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I. INTRODUCTION 

 

Terror management theory [28] asserts that people 

form sentiments and convictions based on 
preconceptions drawn from their values and belief 

systems. The extent to which people may be 

influenced about a subject depends on how firmly 

they hold these convictions. Certain words or 

characteristics may serve to calcify one’s convictions 

and may emotionally charge people (elevate their 

affect intensity) depending on their personal 

characteristics [1][2]. 

Merely holding a sentiment, no matter how strong the 

conviction, does not necessarily lead to taking action 

[3]; however, when highly emotionally charged 

(affect intensity), there is evidence that people are 
more likely to act on their sentiments [4][5]. Thus, 

sentiment is view about a subject that ranges from 

negative to positive. As an example, “I like political 

candidate A”. Conviction is how malleable one’s 

sentiment. As an example, “I think I like candidate A, 

but I am not sure” represents an equivocal conviction. 

Affect intensity reflects how emotionally charged one 

feels about the subject, such as “I really like/hate 

candidate A”. 

People express sentiments in social media, and 

through the process of Natural Language Processing 
(NLP), these can be scaled such that the difference 

between “this is an outstanding proposal” compared 

to the statement “this proposal is barely acceptable” is 

determinable [6]. Using a controlled blog on a 

controversial topic, we conducted an empirical study 

of sentiments, sentiment affect intensity, and 

characteristics of participants that affect versus reflect 

opinions to understand those characteristics that may 

lead from merely expressing sentiments to taking 

increasingly vigorous action [7]. Our previous 

research confirmed the work of [8] in that subject 

matter factor into the outcomes; for instance, social 
media appears to be more influential with regard to 

making purchases from an online vendor compared to 

opinion shaping about religious or ethical beliefs. 

However, this is predicated upon individual 

characteristics, conviction, and sentiment affect 

intensity [9] [10].  
Moreover, the effects seem to carry over from 

sentiment expression into taking action such as 

contacting “officials” to protest, and even to attempts 

at subverting the initiative. Using the theory of 

planned behavior [29] we build on our previous work 

with an deeper examination of the characteristics that 

were associated with vigorous forms action. The 

totality of this work connects social media sentiments 

with individual characteristics, the features that lead 

to taking action, and finally, the characteristics of 

people who took stringent actions. 

 

II. THEORY FRAMEWORK 

 

For clarity and continuity with some of our “in press” 

research, we reconstitute the foundational work in 

this section before we explain our present study 

framework and results. In our previous work we 

found that social media conversations were more 

reflective in that preconceptions tend to reinforce or 

confirm already held beliefs rather than acting in 

opinion shaping. However, this depends on certain 

topics and the behavioral characteristics or attributes 
of the individual participants, combined with the 

intensity of their sentiments, regardless of whether 

the sentiments are positive, neutral, or negative [11]. 

Our subsequent work was concerned with 

characteristics of social media discourse, and the 

trajectory and velocity that moves one from 

expressing a sentiment (opinion) to taking affirmative 

actions that may escalate. Social cognitive theory [12] 

framed that investigation, which asserts that social 

influences contribute to positive or negative cognitive 

appraisals (sentiments) to varying degrees (affect 

intensity). Discourse characteristics such as framing 
[13] and “loaded words” [1] may intensify positive or 

negative affect. The theory suggests that if there is 
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strong affect intensity, whether the sentiment is 

positive or negative, people are more likely to take 
some form of action [14] [15]. Relative to social 

media commentary, sentiments reflect attitudes, 

which have been defined by [12] [18] and others as 

dispositional factors that lead to positive or negative 

evaluations about people, places and things as well as 

actions and behaviors. 

These positive or negative evaluations reflect 

sentiment in that it encapsulates the notions of 

positive, neutral, or negative feelings along with the 

property of intensity, or force [16]. Consequently, 

sentiments are conveyed through social processes 

[17], and supportive social influences lead to more 
positive sentiments about the subject, while 

conversely, unsupportive social influences fosters 

increasingly negative sentiments. As social influence 

elevates, people are more inclined to yield to the 

normative pressures [17] [18]. In other words, if there 

is strong sentiment against an idea or a proposition, 

people are more likely to be dissuaded from 

supporting the proposition, idea or meme; whereas if 

there is strongly supportive sentiment, people are 

more likely to be persuaded in support of the idea or 

meme [14]. 
To summarize to this point, sentiments are conveyed 

in social media but the extent to which they influence 

others depends on topic, purpose and individual 

characteristics (such as the degree people are 

influenced by others) [6]. However, in theory, 

whether or not someone takes action based on their 

sentiments depends on how strongly or intensely 

people feel about the subject. This is important 

because we have the means to predict if someone is 

likely to go beyond merely stating sentiments to 

taking action based on features expressed in the social 

media. 
The final stage of our investigation was framed by the 

theory of planned behavior [29]. This model asserts 

that attitudes, subjective norms (social influences), 

and perceived behavioral control determine people's 

intentions to act. Whether people follow through on 

those intentions was at the core of our present study. 

Based on [29], attitudes are sentiments and attitudes 

are equivalent concepts. Subjective norms are the 

social influences expressed and implied with in the 

social network among the relations. In other words, 

the concept reflects social forces and social 
influences. Finally, perceived behavioral control 

indicates whether a person feels that he or she can 

change the outcome of something they wish to 

change. 

 

III. METHOD 

 

3.1 Participants 

For continuity, we reiterate some of our “in press” 

research and delineate our present study method and 

results. The Human Resources Department of a large 

financial services company headquartered on the east 

coast of the United States invited us to facilitate a 

study. They were considering the impact of a planned 
comprehensive pay and benefits restructuring 

program including dropping merit raises and 

replacing it with a graduated bonus program. The 

main advantage of the merit raise included gradual 

salary increases over time, the main advantage of the 

bonus program was that one could receive 

significantly more money in single year compared to 

a merit increase, but it was not guaranteed year to 

year, and his/her base salary would remain constant.  

There were 753 participants, 487 of who were males, 

276 were females, their ages ranged from 23 to 61. 

The distribution and attribute matching were to 
confidential User IDs collected from postings in a 

company blog that was setup both to collect feedback 

and for the purposes of our study. All participants had 

a minimum of high-school education, 316 had a 

baccalaureate degree, 91 had a master’s degree, and 

19 held doctorates. 

 

3.2 Instrumentation 

The company had created a mandatory 25-30 minute 

online factual presentation explaining the proposed 

compensation program, which included a short quiz 
at the end of the course to ensure that participants had 

viewed the presentation. If participants scored less 

than 80% on the quiz, they were required to repeat 

the presentation until they passed.  

Next, they created an internal blog where participants 

could post confidential comments. Participants were 

told that the blog was for the purposes of helping 

company to come to a decision about the program.  

To maximize participation in the blog, employees 

were prompted regularly to participate, and they were 

given “purchase points” for doing so, which could be 

applied by participants toward making purchases 
from affiliate merchants, such as Macy’s gift cards, 

discounts at restaurants, and even for merchandise 

such as cooking utensils.  

Participants were also notified when someone viewed 

or commented on their post to get them to reengage. 

For example, bot generated prompts and cues were 

used to get participants to read the social media 

commentary, such as generating notifications that 

stated: “Hey, someone just viewed/commented on 

your posting.” After three months, the blog was 

“locked” such that no more posts were allowed. 
Participants were notified of this time limit at the 

beginning of the campaign. 

In addition to assessing these characteristics, we were 

interested in whether or not people took action 

beyond posting to the blog. When comments were 

made in the blog, the commenter’s User ID was 

logged so that we could tie blog posts (and 

subsequent actions) to a User ID. User IDs are a 

combination of letters and numbers (e.g. RUI042) 

whose associated employee names are known only to 

the HR Department (and certain cyber security 

personnel). As researchers, the company provided us 
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only the User IDs, not the employee names. We 

measured three modes of action. 
Action mode 1 (least effort, scale = 1): Two online 

petitions were created, one to advocate for the change 

(pro), the other to advocate against it (con). 

Participants were told of this petition at the 

conclusion of the blog postings. Participants would 

visit one petition page or the other to cast their votes, 

denoted by their User IDs. 

Action mode 2 (medium effort, scale = 2) consisted 

of a “Hot Line” button that was located in the blog in 

which participants could “write a more formal 

comment” to HR. If a participant selected this option 

they would select a title, select a “For” or “Against” 
button, and write a short message to HR to voice their 

support or complaint.  

The participant could check a box in the message to 

make it hide their name, and show only their User ID. 

We allowed the option to reveal their names because 

some wished to do so. In this mode, like the other 

modes, we specifically wanted to capture whether the 

comment was positive or negative in sentiment so 

that we could later determine in our analysis whether 

there was a difference between positive and negative 

sentiment relative to affect intensity. 
Action mode 3 (high effort, scale = 3) involved 

attending a “rally” meeting, one was for the change, 

the other was against it. Participants would sign in 

with their User IDs at the conference room entrance 

where their chosen rally was to be held. The rally 

meetings were held the same day and time, but at two 

different locations to avoid contamination. 

Employees who were working in remote locations 

could attend one of the meetings via Webinar with 

User ID sign in. 

If participants took more than one action, their count 

was removed from the lower mode actions and they 
were counted in their highest action. If a participant 

engaged in all 3 modes, they were removed from the 

other mode counts, and were scaled at “extreme 

effort”, scale = 4. This formative scale (used as the 

dependent variable), along with the independent 

variable scales, were used in our analysis (explained 

in the Results section). 

 

3.3 Procedure 

Rather than self-report, we utilized a social media 

data mining and analytics application to develop our 
constructs, largely explained by [19] [20]. The 

application was wrapped around a JAVA sentiment 

analysis program known as LingPipe and its Natural 

Language Processing (NLP) engine along with its 

categorization function using logistic regression. An 

inference component had been developed to refine 

the clusters of characteristics based on the prose in 

the blog [21].  

Affect intensity was derived on a reproduced scale 

[16] and was inferred from the use of adjectives, 

adverbs, and expletives used in context of the 

sentiment, among other linguistic terms plus non-

linguistic grammatical amplifiers such as the use of 

exclamation marks (!). For example, adverbs used in 
a particular linguistic form describe how one 

perceives that something happens. Adjectives used in 

a particular linguistic form describe a particular 

quality, such as “disgusting” or “thoughtful” 

regarding the target or topic about which there is a 

particular negative or positive sentiment [22]. 

This technique enables the system’s ability to 

“understand” conversations based on the entirety of 

the linguistic components in context, and permits the 

semantic analysis engine to infer intensity, along with 

relational distance of the terms made by participants 

such that it can scale a positive sentiment such as 
“This plan is barely acceptable” on the low polar end 

of the scale and “This plan is absolutely wonderful” 

on the high polar end of the scale [23] [24]. This 

creates degrees of a form on a scale, where an 

absolute form is the lowest point on the scale and the 

highest point is called the superlative form [25]. This 

transformation of expressions is required in order to 

make the data amenable to statistical analysis. 

In the final stage of the investigation, at the 

conclusion of the previous work, we administered an 

online questionnaire using a previously validated 
instrument based on the theory of planned behavior 

(see [30]). All participates were encouraged by H.R. 

to take the confidential questionnaire. They entered 

their user ID, thus we were able to determine whether 

they simply stated a sentiment, or participated in one 

of the modes of action. We present these results next. 

 

IV. RESULTS 

 

As noted earlier, the technology employs a theorem 

derived from a formula published by [19] to 

determine a scaled sentiment affect intensity ranging 
from 1 to 7 indicating mildly expressed to strongly 

expressed affect score. At this point user IDs, blog 

posts, scales/scores and actions taken were compiled 

to create identity records for our analysis. Then the 

action mode scale was used as the dependent variable 

to indicate whether sentiment and sentiment affect 

intensity would determine level of effort in action 

taking. 

First we conducted data screening until we were 

sufficiently confident in the integrity of our data and 

our record classifications. In our first stage analysis 
we tested our previous hypotheses using multivariate 

analysis of covariance (MANCOVA). 

We performed Muachly’s test of sphericity, which 

was not significant (χ2 = 3.54, p = .61). This indicates 

that the correlation matrix was not significantly 

different from the identity matrix in which 

correlations between variables. This combined with a 

fairly large sample size, we were confident that the 

assumption of sphericity had not been violated.  

In support of continuing with the remaining analyses, 

the test for homogenity of variances was validated 

because the scatter was relatively equal. Moreover, 
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Levene’s test was not significant at the 0.05 level 

(Test 1: F = 2.43, p = 0.07, Test 2: F = 5.72, p = 0.08, 
and Test 3: F = 2.70, p = 0.07), which indicated that 

the assumption of homogeneity of the covariance 

matrices had been met.  

Next, we used linear regression with interactions. We 

conducted four directional hypotheses tests: (1) Do 

those who hold positive sentiments take affirmative 

actions (and to what degree)? (2) Does the interaction 

between positive sentiment and affect intensity result 

in taking affirmative actions? (3) Do those who hold 

negative sentiments take affirmative actions (and to 

what degree)? Finally, (4) Does the interaction 

between negative sentiment and affect intensity result 
in taking affirmative actions? In the following 

analysis, we refer to these as H1, H2, H3, and H4.  

To understand the characteristics of those who took 

varying degrees of action, our results showed that the 

stronger one feels about a sentiment (positive or 

negative) there was a correlation with change in 

sentiment (Intensity, m = 4.3, sd = 1.89; Sentiment, m 

= 3.4, sd = 1.91, r = -.19*, statistically significant 

correlation at the .05 level). 

Next, relative to our hypotheses, H1: suggested that 

people who were for the proposal (positive sentiment) 
would take further affirmative action beyond posting 

in the blog to increasingly greater degrees. We did 

not find this to be the case (β = .04, t = 1.8, p. = .07). 

H2 suggested that positive sentiment as an interaction 

with affect intensity would lead them to take further 

affirmative action. This was the case (β = .08, t = 4.2, 

p. < .000). H3 suggested that people who were 

against the proposal (negative sentiment) would take 

further affirmative action beyond posting in the blog 

to increasingly greater degrees. We found this to be 

the case (β = .13, t = 3.5, p. < .001). 

     Finally, H4: we indicated that people who held 
negative sentiment as an interaction with affect 

intensity would take further affirmative action. Again, 

this was the case (β = .75, t = 19.7, p. < .000). 

The overall model was significant (F = 234.97, p < 

.000) and the total R squared (adj.) = .77, p < .000. 

Examining these statistics, we see that a large 

proportion of the reasons for why people take action 

are accounted for in this model. Next, we can see the 

impact (via the beta weights) on sentiments along 

with intensity determine how extreme one will go in 

taking action.  
Our final analytical stage investigated the 

characteristics of those who did not take action 

compared to those who did, based on the theory of 

planned behavior. For this analysis, we analyzed the 

questionnaire data (response rate = 41%, N=309). We 

used structural equation model (SEM) with AMOS 

and maximum likelihood estimates (MLE). In the 

first step we examined the model for fit. The adjusted 

goodness of fit (AGFI) index measures the amount of 

variances and covariances jointly accounted for by 

the model adjusting for the degrees of freedom. The 

range for AGFI is from 0 (worst fit) to 1 (best fit); an 

AGFI >0.8 is desirable. Root mean square error of 

approximation (RMSEA) measures model accuracy 
according to population discrepancy in relation to 

degrees of freedom; an RMSEA <0.05 is desired. The 

model showed reasonable fit (AGFI = 0.78, RMSEA 

= 0.05). 

The model showed that those who had strongly 

negative sentiments were more likely hold intentions 

of taking action (β = 73.22, p < .05). It indicated that 

those who received strong support of their sentiments 

were more likely to take action (β = 29.81, p < .05). 

Next, the model indicated that those who perceived 

greater control over the outcome were more likely to 

take action than those who had less perceived control 
(β = 92.88, p < .01). Finally, the three factors together 

significantly predicted those who would take action 

(β = 101.66, p < .001). 

 

V. CONCULSIONS AND DISCUSSION 

 

Research has suggested that when people hold 

positions more deeply and passionately, they are less 

likely to change their positions on a topic depending 

on the topic in question [26]. However, in some 

cases, if someone is intensely passionate about some 
issues such as social equality and justice, some may 

actually be more inclined to change their sentiments 

based on events that are shown to them to be 

inequitable [27].  

We acknowledge differences among human attributes 

we discovered interactions among people, their 

attributes, and in combination with sentiment affect 

intensity. We also note that there are differences in 

sentiments, affect intensity, and action taking. 

In this multi-part study, we concluded that generally 

speaking, people do not change their minds based on 

social media commentary. The research literature 
suggests that this is different from when people are 

searching for a product online and rely on other 

people’s recommendations –although there have been 

many criticisms of this proposition as well since 

people are becoming more aware of reputation bots 

that inflate positive reviews. Nevertheless, we found 

that participants did tend to change their minds based 

on an informative presentation does tend to support 

the idea that there are differences between those who 

are seeking new information to form an opinion 

versus those who have already made up their minds. 
In the second stage of our research, we delved deeper 

to understand what might lead one from merely 

stating an opinion (sentiment) in a blog to taking 

increasingly radical affirmative action. Our study 

indicates that people who are positive in sentiment 

typically do not take further action. However, if they 

feel passionately, they may take mild action such as 

writing letters. On the other hand, those who hold 

negative sentiments will likely take some action, such 

as writing letters, but if they feel strongly (high affect 

intensity), many are more likely to take extreme 

action such as attending rallies and engaging in 
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various forms of social activism. In our final stage of 

the study, we sought to determine if there were 
differences between people who did not take action 

versus those who did, based on the theory of planned 

behavior. We found that who felt strongly negative 

toward the subject, had strong social support for that 

sentiment, and high degree of perceptions of control 

about the outcome were likely to take some form of 

action rather than merely voice an opinion. 
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