and topics, especially in computer sciences, medical sciences, and sociology, 
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and had been increasingly utilized in 2010–2020 [66]. It has been previously utilized 
to study user engagement tendencies [e.g., 68–71]. Pushshift is a platform for Red-
dit data retrieval for researchers that includes historical archives and continuously 
updated data [65].

Instead of an individual person, the target unit of this investigation is an AI-related 
submission posted on Reddit during the time frame (2005–2018). Because the col-
lected data includes all the target units of investigation, we used a total population 
sample. Therefore, the results of the descriptive analyses of the data describe the tar-
get population without the need to generalize from a sample to the overall population. 
The sample size enabled enough power to detect even smaller effects, but inferential 
statistics were used to detect how relevant the effects are [72]. The Reddit platform is 
a public discussion forum where people interact on the platform through usernames. 
We retrieved the following information for the submissions: title, self-text, publica-
tion date, author username, the subreddit in which it was published, and the number 
of upvotes, downvotes, and comments it received.

Our search did not include identifiable or sensitive information, and AI is not con-
sidered a sensitive topic. We analyzed the submission texts from a larger scope to 
obtain insights from AI-related public discussion from a societal perspective. Thus, 
we do not report any individual-level information or results. Reddit’s terms of use 
state the possible research purpose of the publicly available data [66], which fulfills 
the legal requirement of using its data [73]. To protect the authors of the submissions, 
we do not report any usernames or quotes from the users [66]. Prior ethical assess-
ment is required when the data are not entirely public, which in this case the informa-
tion is, and explicit consent is impossible to acquire [74]. Before collecting the data 
set, the local academic ethics committee stated that the study design does not include 
any ethical issues.

For human validation, we asked each participant (N = 1059) to rate 20 texts from 
Reddit in a scale from − 4 to 4 for negative–positive tone orientation. Of the sample 
texts, 250 referred to AI, 250 referred to a robot, and 500 were a random sample of 
Reddit comments. Each of the 1000 texts were given a mean score from human rat-
ings. For comparison, we created three variables: human ratings mean score, LIWC 
Tone score, and VADER Compound score. The two other variables were rescaled 
to a scale from − 1 to 1 to match the scale of VADER Compound score. Based on 
two reliability estimates for continuous variables, the three variables are measuring 
similar phenomenon: Cronbach’s alpha (α = 0.73) and McDonald’s omega (ω = 0.74) 
[75–76]. From the two sentiment analysis tools, the mean score of human ratings was 
slightly closer to VADER Compound score (α = 0.60; Pearson’s correlation: r =.43; 
Concordance correlation: r =.33) than LIWC Tone score (α = 0.55; Pearson’s corre-
lation: r =.38; Concordance correlation: r =.19). Altman [77] recommends for Lin’s 
concordance correlation coefficient similar interpretation than Pearson’s coefficients 
where below 0.20 are considered poor and above 0.80 excellent.

Measures

The descriptive statistics of all study variables are shown in Table 1. For RQ1, we 
used the scores of two sentiment analysis tools as the dependent variables: the LIWC 
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lexicon for emotional tone and the VADER compound lexicon. For RQ2 we used 
LIWC cognition, affect, analytic, and emotion lexicons, and for RQ3 we used Reddit 
submissions’ voting scores and numbers of comments as the dependent variables. 
Eight custom dictionaries (urban, art, hospital, school, military, gaming, music, and 
movies/books) were used as the main independent variables. Word frequency and 
year of the submissions were used as control variables. VADER and LIWC tools 
have been previously applied to study user engagement effects of linguistic features 
[e.g., 68, 78].

The analyzed texts included the submission’s title, self-text, and subreddit. A sub-
mission on Reddit is given a title and can be either a link submission or a text sub-
mission called a self-post. A title of the submission can be up to 300 characters long. 
The character limit for self-posts used to be 40,000 for self-post-only subreddits and 
15,000 for other subreddits, but in 2015, it was changed to 40,000 characters for all 
subreddits [79]. We analyzed VADER and LIWC’s standard dictionaries based on the 
title and self-text parts of the submissions. In addition to the title and self-text, we 
included subreddit in the analyses of our custom dictionaries that aimed to capture 
the contextual theme of which the submission was written. In both cases, the two or 
three text parts were treated as one combined segment of text.

Measure n M SD Min Max
VADER 
compound

455,634.000 0.178 0.653 −1 1

LIWC 
tone

455,634.000 35.996 32.327 1 99

LIWC 
cognition

455,634.000 11.559 7.559 0 80

LIWC 
affect

455,634.000 5.537 5.168 0 75

LIWC 
analytic

455,634.000 66.426 27.726 1 99

LIWC 
emotion

455,634.000 1.393 2.488 0 50

Urban1 455,634.000 0.090 0.655 0 40
Art1 455,634.000 0.084 0.786 0 40
Hospital1 455,634.000 0.027 0.454 0 45.450
School1 455,634.000 0.052 0.572 0 40
Military1 455,634.000 0.166 0.888 0 37.500
Gaming1 455,634.000 1.309 2.609 0 66.670
Music1 455,634.000 0.062 0.678 0 50
Movies & 
books1

455,634.000 0.195 0.991 0 66.670

Word 
frequency

455,634.000 258.600 605.8405 2 11,562.000

Year 455,634.000 2016.347 1.695 2005 2018
Voting 
score2

451,393.000 27.346 419.083 0 83,019.000

Num of 
comments2

451,393.000 12.161 71.504 0 23,253.000

Table 1  Descriptive statistics 
of the study variables: original 
continuous measures

Note1Custom dictionary 
created by the research team, 
2Engagement with the Reddit 
post
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Tone positivity: VADER compound and LIWC tone

The first variable we used to measure the tone positivity is the unidimensional com-
pound score of VADER, a rule-based model for general sentiment analysis [80]. This 
metric is calculated from valence scores given to the lexicon words by summing, 
adjusting by the rules, and finally normalizing the score from − 1 to 1 [81]. This 
weighted and normalized composite measure is a recommended metric for analyzing 
sentiment on one dimension [81].

As a second dependent variable for tone positivity, we utilized LIWC-22’s unidi-
mensional variable labeled emotional tone, which measures the degree of positive 
(or negative) tone and is built upon research [82–83]. Instead of a percentage of 
total words such as in LIWC’s standard dictionaries, the tone is a composite vari-
able with a scale of 1–100 that consists of a percentile converted from calculated 
measures’ standardized scores [84]. The tone variable combines LIWC’s positive and 
negative tone dimensions into a summary measure where a higher score indicates 
higher positivity and a score below 50 indicates higher negativity [85]. LIWC-22’s 
tone dictionaries reflect sentiment rather than emotion words [84]. As such, they are 
conceptually closer to and have a higher correlation with VADER measures than the 
LIWC emotion dimensions (e.g., Pearson’s correlation coefficient for VADER com-
pound and LIWC tone is r =.48, whereas for VADER compound and LIWC positive 
emotion, it is r =.17).

Cognitive, analytic, affective, and emotional orientations: four LIWC measures

To capture cognitive orientation of a submission, we used LIWC-22’s variable labeled 
cognition, which is a percentual metric of cognitive words within a text with a scale 
of 0–100. LIWC cognition compares the words in a text with the lexicon words and 
calculates the percentage of lexicon words present in each text [84]. To capture more 
analytic orientation of a submission, we used LIWC-22’s summary variable labeled 
analytic thinking, which is a metric of logical and formal thinking. Like the LIWC 
tone, it is a standardized composite variable with a scale of 1–100 and has been built 
upon research [36].

In addition to the tone summary variable, LIWC-22 includes nine affect dimen-
sions. Affect, which is the overall dictionary for affect, includes tone categories for 
positive and negative tone, a swear category, and an emotion category. The emotion 
dimension further includes positive and negative emotion dimensions, from which 
the latter includes three further categories for negative emotions (anxiety, anger, and 
sad). From these, we utilized the lexicons labeled affect and emotion. The latter does 
not include tone categories (which are closer to our tone analysis for RQ1) and swear 
words, but it measures the emotionality by counting the percentage of emotional 
words used in each text. LIWC-22 can capture emoticons, that are an important part 
in conveying affect and emotion [86–87], and word stems.

Studies using a previous version of the LIWC program have, for example, com-
pared cognitive processes with affect scores [1] or utilized analytic thinking along 
with cognitive processes to capture slightly different processes [40]. LIWC-22’s new 
comprehensive cognition dictionary is currently the most general cognitive dimen-
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sion that measures the words people use to refer to their thinking and includes the 
cognitive processes as a subcategory. We chose to include the more specific catego-
ries of analytic and emotion in addition to the more general cognition and affect in 
our analyses to obtain a comprehensive view of overall cognitive and affective lan-
guage and its analytic and emotional content.

User engagement with the submissions

Voting score and the number of comments were used as the two dependent variables 
for measuring and predicting user engagement with the submissions. We retrieved 
the information from Reddit along with the submissions and both measures have 
missing values of n = 4,241. We retrieved the total number of comments the submis-
sions had received from other users up to our data collection cutoff (March 2019) 
and created a dichotomous variable for the final analysis (0 = no comments; 1 = one 
or more comments).

Logged-in users on Reddit can aid in ranking the submissions by upvoting or 
downvoting them [88–89]. Although individual users could treat the voting as simply 
an expression of liking or disliking a post, the official purpose of voting is stated to 
be an assessment of the value or contribution a submission or comment adds to the 
conversation or community [88]. Reddit’s frequently asked questions list states that 
the number of upvotes and downvotes are “fuzzed” to eliminate voting bias and are 
not reliable as such, and they have not been systematically available for retrieval 
either. For this reason, we selected the more reliable voting score as a proxy for user 
engagement through voting reactions. Unlike the voting score for comments, the vot-
ing score for submissions cannot have a negative number and, thus, all submissions 
receiving more negative than positive votes have the value 0. The default score of 
the submissions is 1 (the author is assumed to give a vote to their submission). We 
created a dichotomous dummy variable where the default score 1 was given a value 
0 (= no voting engagement from other users) and scores of 0 and over 1 were given 
a value 1 (= negative or positive voting engagement from other users). This dummy 
variable was used in the final analysis. As an additional test, we also created a dummy 
variable where scores of 0 were combined with scores of 1 to compare negative or 
neutral scores with positive scores; the results with this variable remained the same, 
which adds robustness to our findings.

Contextual cues

We selected eight relevant contexts based on the literature on the future directions 
of AI [11–12, 16]: urban, art, hospital, school, military, gaming, music, and movies/
books. For these contextual cues, we utilized LIWC-22’s dictionary workbench func-
tion to create custom dictionaries. After entering a few seed words for each category, 
the program allows a user to find and add similar words by using its built-in word net-
work search. The final categories were then tested for internal consistency utilizing 
LIWC-22’s demo data [90], which includes Reddit data from the Pushshift platform 
[65]. The internal consistency results are presented in Appendix A. As recommended 
for text data, we looked at Kuder-Richardson formula 20 (KR-20) results and found 
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the internal consistencies of the new dictionaries to be good based on KR-20 values 
being > 0.50. The values of Cronbach’s α were also assessed to be acceptable for 
natural language in text form (> 0.30).

Control measures

Two other measures were used as control variables in the models: the word frequency 
and year of the submission. Word frequency was acquired using LIWC-22 program 
when running the content analyses, and it ranged from two to 11,562 words. The year 
variable was created from the timestamp information retrieved from Reddit. The first 
comment was created in 2005 and the last one in 2018.

Analysis methods

Table  1 reports descriptive results for the study variables, including frequencies, 
means, standard deviations, and minimum and maximum values. For the analyses, 
we computed linear regression models with robust estimation of variance and M 
robust estimators that reweight least squares iteratively [91]. For the content orien-
tation analysis models and effect sizes we report unstandardized regression coeffi-
cients, their estimated standard errors, confidence intervals (CIs; 95%), and statistical 
significance. For the user engagement analyses of voting scores and the number of 
comments, we computed logistic regression models and report odds ratios, statisti-
cal significance, and average marginal effects (AME). The robust model coefficients 
and AMEs of the logistic regression models are also illustrated in regression coef-
ficient plots with standardized independent variables (Figs. 1 and 2, and 3). As the 
linear regression models with continuous variables yielded similar results, for the 
user engagement analyses we report logistic regression models to avoid complexity 
with voting score interpretation. Two-way histograms in Fig. 4 report distributions 
of two LIWC lexicons with scales of 0–100 in fractions that scale the height of the 
histogram bars so that summing their heights is equal to 1.

The models in Figs.  1, 3, 4 and 5 included 455,634 observations, whereas the 
models in Fig. 2 predicting user engagement included 451,393 observations. All the 
variables are standardized for the regression models for comparison, except VADER 
compound, LIWC tone, and LIWC analytic, which are already standardized mea-
sures. Based on variance inflation factors, the multicollinearity of the variables in all 
the models is low (< 1.28). We report all data exclusions, manipulations, and mea-
sures utilized in this study. We conducted the automated content analyses with the 
VADER sentiment analysis tool and LIWC-22 software. Follow-up statistical analy-
ses were performed with Stata 17 software.
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Results

Contextual cues and tone in Reddit submissions on AI

Figure 5 presents time trends of descriptive statistics for contextual cues across our 
study variables of VADER (compound) and LIWC (tone, cognition, affect, analytic, 
and emotion). The trends revealed that the tone (VADER compound and LIWC tone 
mean scores) in AI submissions have become more negative over the years within 
most of the analyzed contexts in 2005–2018, but based on LIWC tone, also slightly 
overall. The main trend in analytic and emotional scores have been slightly upwards, 
but no clear yearly trends were detected for the broader lexicons for cognitive and 
affective language in AI submissions.

The LIWC tone mean scores for all categories were more negative than the LIWC-
22’s reported mean score: M = 47.81 [84]. Based on the means of the tone positivity 
variables (VADER compound and LIWC tone), AI submissions that consist of art and 
school contextual cues had the most positive tones on average. The language in AI 
submissions within the military context had the highest mean score for negative and 
affective words. Highest mean scores for analytic and emotional words and lowest 
for cognitive language were found for music contextual cues. Gaming context scored 
highest on cognitive and lowest on analytic language, on average.

Fig. 1  Robust Regression Models with M Estimator and Robust Standard Errors Predicting Tone Posi-
tivity With VADER Compound and LIWC Tone. Note:455,634 observations (Reddit submissions on 
AI). The independent variables were standardized for comparison
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The robust regression model coefficients in Fig.  1 predicting AI submissions’ 
tone positivity (VADER compound and LIWC tone scores, respectively) showed 
that higher scores in contextual cues of gaming (b = 0.005, p <.001; b = 1.350, 
p <.001), school (b = 0.011, p <.001; b = 0.343, p <.001), art (b = 0.009, p <.001; 
b = 0.175, p <.001), music (b = 0.005, p <.001; b = 0.371, p <.001), and movies/books 
(b = 0.014, p <.001; b = 0.709, p <.001) were associated with positive tone, and mili-
tary (b = − 0.091, p <.001; b = − 2.610, p <.001) contextual words with negative tone. 
The results between VADER compound and LIWC tone scores for urban (b = − 0.004, 
p <.001; b = 0.211, p <.001) and hospital (b = − 0.002, p <.001; b = 0.153, p =.001) con-
texts were mixed and thus less clear. In addition, an earlier submission year was 
associated with more positive scores (b = − 1.237, p <.001; b = − 0.011, p <.001), and 
longer submissions were associated with more positive VADER compound scores 
but more negative LIWC tone scores (b = 0.025, p <.001; b = − 1.107, p <.001).

Cognitive–affective orientation of Reddit submissions on AI

Descriptive analyses of LIWC’s analytic and emotion lexicons revealed that Red-
dit submissions on AI consist of cognitive language (M = 11.559; SD = 7.559; range 
0–80) more often than affective language (M = 5.537; SD = 5.168; range 0–75; see 
Fig. 4). A similar division with a larger difference was found between analytic lan-
guage (M = 66.426; SD = 27.726; range 1–99) and emotional language (M = 1.393; 

Fig. 2  Logistic Regression Model AMEs Predicting Voting and Commenting Engagement. Note. 
451,393 observations (Reddit submissions on AI). Average marginal effects in the x-axis. Dummy vari-
ables for voting and commenting engagement (0 = no engagement; 1 = engagement from other users) 
as the dependent variables
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SD = 2.488; range 0–50), although these two metrics are not as comparable in descrip-
tive statistics as the two former ones due to unequal calculations behind the metrics. 
These descriptive results reflect the natural tendencies in the English language [32].

The cognition mean score (M = 11.56) was slightly lower and the affect mean score 
(M = 5.54) was slightly higher than the mean scores reported in LIWC-22’s manual 
(M = 11.76 and M = 5.35, respectively) [84]. The analytic mean score (M = 66.43) was 
significantly higher and the emotion mean score (M = 1.39) was slightly lower than 
the LIWC-22 manual’s reported mean scores (M = 49.52 and M = 1.88, respectively) 
[84]. These descriptive comparisons show that Reddit submissions on AI were more 
analytic in language use compared to average.

Figure 3 presents linear robust regression models examining how the scores in the 
eight contextual cues were associated with cognitive versus affective and analytic 
versus emotional orientation of the language in the Reddit submissions on AI. High 
scores in all the other contextual cues were connected to higher analytic orientation 
(b = 0.246–0.859, p <.001), except the gaming context (b = − 0.511, p <.001). High 
scores in gaming (b = 0.110, p <.001) and military (b = 0.117, p <.001) contexts were 
connected to higher affective language in the AI submissions. A later submission year 
was linked to higher analytic and lower cognitive, affective, and emotional language 
(b = 3.208, b = − 0.085, b = − 0.027, b = − 0.030, p <.001, respectively). Frequency of 

Fig. 3  Robust Regression Models with M Estimator and Robust Standard Errors Predicting Cognitive, 
Affective, Analytic, and Emotional Orientation of Posts on AI. Note. 455,634 observations (Reddit 
submissions on AI). Unlike the other three dependent variables, LIWC analytic is a standardized com-
posite measure with possible values ranging from 1 to 100. LIWC’s cognition, affect, and emotion 
measures’ possible values range from 0 to 100. The latter three dependent variables and the indepen-
dent variables were standardized for comparison

 

1 3

    6   Page 14 of 27



Journal of Computational Social Science             (2025) 8:6 

words used in the submission was associated with more emotionally oriented lan-
guage (b = 0.141, p <.001).

User engagement with Reddit submissions on AI

Figure 2 presents AMEs of the logistic regression results for user engagement with 
the Reddit submissions on AI in terms of voting score and the number of comments. 
The odds of Reddit submissions on AI to receive voting engagement from other users 
were slightly higher if more cognitive language was used (OR = 1.026, p <.001) than 
if more affective language was used (OR = 1.011, p <.001). We found a similar dif-
ference between analytic and emotional content that were both negatively associated 
with voting engagement (OR = 0.990, p <.001; OR = 0.960, p <.001). Figure 2 shows 
similar results for commenting engagement.

Higher scores for contextual cues of urban, gaming, military, and movies/books 
were positively associated with the odds of the AI submission to receive voting 
or commenting engagement from other users (OR = 1.015–1.230, p <.001). Higher 
scores for hospital, music, and school contextual cues were negatively associated 
with voting and commenting engagement (OR = 0.944–0.983, p <.001), and art was 
negatively associated with commenting (OR = 0.984, p <.001) but not voting engage-
ment (OR = 0.995, p =.130). Longer submissions were positively (OR = 1.430–1.627, 
p <.001) and later submission year negatively (OR = 0.765–0.767, p <.001) associated 
with both types of user engagement. The latter is expected because the votes and 
comments of a submission are likely to accumulate over time.

Fig. 4  A Two-Way Histogram of Cognitive and Affective Content in Posts on AI. Note. 455,634 obser-
vations (Reddit submissions on AI). Possible values for both variables range from 0 to 100. Fraction: 
the sum of the bars’ heights equals 1
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Fig. 5  Mean Scores of VADER and LIWC Measures by Contextual Cues in Posts on AI (2005–2018). 
Note. 455,634 observations (Reddit submissions on AI). Each context is measured by having > 0 word 
matches for the context in question. VADER compound is a normalized and standardized measure on 
a scale from − 1 to 1. LIWC tone and analytic are standardized composite measures on a scale from 1 
to 100. LIWC cognition, affect, and emotion are percentual measures on a scale from 0 to 100. In ad-
dition to three time intervals, the figure shows mean scores of the total time frame, separated from the 
time trends with dashed lines
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Discussion

We investigated social media posts on AI from Reddit utilizing emotional–analytic 
appeals of content characteristics approach to persuasion to examine affective–cog-
nitive language. We collected all Reddit submissions on AI in 2005–2018 to ana-
lyze their tone positivity and affective versus cognitive language use with LIWC and 
VADER content analysis tools. Furthermore, we investigated how these linguistic 
contents are associated with our contextual cues of interest and engagement behavior 
from other users. In addition to the practical contribution of public opinion on AI, the 
results contribute to the theoretical discussions on affective and cognitive language 
in public social media discussions.

To answer RQ1, we investigated how the tone of the Reddit posts on AI were asso-
ciated with different contextual cues. To consider the context-dependency [1, 10], 
we selected eight salient contexts for AI discussions based on literature on the future 
directions of AI [11–12, 16]: urban, art, hospital, school, military, gaming, music, 
and movies/books. The results revealed that contextual cues of gaming, school, 
art, music, and movies/books were associated with positive and military contextual 
words and a later submission date were associated with negative tone. The results 
for urban and hospital contexts were mixed between the two utilized tools for tone 
positivity analyses. Although researchers have reported optimistic trends for AI dis-
cussions within fiction, health care, and education [21] and for robot attitude surveys 
within medicine, traffic, and military [17–18, 20] during the last decade, our findings 
for 2005–2018 Reddit discussions on AI did not show similar positive trends. Our 
conclusion was closer to previous findings on AI and robots showing negativity or 
no positive trend for military topics compared to, for example, entertainment [17–18, 
21–22].

For RQ2, we examined whether Reddit posts on AI consist of more cognitive 
and analytic than affective and emotional content. The language in Reddit posts on 
AI was less emotionally than analytically oriented. This finding reflects the natu-
ral tendency of language to consist of less than 5% emotional words [32]. How-
ever, the tendency for lower emotional and especially higher analytic language was 
stronger for Reddit’s AI posts than the reported average scores for LIWC variables. 
The affective–cognitive orientation was also dependent on the more specific context, 
highlighting the previous research finding on the context-dependency stating that the 
cognitive–emotional language ratio in public discussions is dependent on the topic 
[1]. Gaming context predicted higher emotional and affective language than analytic 
and cognitive language. The other examined contexts predicted higher analytic lan-
guage compared to emotional, affective, and cognitively oriented language. In gen-
eral, AI posts on Reddit have become more analytic and less cognitive and affective 
in language use.

To answer RQ3, we investigated whether affective and emotional Reddit posts on 
AI were more likely to receive engagement (voting and follow-up comments) from 
other users than posts high in cognitive and analytic language. Our results revealed 
that other users were more likely to engage with AI posts that were high in cognitive 
compared to affective content, which also predicted user engagement positively. A 
similar relationship was found for analytic versus emotional language, although both 
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of these content characteristics predicted user engagement negatively. User engage-
ment with AI posts was also affected by the more specific context. Other users were 
more likely to engage with posts on AI in the contexts of gaming, urban, military, and 
movies/books, whereas the opposite was found for hospital, music, school, and art 
contexts. These post engagement behavior observations occurred systematically for 
both voting score and the number of comments. Although we did not find that emo-
tional appeals would only predict passive user engagement as Dolan et al. [2] did, 
our results were in line with their finding that rational appeals in social media predict 
higher engagement in terms of both active and passive engagement.

Theoretical and practical implications

The results have implications for the theoretical discussions on affective and cogni-
tive language in public social media discussions focusing on the topic of AI. Dolan 
et al.’s [2] study demonstrated how rational appeals in social media predict higher 
engagement in terms of both active and passive engagement. Our findings verify that 
this is also the case in AI discussions on Reddit, specifically in terms of cognitive con-
tent characteristics but not in terms of analytic language. Content scoring high on the 
analytic thinking variable we used tends to be linked with high reasoning skills but 
also viewed as less intuitive, friendly, and personal [36–38]. Personal and informal 
communication style has been reported to predict engagement in social media [92], 
which could explain why analytic language did not yield more user engagement in 
our study. In addition to words on cognitive processes, the cognition lexicon we used 
consists of memory vocabulary and all-or-none words such as “never” or “always” 
[84]. This gives more insight to the type of cognitive language that predicted more 
user engagement in our study implying that users reacted more, for example, to posts 
using cognitive language to state something more absolute rather than offering a 
more formal analysis on it. These conclusions would be in line with research report-
ing that certainty in language predicts more consumer engagement [93].

Findings in prior literature suggest that higher emotional content in social media 
messages predicts more sharing behavior [53, 55]. Dolan et al. [2] further demonstrate 
how emotional appeals predicted only passive and not active type of user engage-
ment (e.g., liking vs. re-posting). Our results do not support the notion of emotional 
appeals being a more mobilizing factor than cognitive language in the case of AI 
discussions on Reddit. Comparing the results between affect lexicon and its sub-lexi-
cons offer a little more insight on this result. Further analysis on the sub-dictionaries 
reveals that AI posts that express positive emotions or anger, sadness, anxiousness, 
and swearing are connected to more user engagement, which could explain why the 
overall affect lexicon predicts higher user engagement (not as strongly as cognition). 
Therefore, other negative emotional expressions seem to explain the negative con-
nection of emotion lexicon with user engagement. This could imply that people do 
not engage with AI posts consisting of emotions that express, for example, tiredness 
or negative judgements (e.g., weird). Our mixed finding for emotional appeals could 
also be due to topic or platform-specific differences [94]. Our results are in line with 
prior research on visual social media formats highlighting context-dependency and 
reporting less engagement for emotional compared to rational content [95].
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Our study strengthens the importance of context-dependency [1, 10] and confirms 
that the cognitive–emotional language ratio in public discussions depends on the spe-
cific topic [1]; for example, discussions referring to AI. The findings also offer prac-
tical contributions to AI discussions and public opinion on relevant and timely life 
domains. If one wishes to avoid reading negative discussions, focusing on topics such 
as entertainment and education instead of military could be beneficial. In addition 
to offering other users more content in discussion-opening messages and avoiding 
specific negative emotional expressions, the use of cognitively oriented language is 
the most recommended strategy if one wishes to engage other users in social media 
discussions on AI. Affective language in general might not hinder this aim, but highly 
emotional negative content could cause other users to avoid engaging with the mes-
sage. Our study calls for more research on the effects of affective or emotional (vs. 
cognitive or analytic) language on different types of user engagement.

Strengths, limitations, and future research direction

Our study includes more than one lexicon for each examined construct to strengthen 
the reliability of the findings. We utilized recently updated LIWC automated con-
tent analysis lexicons and measure reliability diagnostic tools to test their utility and 
further the research avenues of computational social sciences. This study used a 
total population sample (all Reddit submissions on AI). Therefore, the results of the 
descriptive analyses of the data describe the target population without the need to 
generalize from a sample to the overall population. The sample size enabled enough 
power to detect even smaller effects, but inferential statistics were used to detect how 
relevant the effects are [72]. In addition to descriptive statistics, we report inferential 
models that control for the potential effects of different contexts and the length and 
year of the submissions.

In addition to the tendency of social media users to be highly educated and wealthy, 
Reddit users specifically are more likely to be young and male [96]. Although our 
study design is not as sensitive to potential missing observations as studies focusing 
on demographic, longitudinal, or network analyses [97], caution should be exercised 
when making generalized statements based on social media data from Reddit or other 
platforms. Although we did not find a reliable way to incorporate topic-information 
of subreddits to analyze our dataset, subreddits can be considered for future stud-
ies beside or instead of custom dictionary workbench approaches. Future research 
plans should consider comparing the target topic with discussions of other topics 
and implement this aspect to the research designs. While controlling for the poten-
tial effects of context-dependency, future studies should continue to investigate the 
effects of cognitive–affective language on discussions of different topics. The influ-
ence of analytic vs. emotional appeal on social media engagement from other users 
specifically needs more attention in future research.

Conclusions

Utilizing content characteristics persuasion approach in examining affective–cogni-
tive language, we investigated social media posts on AI utilizing 2005–2018 data 
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from Reddit. The results revealed that contextual cues of school, art, gaming, music, 
and movies/books are associated with positive and military contextual words and 
later submission year with negative tone. The general trends revealed that Reddit 
posts on AI have become increasingly analytic and negative in tone and decreasingly 
cognitive and affective in language over the years. Although the language in AI posts 
was more analytically than emotionally oriented in general, the affective–cognitive 
language ratio was context-dependent. Other users were more likely to engage with 
AI social media posts high in cognitive and analytic content compared to affective 
and emotional content. Avoiding emotional language and favoring cognitive language 
seems to be the most beneficial strategy for those looking to engage other users. In 
addition to offering practical contributions to AI discussions and public opinion on 
relevant and timely life domains, the results have implications for the theoretical 
discussions on affective and cognitive language in public social media discussions.

Appendix A

Custom Dictionary Internal Consistency Statistics and Word Entries

Urban Art Hospital
Cronbach’s α:
0.35

Cronbach’s α:
0.36

Cronbach’s α:
0.49

KR-20:
0.57

KR-20:
0.50

KR-20:
0.62

Mean (SD):
0.08 (0.19)

Mean (SD):
0.08 (0.18)

Mean (SD):
0.05 (0.15)

urban* art hospital oncology
architecture arts doctor care unit
city artist* nurse nursing
cities artmaker* clinic attending physician
public place* creativ* health care center dermatology
public environment* artwork* physician paramedics
street* sculpture* operating room in the emergency department
traffic sculptor* urgent care orthopedic clinic
transport* drawing* pharmacist general surgery
towns painting* surgical p.a. paramedic
neighborhoods painter* patient hospital setting
highways poetry pediatrician number of patients
the city poem* emergency room surgical unit
town galler* physical therapist cardiac
commuters portray* pediatric memory care
buildings sketch* nurse practitioner skilled nursing facility
roads ceramics nursing home colonoscopy

mural* surgeon medical assistant
handcraft* surgery nurse aide
aesthetics icu clinical setting
watercolour patient’s room psychiatrist
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Urban Art Hospital
watercolor clinic setting dermatologist
acrylic* emergency department rehab
fresco* intensive care unit oncologist
coloring ambulance local clinic
calligraphy pharmacy general medicine
statue* care facility medical center
graphic* doctors physician assistant
photograph* dentist radiologist
picture* memory care unit neurologist

nurses biopsy
gastroenterologist lab assistant
patient care assistant cardiologist
waiting room surgery center
outpatient a physician
internal medicine

School Military Gaming Music Movies / Books
Cronbach’s α:
0.45

Cronbach’s α:
0.38

Cronbach’s α:
0.32

Cronbach’s α:
0.47

Cronbach’s α:
0.38

KR-20:
0.58

KR-20:
0.58

KR-20:
0.63

KR-20:
0.66

KR-20:
0.72

Mean (SD):
0.16 (0.28)

Mean (SD):
0.05 (0.16)

Mean (SD):
0.21 (0.32)

Mean (SD):
0.13 (0.27)

Mean (SD):
0.24 (0.33)

universit* military game* music* movie*
school* army gaming performer* film*
education defence force player* orchestra* tv-show
teacher* marine corps contest* composer* actor
student* navy tournament* performance* actress

armed forces campaign* song* tv
troops match concert* cinema
war championship* symphon* television
marines battle* philharmonic* big screen
air force opponent* singing movie scene
militia videogam* lyrics tv-episode
forces multiplayer rhythm movie script
infantry mmo band tv-series
soldiers rpg bands novels

level playlist novel
dlc sing books
expansion pack* soundtrack* book
teamplay cd* story*
co-op choir script
walkthrough instrument character
winning choral characters
losing chorus writer*
avatar* harmonies reader*
arcade singer* casting
e-sport instruments narrative
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