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 Social media posts are used to examine what people experience in their everyday 

lives. A new method is developed for assessing the situational characteristics of social 

media posts based on the words used in these posts. To accomplish this, machine learning 

models are built that accurately approximate the judgments of human raters. This new 

method of situational assessment is applied on two of the most popular social media sites: 

Twitter and Facebook. Millions of Tweets and Facebook statuses are analyzed. Temporal 

patterns of situational experiences are found. Geographic and gender differences in 

experience are examined. Relationships between personality and situation experience 

were also assessed. Implications of these finding and future applications of this new 

method of situational assessment are discussed.    
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1. INTRODUCTION

One primary goal of psychology is behavioral prediction. This goal has been 

approached from several perspectives. Trait theorists (e.g., Allport, 1931) argued for the 

importance of personality in predicting behavior, while still others argued that cross 

situational consistency was overstated, and people behave differently in different 

situations (Mischel, 1968; Mischel & Shoda, 1995). These seemingly conflicting ideas 

spawned the person-situation debate, which pitted these two camps against one another. 

This conflict has since subsided, and psychologists agree that both personality and 

situations influence behavior (Funder, 2006; Hogan, 2009). Indeed, this is not a new idea. 

Lewin’s (1936) famous formula, B=f(P, E), proposed that behavior is function of the 

person and the environment decades before this debate (rewritten as B=f(P, S); Funder, 

2006). If one wants to understand behavior, one needs to understand both the person and 

the situation. 

 While research on the structure of personality has made great progress with the 

discovery and numerous replications and applications of the Big 5 personality structure 

(John & Srivastava, 1999), until recently situation researchers had been met by much less 

success. Many researchers have tried to categorize (Pervin, 1976) or characterize 

(Edwards & Templeton, 2005) situations and their properties. These efforts have come 

from both theoretical (Reis, 2008, ten Berge & De Raad, 1999, 2001, 2002) and empirical 

(Edwards & Templeton, 2005; Saucier, Bel-Bahar & Fernandez, 2007; van Heck, 1984; 

Yang, Read & Miller, 2006) perspectives. However, despite these considerable efforts, 
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there has been little consensus regarding the structure of situations (Rauthmann et al., 

2014) or practical implementations in terms of their measurement (Sherman, Nave, & 

Funder, 2010).  

 Recently situation researchers have discovered a robust eight dimensional 

structure of the psychologically relevant characteristics of situations (Rauthmann et al., 

2014). By examining the factor structure of a comprehensive measure of situations, the 

Riverside Situational Q-Set (RSQ; Wagerman & Funder, 2009; Sherman, Nave & 

Funder, 2010), these researchers extracted the eight most psychologically relevant 

dimensions of situations (Situational 8 DIAMONDS; Rauthmann et al, 2014). 

Furthermore, these dimensions were validated across six studies using seven samples 

from five countries (total N = 1,589). The resulting dimensions, Duty, Intellect, 

Adversity, Mating, pOsitivity, Negativity, Deception, and Sociality, have the potential to 

provide a common language to describe situations, much like the Big 5 provide a 

common language for understanding personality.  

 Perhaps even more important than identifying the DIAMONDS dimensions, 

researchers have created questionnaires to measure these characteristics allowing 

researchers to systematically assess situations (Rauthmann & Sherman, 2015; Rauthmann 

& Sherman, in press). These new measures of situations have already produced new 

insights into personality processes. For instance, a recent study used the DIAMONDS 

taxonomy to assess situations that people experienced over the course of a week 

(Sherman, Rauthmann, Brown, Serfass & Jones, 2015). Using an abbreviated measure of 

the DIAMONDS (S8-I; Rauthmann & Sherman, in press) these researchers were able to 

assess momentary situation characteristics using the Experience Sampling Method (ESM; 
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Reis & Gable, 2000). They showed that both momentary situation characteristics and 

personality characteristics of the participants predict behavior in a given situation.  

 Using these new empirical measures of situations, the present studies examine the 

situations that people experience in their everyday lives using a new medium for 

research, social media. On social media people volunteer a large amount of information 

about themselves, their feelings, their personalities, and the situations that they 

experience (Dumas, Serfass, Brown, & Sherman, 2014). Social media analysis presents 

exciting opportunities for psychological researchers. Twitter has about 270 million 

monthly active users (MAUs; Seward, 2014) and people post over 500 million Tweets 

each day (Twitter, 2015). Facebook has over one billion users and about 757 million 

people log in daily (Sedgi, 2014). The sheer volume of information volunteered on these 

sites and the vast number of users make social media an exciting new medium for 

researchers. 

 Researchers have already begun to utilize the information accessible from social 

media sites. Researchers have shown that Facebook is able to influence voting behavior 

(Bond et al., 2012). Other researchers have shown evidence for emotional contagion 

through status updates (Kramer, Guillory & Hancock, 2014). On Twitter, researchers 

have mapped daily affective patterns (Golder & Macy, 2011) and even predicted 

geographic variations in the prevalence of coronary heart disease (Eichstaedt et al., 

2015). These studies show the wide range of phenomena that can be studied using social 

media. 

 There have also been revolutionary studies in personality assessment using both 

Twitter and Facebook. Researchers were able to predict psychopathy from words used on 
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Twitter (Wald, Khoshgoftaar, Napolitano & Sumner, 2012). Other researchers were able 

to predict Big 5 personality traits using Facebook statuses (Schwartz et al., 2012). This 

same group of researchers found that they can predict self-rated personality using ‘likes’ 

on Facebook with more accuracy than friend’s ratings of personality (Youyou, Kosinksi, 

& Stillwell, 2015).  

 However, as Lewin (1936) and Wagerman and Funder (2009) state, if we want to 

understand behavior, we need to understand people and situations. To date, no research 

has applied these new social media analytic techniques to understand the situations that 

people experience. The following research aims to use social media to gain a better 

understanding of the situations that people experience in their daily lives.  

 The first study (Chapter 2), examines over 20 million public Tweets streamed 

using Twitters public API. The first study determines whether or not it is possible to 

assess situations from social media. There are 3 questions necessary to make this 

determination: Are Tweets about situations? This is discussed from a theoretical 

perspective. Do Tweets contain meaningful and perceptible situation information? This 

question is evaluated empirically from coder ratings. Finally, is it possible to score these 

situation characteristics from the words used in Tweets? Using coder ratings of Tweets, 

predictive models are built, scoring situation characteristics from the word usage in each 

Tweet. Then, this study evaluates the performance of these models.  

After creating and evaluating those prediction models, several basic psychological 

questions are addressed: How do the situations that people experience vary over the 

course of a typical day? How do the situations that people experience vary over the 

course of a week? Do males and females experience different situations? Do people in 
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cities experience different situations than those in rural area? These analyses will give 

insight into the situations that people all over the United States experience in their daily 

lives. 

 The second study (Chapter 3) analyzes status updates on Facebook. Again, 

automatic scoring models for the Situational 8 DIAMONDS dimensions are built and 

assessed using human coder ratings of Facebook statuses. Next, this study compares 

findings on Twitter from to the situations people experience on Facebook: Do the daily 

and weekly patterns of situational experience that were found on Twitter also appear on 

Facebook? Do the gender differences appear on Facebook that were found on Twitter? 

Are there geographical differences in situations experienced between cities and rural 

areas on Facebook? Furthermore, this study addresses additional research questions: How 

is relationship status related to the situations people experience? Is sexual orientation 

related to situation experience? Finally, the relationship between personality and the 

situations that people share on social media is examined. The question of how the Big 5 

traits are related to the situations that people share on social media is addressed. 

 Finally, in the last section (Chapter 4), the results of these two studies are 

compared and the implications for various theories of personality processes, such as 

situation selection and perception, are discussed. This chapter will also suggest some 

future directions for the methods presented here and for the future of situation 

assessment.
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2. SITUATIONS IN 140 CHARACTERS: ASSESSING REAL-WORLD SITUATIONS 

ON TWITTER

 Twitter has approximately 271 million users (Seward, 2014).1 These users are 

responsible for more than 500 million Tweets every day. Through status updates and 

Twitter posts (i.e., Tweets), people volunteer their thoughts and opinions on numerous 

issues, or simply relay their experience and feelings to their friends and followers. 

Twitter is a digital stream of consciousness of its users, even a pulse of the nation. There 

are few compilations of data on human thought, behavior, and emotions this vast, making 

Twitter an excellent medium for understanding human experience.  

Research using Social Media 

Researchers have already begun to tap into the power of Social Networking Sites 

(SNSs) for understanding human psychology. Recent studies have found that personality 

is related to word usage on Facebook profiles and status updates (Schwartz et al. 2013) 

and Tweets (Wald, Khoshgoftar, Napolitano & Summer, 2012). These studies used the 

Linguistic Inquiry and Word Count software (LIWC: Pennebaker, Booth, & Francis, 

2007) to quantify the frequency with which words in a given category appear in a text 

(e.g., Personal Pronouns, etc.). These word counts, in turn, predicted Big 5 personality 

                                                

 

1 The number of human, non-corporate, accounts is more difficult to calculate. It is 
estimated that about 7% of accounts, used for research or business purposes, should not 
be included in this figure (Seward, 2014). 
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traits from Facebook usage (Schwartz et al., 2013) and psychopathy from Tweets (Wald 

et al., 2012). Self-reported personality ratings can be accurately predicted using Facebook 

“likes” (Youyou, Kosinski & Stillwell, 2015). These studies demonstrate that SNSs can 

be used to accurately assess an important component of human behavior: personality.  

Situations 

 Like personality, situations also play a large role in influencing behavior (Funder, 

2006; Mischel, 1968; Ross & Nisbett, 1991; Sommers, 2011). Research in social 

psychology has demonstrated that seemingly minor situation differences can have large 

impacts on behavior (Richard, Bond, & Stokes-Zoota, 2003). Despite the long-recognized 

importance of situations, until recently, there has been no generally accepted taxonomy to 

describe the relevant characteristics of situations (Reis, 2008; Funder, 2008; Rauthmann 

et al., 2014; Sherman, Nave & Funder, 2010). Consequently, there have been few 

instruments to measure situations. This void was recently filled with the introduction of 

the Situational 8 DIAMONDS (Duty, Intellect, Adversity, Mating, pOsitivity, Negativity, 

Deception, and Sociality) taxonomy of situation dimensions (Rauthmann et al., 2014). 

The DIAMONDS dimensions are the eight most robust situation characteristics from the 

Riverside Situational Q-sort (RSQ: Funder, Guillaume, Kumagai, Kawamoto, & Sato, 

2012; Sherman et al., 2010; Wagerman & Funder, 2009)—the most widely available and 

recognized measure of situations (Rauthmann et al., 2014). These dimensions were 

identified in a sample of over 1,500 participants from 5 different counties and have been 

empirically shown to predict real-time expressions of emotion and behavior (Sherman, 

Rauthmann, Brown, Serfass, & Jones, 2015), making it the most useful taxonomy of 

situations presently available. However, to date, no research has tapped the vast data from 
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SNSs to study situations. In this article we present a method for automatically extracting 

meaningful information about the situations people experience in their daily lives from 

Tweets.  

Tweets as Situations  

 People generally Tweet about their locations, what they are doing, how they are 

feeling, or things they find interesting in the present moment. In a recent study, 

Brandwatch (2013) manually analyzed the content of 14,000 Tweets and found that 

sports, celebrities, and TV shows were the top three topics on Twitter. However, they 

also classified 70% of Tweets as “personal.” These Tweets “typically described their 

current mood, surroundings or upcoming social plans” (p. 7). Consider the following 

(actual) Tweets: "My boss just called me into his office to ask me how many kegs he 

should get for a party #Expertise," and "last night of fun with friends before senior year 

begins! #GoBraves @ Turner Field http://website." The first Tweet describes an amusing, 

and possibly awkward, situation in which someone’s boss is asking their advice about the 

amount of alcohol to purchase. The second Tweet implies the person is enjoying him or 

herself at an Atlanta Braves game on the last night before school begins. As these 

examples demonstrate, Tweets often contain situational information (for a thorough 

analysis of what constitutes a situation see (Rauthmann et al., 2014 or Rauthmann, in 

press).  

The Current Study  

 The present research addresses two questions: (1) Is it possible to automatically 

and accurately extract situation characteristics from Tweets? And (2) what can we learn 

about the situations people experience from their Tweets?  
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 Automatic Assessment. The first part of this study proposes and tests a method 

to automatically extract situation characteristics from a large quantity of Tweets, using a 

much smaller quantity of Tweets rated by independent coders. On one hand, there are 

reasons to expect this method to fail. Studies measuring personality from SNSs used 

entire profiles from subjects (e.g., aggregations of all Tweets or status updates), while the 

method proposed here attempts to extract valid information from only 140 characters. On 

the other hand, there is a more direct path between the content of a Tweet and the 

situation being described than between the content of a Tweet and the personality of the 

Tweeter. While personality is related to perceptions of situations, the majority of the 

variance of situation ratings is due to actual differences in situations (Rauthmann, 2012; 

Serfass & Sherman, 2013; Sherman, Nave, & Funder 2012). Thus, in some ways, it may 

be easier to predict situation characteristics from Tweets than to predict personality from 

Tweets.  

 Experiential Predictions. The second part of this study applies a prediction 

model to a large sample of Tweets from all over the continental US to address the 

following question: (1) What kinds of situations do people experience in a given week? 

(2) What are the differences in the situations experienced by males and females? and (3) 

What are the differences in situations experienced in Urban and Rural areas?  

 We predict several patterns of variation over the course of weekdays and over the 

course of a week. First, we expect that situations will be highest on Duty during the 9-5 

working hours on weekdays; whereas, Sociality will be highest in the evenings, after 

work. Second, we predict that situations will be highest on pOsitivity and lowest on 

Negativity over the weekend. These predictions stem from analyses of experience 
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sampling data in which participants rated up to 56 situations they experienced in a week 

that showed similar patterns (Sherman et al., 2014). Replicating these findings would 

demonstrate the validity of this method for situation researchers, and provide a greater 

understanding of the situations that people experience throughout the US.  

 Additionally, we explore differences in the situations experienced by males and 

females and the differences in situations experienced by users in rural and urban areas. 

We do not have specific predictions for differences in the situations experienced by males 

and females or in Urban vs. Rural areas; however, the aforementioned experience 

sampling data suggest that there are gender differences in the situations that people 

experience, such that females experience more Duty and Negativity and males experience 

more Mating, Adversity, and Deception (Sherman et al., 2014). We might expect similar 

patterns here. Further, it is reasonable to expect differences in patterns of work (Duty and 

Intellect) and social experiences (Mating and Sociality) between Tweets in Urban 

compared to rural areas.  

Methods 

Participants.  

Publicly available Tweets were collected from Twitter users with Public account 

settings from the Twitter API, using the R (R Core Team, 2015) packages “streamR” 

(Barbera, 2014) and “twitteR” (Gentry, 2013). Data collection, analysis, and publication 

is in compliance with Twitter’s Terms of Service (Twitter, 2015). No personal or 

identifying information was collected and no attempts to identify users were made.  

Tweets (N=42,169,899) were collected between August 14, 2014 and August 28, 

2014. Only English Tweets with geo-positioning enabled were included in these analyses. 
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Further in order to limit the impact of spam from bots and other automated posts (Chu, 

Gianvecchio, Wang, & Jajodia, 2012; Ferrara, Varol, Davis, Menczer, & Flammini, 

2014), Tweets from users who posted more than 165 times during the two-week period, 

had more than 2926 followers, or had more than 40,358 total account statuses were 

excluded from analyses. This eliminated users in the top 2.5% of each of these metrics.2 

This resulted in a sample (N=20,239,179) of Tweets from 1,347,499 users (mean Tweets 

per user = 15.18, median Tweets per user = 5). We classified user gender (males = 

324,244, females = 310,372, either = 167,051, NA = 545,528) using the rOpenSci 

package “gender” (Mullen, 2014). Urban Areas were classified using the 2010 US 

Census mapping of Urban Areas (U; populations over 50,000), Urban Clusters (C; 

population 2,500 to 50,000) and Rural Areas (R; population under 2,500), and tweets 

with geolocations in each setting were labeled as such. The geographical distribution of 

Tweets was 15,940,447 from Urban Areas, 1,753,885 from Urban Clusters, and 

2,544,847 from Rural Areas. This sample of Tweets slightly over represents urban areas, 

consistent with previous research (Hecht & Stephens, 2014). A smaller sample (N=5,000) 

of Tweets from 3,985 users, rated by research assistants for model building, was retrieved 

on March 26th of 2014 using the same method.  

Procedure  

                                                

 

2 Scores based on the number of tweets, date of the last tweet, and ratio of followers to 
friends were also attained from TwitterAudit, a service that predicts the likelihood 
Twitter users are human or not. These scores were not utilized due to the large number of 
users for which scores were missing. General trends did not change when analyses were 
run with these users included. Indeed, many studies using Twitter do not filter for bots at 
all (e.g., Eichstaedt et al., 2015). 



 

 
12 

Undergraduate research assistants rated the smaller sample of public Tweets. Four 

different coders, from a pool of 11, rated each Tweet using the eight items from the S8-II 

(see Measures).3 Coders were instructed to visit any links posted in these Tweets and to 

incorporate any information from these websites in their ratings. The four research 

assistant ratings of each Tweet were averaged to form a composite rating of each 

situational characteristic for each Tweet. Word counts were then calculated for each 

Tweet. Different statistical learning techniques were used to train models to predict each 

DIAMONDS dimension on each Tweet based on the words used in that Tweet. Models 

were trained on 75% of the data and validated on the remaining 25%. The most favorable 

models were recalibrated using 100% of the data and applied to the larger sample of over 

20 million Tweets effectively scoring each Tweet on each DIAMONDS dimension  

Measures.  

 S8-II. The S8-II (Rauthmann & Sherman, in press) is composed of 8 items each 

measuring one of the Situational 8 DIAMONDS characteristics (Rauthmann et al., 2014). 

For example, the item pertaining to Duty reads “The situation contains work, tasks, 

duties.” These items were rated on a 0 (not characteristic or unclear) to 4 (very 

characteristic) scale and the descriptive statistics from coder ratings are shown in Table 1 

and discussed in the Results.  

 LIWC 2007 Dictionary. The LIWC 2007 dictionary (Pennebaker et al., 2007; 

Chung, Ireland, Gonzalez, & Booth, 2007) includes approximately 4,500 words grouped 

                                                

 

3 Tweets were also rated using a one-item measure of Culture of Honor (Cohen & 
Nisbett, 1997), not analyzed here, for purposes of a different study. 
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into 64 categories including: standard linguistic information (e.g., pronouns, articles), 

psychological constructs (e.g. anxiety, anger), personal concern categories (e.g., work, 

leisure), and paralinguistic dimensions (e.g. “um”). Other general descriptive categories 

(e.g., Word count) are also computed.  

 Three categories, designed specifically for Twitter, were also added to the LIWC 

dictionary: ShoutOuts, Links, and Hashtags. ShoutOuts captured anytime the author of a 

Tweet tagged someone else, using the “@” symbol. Links captured links to other 

websites, and Hashtags captured anytime someone used the “#” character to make the 

content of their Tweet searchable, such as “#yourfavoritesportsteam” or “#college.” The 

hashtag symbols were split from the content of the tag, and both were included in the 

analysis.  

 S8-LIWC. The S8-LIWC is a theoretically based dictionary created for this study 

that includes one dictionary for each of the DIAMONDS dimensions of situations. The 

S8-LIWC contains 433 words chosen specifically by the authors to capture these 

situational domains and supplement the content coverage of the standard LIWC 

dictionaries as input for the Situational 8 prediction models (e.g., Duty: “task,” 

“obligation”; Intellect: “artsy,” “genius”).  

Results 

Prediction Models.  

If independent raters can agree about the situational characteristics of Tweets, this 

suggests that they are rating something real, not simply idiosyncratic opinions (Funder, 

1999; Funder & Dobroth, 1987). Table 1 shows the intraclass correlations (ICCs) among 

raters. Independent raters showed agreement about the characteristics of the situations 
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portrayed in the Tweets. The mean ICC was .55 (SD = .16) which is consistent with 

average ICCs of behavioral ratings from four coders (Funder, Furr, & Colvin, 2000). 

Given the brevity of Tweets, this degree of agreement between raters on these constructs 

suggests that Tweets do in fact contain situational content that can be consensually, if not 

objectively, perceived.  

 Table 1 shows the means standard deviations, minimum, and maximum of the 

averaged coder ratings of Tweets for each DIAMONDS dimension. The means fall on to 

the low end of the ratings scale, suggesting that not every dimension was present in every 

Tweet; however less than 1 percent of the 5000 tweets were rated 0 on every dimension. 

Nearly the full range of the scale was used for each dimension, with the exception of 

Adversity, showing that the overwhelming majority of Tweets did contain information 

relevant to at least one of the DIAMONDS dimensions.  

 Next, we sought to determine if we could predict these ratings from word usage in 

the Tweets themselves. To avoid overtraining (i.e., over-fitting) the model, we used 75% 

of the data for training and 25% for validation (Kuhn, 2008). These models were trained 

using categories from the LIWC 2007 and S8-LIWC Dictionary or the individual words 

in each Tweet. Both of these methods have received empirical support (Wald et al., 2012; 

Schwartz et al., 2013). The prediction methods used were linear regression, random 

forest, and support vector machine. Using the “caret” R package (Kuhn, 2008), models 

were trained on 25 bootstrapped samples, and model performance was evaluated on the 

out of sample cases for each of these bootstrapped sample. The final model was selected 

to minimize RMSE (Kuhn, 2014). Table 2 shows the R and RMSE of each model. After 

model training, the predicted values were correlated with the actual values on the 
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validation data, which were not included in the model training. Table 2 also shows the 

correlations between predicted values and coder ratings of the validation data.  

 The best performing models for each Situational 8 dimension had model R values 

between .26 and .70 (Table 3.), depending on the DIAMONDS dimension, and 

correlations between predicted values and actual values on the validation dataset between 

.29 and .72. These correlations between predicted values and actual values on validation 

data were very satisfactory, mostly in the moderate to high range.4  

 Models using individual words and LIWC categories performed comparably, and 

random forest models predicted the criterion values most accurately. For the final 

prediction models we selected random forest model using both the S8-LIWC and the 

LIWC2007.5 These models were retrained using 100 percent of the coded Tweets. The 

resulting RSME and R values improved from the full models are shown in Table 4.6 

 Table 4 shows the categories with the largest importance values in the prediction 

model for each dimension. The word categories that contribute to these models have clear 

face validity. For instance, two of the most important categories used in the prediction for 

Duty were the “Duty” word category from S8-LIWC and the “Work” word category from 

                                                

 

4 We used regression models, not classification models, because the Situational 8 
DIAMONDS dimensions are based on continuous ratings of situation characteristics, not 
binary classifications. 
5 Random forest models work by creating decision trees based on random subsets of 
variables. A set number of trees are created (in this case 500) and the predicted value is 
the average of the value given from all the trees. 
6 Scoring models are available as R objects in the Replication Data archive on Harvard 
Dataverse.  
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the LIWC2007 dictionary. Each model’s top predictors contain categories in line with 

theoretical descriptions of the DIAMONDS dimensions.7  

Computer Scored Tweets.  

We applied the scoring rules to the set of 20 million Tweets to generate 

DIAMONDS scores for each Tweet. Tables 5 and 6 show four Tweets rated in the top 

thousandth of a percent on each dimension.8 Overall, the face validity of these predictions 

is high. Tweets scoring high on Duty are often about work or school. Tweets scoring high 

on Intellect are about thoughts and feelings, or motivational quotes. High Adversity 

Tweets contain vulgarity and anger, usually directed at an outside other, in line with the 

theoretical conceptualization of Adversity (Rauthmann et al., 2014). Tweets scoring high 

on Mating contain phrases like “I love you.” Tweets scoring high on pOsitivity talk about 

success, beauty, and love. However, this love is distinct from the romantic love that 

characterizes Tweets that scored high on Mating. Like Tweets scoring high on Adversity, 

Tweets scoring high on Negativity contain vulgarity, anger, and frustration; however, 

they are more internally directed than those scoring high on Adversity. The Tweets 

scoring high on Deception talk about lies and trust, often in the context of relationships 

and cheating. Finally, Tweets scoring high on Sociality are largely characterized by the 

                                                

 

7 Variable importance ratings are based on IncNodePurity, the total decrease in node 
impurities (i.e., average residual sums of squares across all trees) caused by splitting on 
the specific variable (Liaw & Wiener, 2002) and do not imply directionality.   
8 Upon inspection of Tweets scoring high on Duty, we found a substantial number of Job 
advertisements. We eliminated Tweets with links to websites from our analysis of Duty 
to stop these Tweets from influencing our analysis. This resulted in the 16,677,758 
Tweets with valid Duty ratings. 
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use of the “@” to tag other users. Moreover, most of these Tweets are about social topics. 

Overall, we conclude that the ratings generated from the predictive model validly assess 

situation characteristics in Tweets from their content. 

Situation Experience.  

Table 7 shows the descriptive statistics of computer ratings of all 20,239,179 

Tweets. As can be seen, Tweets contained more Sociality than any other DIAMONDS 

characteristic. Such a finding is consistent with the notion that Twitter is in fact a social 

networking service. In addition, the average Tweet contained more pOsitivity than 

Negativity. This is consistent with research on emotions demonstrating that people 

experience more positive emotions than negative emotions, on average (Carstensen, 

Pasupathi, Mayr, & Nesselroade, 2000; Deiner & Deiner, 1996). Finally, Tweets 

contained relatively small amounts of Adversity and Deception. Overall, this pattern of 

means is consistent with previous literature examining the DIAMONDS (Sherman et al., 

2014).  

 Daily Trends. For the aforementioned DIAMONDS scoring algorithms to be 

truly useful they should capture real-world trends. Based on prior experiencing sampling 

data (Sherman et al., 2014) and common experience, we proposed four hypotheses to 

validate these computer scoring models: Duty should be highest during the typical 9-5 

work day; Sociality should be highest in the evenings; pOsitivity should be highest on 

weekends; and Negativity should be lowest on the weekends.  

Figure 1 shows the average predicted values for Duty and Sociality throughout the 

average weekday (scores averaged across all Tweets on Mondays, Tuesdays, 

Wednesdays, and Thursdays in the sample).  These predicted scores follow the 
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hypothesized patterns. Duty peaks between 7 and 10 am, declining throughout the 

workday with a marked drop-off from 6 pm until midnight. Sociality is lowest during the 

late night and working hours, but peaks in the after work, evening hours. The lower 

panels in Figure 1 display the average Duty and Sociality scores for every minute 

throughout a given week. These trends clearly support and replicate the patterns shown in 

upper panels.  

 Weekly Trends. Figure 2 shows the Generalized Additive Model Smoothed line 

for predicted ratings of pOsitivity and Negativity over the course of a week. The scores 

were aggregated by day and time to obtain the average score for each minute of each day 

combining the two weeks from which Tweets were sampled. Both of these curves follow 

the hypothesized patterns with Negativity highest throughout the workweek and 

pOsitivity highest over the weekend. The lower panels of Figure 2 display the average 

pOsitivity and Negativity scores for every minute throughout a week. This illustrates that, 

although average pOsitivity and Negative vary across the week, the amount of within-day 

variability in pOsitivity and Negativity is substantially greater than the between-day 

variability.  

 Gender Differences. The results thus far are consistent with both common 

experience and our predictions. Taking these as evidence for the validity of our scoring 

algorithm, we sought to explore potential gender and geographic differences in situation 

experience, as posted on Twitter. Figure 3 shows weekly Duty, Sociality, Mating, 

pOsitivity and Negativity trends for both males and females. As can be seen, both 

genders experienced similar patterns of Sociality, Mating, pOsitivity and Negativity; 

however, some mean-level gender differences were also present. Gender differences were 
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substantial for Sociality (r = .45), Mating (r = -.38), pOsitivity (r = -.21), and Negativity 

(r = -.46), but quite negligible for Duty (r = -.08).9 Tweets from females documented 

more emotionally charged (pOsitivity and Negativity) situations and were more likely to 

mention romantic situations (Mating). Tweets from males, on the other hand, were more 

characterized by Sociality on average.  

Population Density Differences. We also explored the possibility that people in 

cities might experience situations differently from those in more rural areas. Figure 4 

shows weekly Duty, Intellect, Mating, and Sociality trends for Urban Areas, Urban 

Clusters, and Rural Areas. No large differences were found. The mean-level trends of 

Duty (η = .08), Intellect (η = .11), Mating (η = .11), and Sociality (η = .05) experience 

shown between Urban Areas, Urban Clusters, and Rural areas are highly overlapping.10 

This suggests that the situations shared on Twitter are largely psychologically similar 

across Urban and Rural areas.  

Discussion 

 In this study we showed that it is possible to extract meaningful information about 

the situations people experience in daily life from Twitter. Whereas researchers have 

previously predicted personality from SNS usage, they used the entirety of subjects’ 

                                                

 

9 The rs shown are the correlations between each gender (0 = female, 1 = male) and the 
average DIAMONDS dimension at each minute, as shown in Figure 3 and should not be 
confused as indicative of the association between gender and the characteristics of a 
single situation.  
10 The ηs represent the standardized effect of population density on average DIAMONDS 
dimensions at each minute as shown in Figure 4 and should not be confused as indicative 
of the association between population density and the characteristics of a single situation.  
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social media profiles to make such predictions. Here, we accurately scored individual 

Tweets on eight empirically identified situation characteristics. Furthermore, despite the 

limited number of characters (140 maximum) present in each Tweet, scores for individual 

Tweets showed both empirical and face validity. More importantly, scores on these 

dimensions matched hypothesized patterns of daily and weekly variations in typical 

situation experience. 

Implications.  

This is the first study to quantify situations, using an empirical taxonomy of 

situation characteristics, from SNSs. Although some situation characteristics were scored 

more accurately than others, it is notable that all were scored with some degree of 

accuracy. This speaks to (1) the fact that Tweets often contain situation content, (2) the 

power of using SNSs to gather such content, (3) the efficiency and accuracy of machine 

learning methods, (4) the comprehensiveness of the LIWC dictionaries, and (5) the 

robustness and perhaps importance of the DIAMONDS dimensions. This latter point 

deserves special attention because it is only recently that these dimensions were 

uncovered (Rauthmann et al., 2014). The fact that the words used in 140 character 

Tweets include enough content to accurately assess these dimensions suggests that they 

are in fact an integral part of social communication. 

Furthermore, this research provides insights about the psychological experience of 

a typical workday or week. Although these insights were not unexpected (e.g., people 

experience more Duty during typical working hours), it is essential to first demonstrate 

that this method can be used to capture basic human experiences before attempting to 

uncover experiences that may be more hidden.  
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Gender differences in the situations experienced and shared on Twitter were also 

uncovered (e.g. females experience more emotionally charged situations, higher on both 

pOsitivity and Negativity). These findings show that this new method of automatically 

scoring DIAMONDS dimensions from Tweets can be used to capture between group 

differences in situation experience.  

Lastly, the tools presented here can be applied in many different contexts 

including other SNSs (e.g., Facebook) and other text based media (e.g. personal letters, 

blogs, literary works, movie scripts, etc.). Further, these scoring methods can be applied 

to examine specific events occurring on Twitter. For example, the situations surrounding, 

holidays, festivals, sporting events, political upheavals, and even natural disasters could 

be examined using these methods. Thus, the analyses presented here represent the tip of 

the iceberg in terms of what we can learn about the situations people create, encounter, 

and imagine, using automated scoring methods like the one presented here.  

Limitations.  

 Magnitude of Effects. As shown in Figures 1 through 4, the magnitudes of 

average daily and weekly fluctuations in situation experience were small (compared to 

the 0 to 4 scale on which they could theoretically fall). This might lead one to believe that 

individual variation in situation experience is quite small. However, the results reported 

here are (highly reliable) mean trends across hundreds of thousands of people in millions 

of situations and do not reflect the diversity of situations individuals experienced across 

time, which in fact vary widely across each of the dimensions.  

Between-person effects.  
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It is also important to note that the trends in Figures 1 through 4 reflect between-

Tweet trends and not necessarily within-person experiences of situations. These figures 

treat each Tweet as the unit of analysis, irrespective of the Tweeter. For instance, we 

noticed negative trends for late night hours (e.g., high Adversity and Negativity). These 

trends may reflect the negative experience of being awake during late night hours, or 

negative reasons (e.g., a break up) for being awake that late, but they may also reflect the 

type of people who are awake Tweeting at 3 am rather than the normative situational 

experience of Twitter users in general. In fact, the volume of Tweets at this hour is much 

lower than during the day. Research has shown positive correlations between insomnia 

and depression (Fava, 2004). The late night negativity trends should be interpreted in the 

context of these limitations. A study specifically aimed at examining within-person trends 

on social media would need to be conducted to confirm these results. However, it is 

worth noting that most trends shown here match within-person trends in situation 

experience (Sherman et al., 2014). 

Method Effects. While the temporal trends found matched hypotheses, some 

gender differences found here did not match our previous research. For instance, we 

showed that females experience more Mating on Twitter, whereas experience sampling 

data suggest that Males experience situations higher on this dimension in their daily lives. 

In retrospect, we believe there is a clear explanation for these differing results. First, the 

items used to measure Mating in both studies reference romantic opportunities which 

include both love and sex. Second, men are more likely to perceive sexual interest from 

others than women (Haselton & Buss, 2000), while women are more likely to publicly 

express vulnerable emotions, such as love (Gossman & Wood, 1993; Notarious & 
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Johnson, 1982; Sprecher & Sedikides, 1993). Thus, men in an experience sampling study 

who were asked privately about the presence of potential romantic partners were happy to 

report that such opportunities frequently existed (Haselton & Buss, 2000). However, in a 

public context like Twitter, women are more likely to report experiences of “love,” and 

thus appear higher on the Mating dimension.  

 Bots. Lastly, though we did make efforts to remove spam from our analyses, we 

could not eliminate these influences entirely. Thus, these analyses certainly contain 

Tweets from spammers such as bots which are not the intended focus of this research. 

However, our analyses showed similar results when conducted using all available 

Tweets, suggesting that the presents of spam and/or bots did not substantially impact the 

findings. 

Conclusion 

 This research introduced and tested a novel method for studying real-world 

situations. Using machine learning to analyze largely untapped social media networks we 

were able to automatically quantify the situational characteristics of Tweets, based on the 

content of those Tweets, with considerable accuracy. When put into practice, the scoring 

algorithm identified stable daily and weekly patterns of situation characteristics that are 

consistent with typical life experiences and prior research. Gender differences in situation 

experience were also shown, whereas situation experiences were largely similar between 

urban and rural areas. This research opens a number of avenues for automatically 

quantifying text expressions of situation experiences in a wide variety of contexts.  
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3. LIFE ON FACEBOOK: ANALYZING HUMAN EXPERIENCES THROUGH 

LANGUAGE USE

I just think that there’s this core part of people where they want to express 

things about themselves. So the question isn’t what do we want to know 

about people, it’s what do people want to tell about themselves. 

 Mark Zuckerberg (Schonfeld, 2011) 

 Millions of people share a great deal of personal information on social media 

(Gliebs 2014; Dumas, Serfass, Brown, & Sherman, 2014). Twitter’s has 281 million 

users (Twitter, 2015), and Facebook has over one billion (Sedgi, 2104). These people 

share what they are thinking, feeling or doing on a regular basis.  

Research on social media has documented the wealth of information hidden in 

social media users’ digital footprints. Through Tweets (Wald, et al., 2012), Facebook 

statuses (Schwartz et al., 2013, Park et al., 2014), and Facebook ‘likes’ (Youyou, 

Kosinski, & Stillwell, 2015), researchers have documented the ability to assess 

personality with remarkable accuracy using new social media based assessment 

techniques. While these studies focus on what social media profiles can tell us about the 

person (e.g. personality, gender), the wealth of information about that person’s moment 

to moment thoughts, feelings, and actions that are systematically cataloged by Social 

Networking Sites (SNSs) have been largely neglected. Consequently, an important 

question remains: What can social media tell us about the human experience of its users?  
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What do people experience in their daily lives? What are lives like? How is 

personality related to what people experience? What about sexual orientation? These are 

important questions that, until recently, have not been addressed for two reasons: (1) 

studying what people experience in their everyday lives is difficult, and (2) no one really 

knew what to measure. 

In situ Experiences  

 Social Networking Sites (SNSs) are uniquely suited for researching what people 

experience. Status updates are often posted in the moment and throughout the day. This 

allows researchers to explore what people are experiencing in situ without any of the 

memory biases or reinterpretations inherent in retrospective or ex situ ratings (Scollon, 

Kim-Prieto, & Diener, 2003; Shiffman, Stone, & Hufford, 2008). This documentation of 

millions of users’ thoughts, feelings, and actions is unparalleled. Because of these 

strengths, researchers have already used SNSs to study some nuanced areas of human 

experiences. Golder and Macy (2011) studied temporal patterns in positive and negative 

sentiment on Twitter. West and colleagues examined trends in problem drinking using 

Twitter (2012). However, no research has broadly analyzed what people’s day-to-day 

lives are like using social networking sites.   

Experiences as Situations  

 Studying human experiences is an expansive, unwieldy task. Before beginning, 

there are several difficult questions that need to be addressed: What should be measured? 

What are the important dimensions of what people experience? How should we quantify 

these experiences? The current research approaches these questions using a framework 

derived from previous research on situations. Originally, prompted by the person-
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situation debate (e.g. Bowers, 1973) substantial research has sought to describe situations 

(e.g. Edwards & Templeton, 2005; Endler, 1975; Frederiksen, 1972; Rauthmann et al. 

2014, Rauthmann, Sherman, & Funder, in press; Sherman et al., 2010; Saucier, Bel-

Bahar, & Fernandez, 2007; Wagerman & Funder 2009; Yang, Read & Miller, 2006). This 

research provides a framework from which we can approach the question of what 

people’s lives are like. A human life from the perspective of the person can be described 

as the series of situations that the person experiences from the day they are born until the 

day they die. Getting married is a situation. Going to the gym is a situation. Getting a bad 

grade on a report card is a situation. These are what make up people’s lives. 

Components of Situations 

 A situation that someone experiences includes components of both the physical 

world and the subjectivity of the given observer. Research on situations has defined three 

different aspects of situations (Rauthmann, 2015; Rauthmann, Sherman, & Funder, 

2015). Cues describe the physical environment. They are the objective features (e.g. 

temperature, number of people present, location, etc.). Characteristics are the 

psychological meaning the cues provide to the person perceiving them. Is a situation 

pleasant? Relaxing? Stressful? Although people generally agree about the characteristics 

of a given situation, because characteristics are not physical properties like cues, 

individual perceptions do vary (Serfass & Sherman, 2013; Sherman, Nave, & Funder, 

2013). Therefore, characteristics can be further divided into two parts: the consensual part 

and the distinct part (Block & Block, 1981). The consensual part is the shared perception 

of the situation characteristics from the perspective of all observers, while the distinctive 

part is each individual observer’s distinct perception of the situation characteristics. The 
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whole of consensual and distinctive perceptions is referred to as situation experience 

(Rauthmann et al., 2015). 

DIAMONDS 

 Characteristics of situations are the important dimensions of what people 

experience. As such, situation characteristics are a fruitful avenue for studying and 

understanding human experience as reported on social media. However, despite 

considerable efforts to understand situations (e.g. Edwards & Templeton, 2005; 

Frederiksen, 1972; Yang, Read & Miller, 2006), there has been little consensus regarding 

how to exactly to classify them or what the most important properties of situations are 

(Reis, 2008; Sherman et al, 2010). Recently, however, researchers identified the 

Situational 8 DIAMONDS Dimensions. These are the eight most robust situational 

characteristics found in the Riverside Situation Q-Sort (RSQ: Sherman, Nave, & Funder, 

2010; Wagerman & Funder, 2009), which is the most comprehensive assortment of 

situation characteristics (Rauthmann et al., 2014; Rauthmann et al., in press). The 

DIAMONDS are: Duty – the degree to which a task or job needs to be done; Intellect – 

the degree to which a situations affords an opportunity for deep thinking, creativity, or 

aesthetic appreciation; Adversity – the degree to which someone is being blamed or 

criticized for something; Mating – the degree to which a situation has affords the 

opportunity for mating, love, or romance; pOsitivity – the degree to which the situation is 

pleasant, playful, or joyous; Negativity – the degree to which a situation could be 

stressful or frustrating; Deception – the degree to which others can be trusted or there is 

an opportunity to behave in a dishonest or deceptive fashion; and Sociality – the degree 

to which communication is possible or close personal relationships are present 
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(Rauthmann et al., 2014). These empirically derived dimensions provide researchers a 

common language to describe the psychologically relevant characteristics of situations.  

 The DIAMONDS dimensions are a fertile starting point for using SNSs to explore 

the types of situations that people experience throughout their days and lives. They 

provide a manageable number of characteristics to examine. Additionally, the 

DIAMONDS provide a more nuanced perspective on experience than previous work. For 

example, rather than classifying a status as broadly Negative (e.g. Golder & Macy, 2011), 

the DIAMONDS dimensions separate Deception, Adversity, and Negativity into three 

distinct characteristics proving a deeper understanding of the experiences shared on 

social media. 

Previous Situational Research using Social Media 

 A recent study began to explore people’s experiences on SNSs using these 

situational characteristics (Chapter 2). This study pioneered a method to automatically 

quantify the situational characteristics of Tweets. Specifically, it used a sample of Tweets 

rated by undergraduate research assistants to train statistical learning models to 

automatically score the psychological characteristics of a Tweet from the words used in 

it. These models predicted coder ratings accurately, especially given the brevity of the 

Tweets, 140 characters. These scoring models were then applied to a sample of over 20 

million Tweets to explore daily and weekly trends in experiences shared on Twitter. This 

study found that people tend to experience situations that were higher on Duty in the 

mornings and situations that are higher on Sociality in the evenings. Further, females 

experienced more emotional situations (higher on both pOsitivity and Negativity) and 

more Mating, whereas males experienced more Sociality. Lastly, this study explored 
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differences in the situations that people experience in areas with different population 

densities (i.e. Urban and Rural areas) finding virtually no differences between urban and 

rural areas.  

The Current Study 

 The present study expanded on this work by exploring the situations experienced 

by 144,858 Facebook users. This study expected to find similar patterns of situation 

experience on Facebook as the previous study found on Twitter. However, due to the 

prevalence of bots and automatic Tweeting programs on Twitter (Chu, Gianvecchio, 

Wang, & Jajodia, 2012; Ferrara, Varol, Davis, Menczer, & Flammini, 2014), it was 

important to determine if the findings in the previous study appear in the situations that 

people experience on Facebook. The present study is unlikely to be subject to noise in the 

data due to bots because the participants are human volunteers. Therefore, we first 

compared the patterns of situation experience found on Facebook to previous trends 

found on Twitter. Then, we extended the previous research by exploring the relationships 

between the characteristics of situations shared on Facebook and personality, relationship 

status, and sexual preference.  

 We began by first training prediction models to score the DIAMONDS 

dimensions from the words used in Facebook statuses using the same procedure as 

previous research. After building these models, the situation characteristics of over 20 

million Facebook statuses were analyzed. We began by examining the temporal, daily 

and weekly, patterns of situation experience on Facebook. After this, we explored gender 

and population density differences in situation experience. Next, we expanded on 

previous analyses by exploring the relationship between personality and situations 
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experienced on Facebook. Finally, we analyzed the relationship between relationship 

status, sexual preferences, and situation experience.  

Predictions  

Time. Regarding time, we expected to find similar daily temporal variations in 

the situations experienced on Facebook as were found on Twitter, such that more Duty is 

experienced during the 9-5 weekdays and more Sociality is experienced in the evenings. 

Second, we expected to find weekly trends that were similar to those found on Twitter, 

such that pOsitivity was highest on the weekend and Negativity was highest during the 

workweek.   

Gender. In addition to examining temporal trends, this study explored gender 

differences in situations shared on Facebook. We expected the gender differences found 

on Facebook to parallel the gender differences in situation experience found on Twitter in 

the previous study. Females were predicted to experience situations higher on both 

pOsitivity and Negativity. Males were expected to share situations higher on Sociality, 

and females were expected share situations that are higher on Mating. 

Population Density.  As in the prior study, the current study also examined 

population density differences in the situations that people experience on social media. In 

the previous research using twitter, no differences were found between Urban and Rural 

areas on Twitter; therefore, differences were not expected on here either.  

Personality. This study further explored the relationships between five-factor 

model personality and the situations that people experience and share on social media. 

Specific predictions were not present for every DIAMONDS dimension and personality 

trait combination, but personality was expected to relate to situation characteristics 
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following theoretically consistent patterns. For example, conscientious people were 

expected to experience more Duty. Extraverted people were expected to experience more 

sociality. Agreeable people were expected to experience more positivity and less 

negativity. Open people were expected to experience more intellect. Emotional people 

were expected to experience more Negativity and Adversity.  

Sexual Orientation. Beyond personality, this study also explored the association 

between relationship status and the situations people experience. Homosexuality and 

bisexuality have been linked to depression, anxiety, and suicide attempts (Fergusson, 

Horwood, & Beautrais, 1999), making the day-to-day experiences of people with 

different sexual orientations of particular interest. This study examined whether or not 

people with homosexual orientation experience more adversity and negativity. It was 

predicted that homosexuals receive more criticism from peers (Adversity) and experience 

more stress (Negativity) than heterosexuals (Almeida, Johnson, Corliss, Molnar & 

Azrael, 2009; Huebner, Rebchook & Kegeles, 2004).  

Relationship Status. Finding and keeping a mate are two of the most 

fundamental drives for human beings (Kenrick, Li, & Butner, 2003). This study explores 

differences in experiences between people in relationships and those who are not. It 

explored whether or not people in relationships experience more situations that rate 

higher on mating than those who are single. The directionality of this relationship was not 

clearly predicted. It was possible that people who are single put themselves in more 

situations where there is potential for mating or express interest in mating more to attract 

a potential partner, but it was also possible that people who are in relationships 
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experience more situations where mating is salient, because they are in these situations 

with their current partner. 

Methods 

Participants 

 Participants were users of the myPersonality app, a third party Facebook 

application (Kosinski & Stillwell, 2011). Using this app, participants were able to 

complete various personality measures and share their results on Facebook. All users of 

the myPersonality app agreed to the use of their anonymized information for research 

purposes. About 4.5 million participants downloaded the application, and 3,137,694 

completed the personality measures. Of these 144,858 (male = 62,337, female = 81,671, 

unknown = 850) users from English speaking locales volunteered to share their status 

updates; however, the actual sample size varied by analysis because different participants 

shared different information from their profile (e.g., demographics, location). Participant 

self reported ages ranged from 14 to 112 (mean = 26.96, median = 23).11  

Facebook Statuses 

 Overall, 144,858 Facebook users volunteered to share a total of 21,160,876 

Facebook statuses. The mean number of words per status was 15.82 (SD = 14.86). The 

mean number of statuses per user was 146.01 (SD = 166.94) and median number of 

statuses per user was 96 (25th percentile = 33 and 75th percentile = 196).  

Personality Measures 

                                                

 

11 51 participants reported their age to be 1 or 2. This was not included in the age ranges. 
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 IPIP NEO-PI-R. Personality was assessed using items from the International 

Personality Item Pool (IPIP; Goldberg et al., 2006) version of the NEO-PI-R (IPIP-NEO). 

Participants were free to complete between 20-100 items measuring the Big 5 personality 

dimensions of Agreeableness, Conscientiousness, Extraversion, Openness, and 

Neuroticism (Costa & McCrae, 1992). Means and SDs on each five-factor personality 

dimension for these participants are listed in Table 8. 

Status Coding 

 Situations:  S8*. The S8* (Rauthmann & Sherman, in press) is a 24-item 

measure of the Situational 8 DIAMONDS dimensions with three items measuring each 

construct (Duty, Intellect, Adversity, Mating, pOsitivity, Negativity, Deception, and 

Sociality). The S8* is an abbreviated and optimized measure adapted from RSQ-8 

(Rauthmann et al., 2014). Undergraduate coders rated Facebook 5000 statuses using the 

S8* (mean ICC = .67).12 Descriptive statistics are shown in Table 9.  

Linguistic Measures  

 LIWC. The LIWC 2007 dictionary (Pennebaker, Booth & Francis, 2007; 

Pennebaker, Chung, Ireland, Gonzalez, & Booth, 2007) is a tool for analyzing words that 

are found in a given corpus. This dictionary includes over 4,500 words separated into 64 

categories including: standard linguistic information (e.g., pronouns, articles), 

psychological constructs (e.g. anxiety, anger), personal concern categories (e.g., work, 

                                                

 

12 The actual sample analyzed was 4,691 rated statuses, because statuses originating from 
English non speaking locales (N = 227) and statuses that were either all punctuation or 
not English despite originating from English locales (N = 82) were removed. 
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leisure), and paralinguistic dimensions (e.g. “um”), and other general descriptive 

categories (e.g., Word count). 

 S8-LIWC. The S8-LIWC (Serfass & Sherman, 2015) is a dictionary created by 

the authors to supplement the LIWC 2007 dictionary in the assessment of the Situational 

8 DIAMONDS dimensions. It contains 433 words divided into 8 categories, one for each 

DIAMONDS dimension. The S8-LIWC categories were some of the most important 

attributes found in the prediction models used by Serfass & Sherman (2015). 

Procedure 

 Following the same model building procedure as previous research (Serfass & 

Sherman, 2015), research assistants rated the Situational 8 DIAMONDS characteristics in 

a sample of 5,000 Facebook statuses using the S8*. Next, word usage in each status was 

tabulated, counting the frequency of words found in the LIWC and S8-LIWC 

categories.13 The word count frequencies in each of these categories were used to train 

statistical learning models to predict the coder ratings of the Situational 8 dimensions. 

Models were trained on 80% of the statuses and validated on the 20% of statuses that 

were not included in training. After validation, models were retrained on 100% of the 

rated statuses. Once the final prediction models for each dimension were trained, they 

                                                

 

13 LIWC category frequencies are calculated in terms of percentages of the total word 
count; therefore, LIWC scores for words are bounded between 0 and 100 percent. LIWC 
frequencies for punctuation categories are not bounded, because the numerator 
(punctuation marks) is not included in the word count in the denominator. The max 
LIWC frequency for a punctuation category was 250000. LIWC frequencies over 200 
were set to 200. This affected a total of only .07 percent of the LIWC frequencies from 
the coder rated statuses and .09 percent of the LIWC frequencies from the computer rated 
statuses. 
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were used to score all 21,160,876 Facebook statuses, scoring each status on the 

Situational 8 dimensions.  

Results 

Consensus 

 Independent raters agreed about the DIAMONDS characteristics of the Facebook 

statuses. Table 9 shows the intra class correlations (ICCs), which ranged between .37 

(Deception) to .79 (Sociality). These ICCs are within the expected range for behavioral 

research (Funder, Furr, & Colvin, 2000). The agreement found in these ratings is 

important, because it shows empirically that Facebook statuses contain meaningful 

situation information and that this information can be consensually perceived.  

Prediction Accuracy 

 Following the same procedure as previous research, models were built to predict 

the coder ratings of situations from the words used in each Facebook status. Random 

Forest regression models were used because this method provided the most accurate 

models, when compared to other statistical methods (e.g. Linear Regression, Support 

Vector Machines) for predicting the DIAMONDS characteristics on Twitter (Serfass & 

Sherman, 2015). Also, LIWC and S8-LIWC word categories were used, because models 

using these categories performed as well as models using individual words in previous 

research (Chapter 2). Prediction models were trained using 80% of the rated Facebook 

statuses and then evaluated on remaining 20% to protect against over-fitting (Kuhn, 

2008). The correlations between predicted values and actual coder ratings on the 

validation sample of statuses ranged between .62 for Sociality to .29 for Deception (Table 

10). After evaluating the predictions on the holdout sample the models were rebuilt using 
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100% of the rated statuses. Table 10 shows Model-R values from the completed models 

which  ranged between .60 (Positivity) and .24 (Deception).14 

Exemplar Statuses 

 These were then applied to all 21,160,876 Facebook statuses scoring the 

Situational 8 DIAMONDS from the words used in each status. Tables 11 and 12 show 

some of the statuses scoring highest on each DIAMONDS dimension. High scoring Duty 

statuses discussed work, school, and exhaustion. High scoring Intellect statuses discussed 

school, moral principles, and religion. High scoring Adversity statuses discussed insults, 

blame, and criticism. High scoring Mating statuses talked about sex, kisses, and love. 

High scoring pOsitivity statuses talked about concerts, holidays, and sporting events and 

use a lot of exclamation points. High scoring Negativity statuses talked about annoyances 

and anger. High scoring Deception statuses talked about lies, broken promises, and 

surprises. High scoring Sociality statuses discussed plans with family and friends. 

Overall, the Facebook statuses scored most highly by the prediction models have clear 

face validity for each DIAMONDS dimension. 

Experiences 

 Table 13 shows the descriptive statistics for all 21,160,876 statuses. These figures 

give some basic insights into what people experience. On average people post statuses 

that on average score higher on pOsitivity than Negativity. Further, people experience 

low very low levels of Deception and Adversity. Duty, Intellect, and Sociality were 

                                                

 

14 Intercorrelation tables of the DIAMONDS dimensions of coder ratings and predicted 
scores are included in Supplemental Materials. 
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present at moderate relative levels. Mating was present at a lower relative level, but 

higher than Deception and Adversity. These between DIAMONDS differences show on 

average what people experience and share in Facebook statuses.  

 Temporal Trends. Each DIAMONDS dimension showed clear within day 

temporal trends. These trends followed patterns similar to those found on Twitter (Serfass 

& Sherman, 2015). Figures 5 and 6 show the average Situational 8 DIAMONDS 

dimensions shared on Facebook over time for each day of the week. Duty was highest in 

the mornings and remained high during the 9-5 workday. Sociality was highest in the 

evenings Monday through Wednesday, but showed different patterns for the rest of the 

week, including the weekend. There was also a distinct negative trend for the late night 

hours with high Adversity, low pOsitivity, high Negativity, and high Deception during 

this time. A similar pattern was also found on Twitter; possible causes are provided in the 

Discussion section.  

 Distinct patterns of situation experience were found on weekends (Fridays, 

Saturdays, and Sundays). Friday mornings followed trends similar to the workweek, but 

Friday evenings were much more positive (higher pOsitivity and Sociality; lower 

Negativity and Adversity) and involved less work than other weekdays (lower Duty and 

Intellect). Conversely, Sundays followed the opposite pattern where mornings were 

distinctly weekend, but on Sunday evenings the situation experiences are more similar to 

weekday evenings, indicating that people were getting ready for the workweek.  
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 Gender. Table 14 shows the results of linear regression models predicting 

situation experience from gender.15 As can be seen, Females shared situations that are 

higher on Mating and Sociality. Females also shared situations that scored higher on 

pOsitivity and slightly lower on Negativity than situations shared by males.   

 The relationships between gender and pOsitivity and Mating matched the 

relationships found on Twitter. However, on Twitter, males shared situations higher in 

Sociality (Serfass & Sherman, 2015). Gender differences in Negativity found on 

Facebook were also opposite to the situation experiences found on Twitter. On Twitter 

females shared situations that were on average more negative than those shared by males 

(Serfass & Sherman, 2015).  

 Population Density. Table 15 shows linear regression models predicting 

participants’ average reported DIAMONDS dimensions on Facebook between users in 

Urban Areas (N = 37,812), Urban Clusters (N = 5,832), and Rural Areas (N = 3,360).16 

This distribution of users was representative of the distribution of the United States 

population (US Census, 2010). People in Urban Clusters and Rural areas shared 

                                                

 

15 Mixed effects models are presented in the supplemental materials for all regression 
based analyses. These analyses give identical results in terms of directionality and similar 
relative magnitudes in Bs between predictors. However, Bs are generally larger using the 
least squares regression. Mixed effects models account for the nesting of statuses within 
participants; however, linear models are more easily interpretable.  
16 Population density was classified using the conventions from the U.S. Census. Urban 
areas are defined as having a population greater than 50,000. Urban Clusters have 
populations between 2,500 and 50,000. Rural areas are defined as any areas that are not 
Urban Areas or Urban Clusters (U.S. Census, 2010).  
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situations that scored higher on all of the DIAMONDS dimensions except Duty, when 

compared to people in Urban Areas.17  

 Personality. Table 16 shows the correlations between participants’ average 

DIAMONDS dimensions and the Big 5. Linear regression models are used to examine 

the relationship between personality and the situation experiences shared on Facebook. 

The DIAMONDS characteristics of each user’s average situation were predicted from 

that user’s personality. Small, but precisely measured, relationships between personality 

and situation experience were found.  

First, the specific predicted personality and situation experience relationships 

were examined. Each of these predicted relationships between personality and situation 

experience relationships was in the predicted direction: Conscientiousness predicted 

experienced Duty, B = .121 95% CI [.115, .127]; Extraversion predicted experienced 

Sociality B = .081 95% CI [.075, .087]; Agreeableness predicted experienced pOsitivity B 

= .137 95% CI [.132, .143] and Negativity B = -.080 95% CI [-.086, -.075]; Openness 

predicted experienced Intellect B = .106 95% CI [.100, .112]; and Neuroticism predicted 

experienced Negativity B = .088 95% CI [.083, .995] and Adversity B = .057 95% CI 

[.051, .063]. Figure 7 shows the relationship between Extraversion and average Sociality. 

This figure illustrates the magnitude of these relationships.  

 After modeling these specific predicted relationships between personality and 

situation experiences, all five personality dimensions were entered simultaneously to 

                                                

 

17 Urban Areas are used as the baseline, because they represent roughly 80% of the 
population.  
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predict each of the DIAMONDS dimensions. Table 17 shows the effects and confidence 

intervals for each of the Five-factor personality traits. Each of the personality dimensions 

followed theoretically consistent patterns. Conscientiousness was linked to experiencing 

situation high in Duty, Openness was linked to experiencing situations high in Intellect, 

and Agreeableness was linked to experiencing situations high in pOsitivity.   

 Interestingly, Neuroticism predicted higher average levels of all eight 

DIAMONDS dimensions. This was not anticipated. For example, one might expect that 

increases in Neuroticism would be associated with lower levels of Positivity or Sociality. 

However, we believe that these findings can be interpreted in the context of Emotionality. 

It might be the case that people higher on Neuroticism experience more extreme 

experiences. People high on Neuroticism may share more extreme statuses, not only in 

terms of valence (i.e. pOsitivity and Negativity) but also the other DIAMONDS 

dimensions. For instance, people high on Neuroticism may experience more extremes in 

terms of Duty and Intellect as well. These people might be more likely to say something 

like “sooooo much work to do.” This would yield the observed higher average ratings on 

Duty. Similar scenarios could explain the the relationships between Neuroticism and the 

other DIAMONDS dimensions as well.  

 Relationship Status. Facebook provides users with twelve different options to 

describe their relationship statuses (e.g. ‘single,’ ‘in a relationship,’ ‘engaged,’ ‘it’s 

complicated,’ etc.). For the purposes of this analysis, users were separated into two 

groups based on relationship status. Users who identified as ‘in a relationship’ (N = 

26,449), ‘engaged’ (N = 4,492), or ‘married’ (N = 18,035) were classified as in a 

relationship (N = 49,250 total). Users who identified as ‘single’ were classified as single 
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(N = 52,519). Users with the remaining, less clear cut, statuses such as ‘it’s complicated’ 

were not included in the analyses (N = 4,539). Table 18 shows the results of linear 

regressions predicting participants’ average situational DIAMONDS dimensions from 

relationship status of Facebook uses. Relationship status predicted differences in situation 

experience such that people who were in a relationship experienced more Mating, 

pOsitivity, and Sociality. However, unexpectedly to us, people who were in relationships 

also experienced slightly more Adversity and Deception in their average situations shared 

on Facebook. 

Sexual Orientation. Sexual Orientation was classified using participants’ gender 

in combination with the field ‘interested in.’ (E.g., Males interested in males were 

classified as homosexual.) Users were classified as heterosexual (N = 33,508), 

homosexual (N = 1,222), or bisexual (N = 3,749). Table 19 shows the linear regressions 

predicting participants’ average DIAMONDS dimensions from sexual orientation. Users 

identifying as homosexual shared Facebook statuses rated as higher on Adversity, and 

Negativity and lower on pOsitivity. However, users identifying as bisexual shared 

statuses that were scored lower on all DIAMONDS dimensions. These differences for 

bisexuals were not expected, and it is not clear in what context they should be interpreted.  

Discussion 

 The goal of this study was to quantify the situations that people experience in 

their daily lives. We asked how such experiences differ as a function of time of day, day 

of the week, urban location, and personality. To do so, we leveraged the power of social 

media and machine learning techniques to quantify the everyday experiences of hundreds 

of thousands of people in millions of situations. Conducting a study of this scale with 
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traditional laboratory or even experience sampling methods would, at present, seem 

virtually impossible. Thus, at a very basic level this study demonstrates that modern “big 

data” techniques can advance psychological science in ways that other techniques simply 

cannot. Specifically, coding 21 million Facebook statuses would be a near impossible 

task using human coders. It took over 250 hours to code the 5,000 Facebook statuses used 

to train these prediction models. At this rate it would take human coders over 1 million 

hours to rate all 21 million statuses on the DIAMONDS dimensions.  

In addition to advancing a new method of assessing psychological constructs, this 

study also provided considerable insight into the situations that people experience in their 

daily lives.  Drawing on recent advances in research on situations, we used the 

DIAMONDS framework (Rauthmann et al., 2014) to conceptualize and quantify situation 

experiences. In terms of daily and weekly trends, the results of this study for the most 

part mirrored those found on Twitter (see Serfass and Sherman, 2015). For example, 

people experienced the most Duty during the 9am-5pm workday. People also experienced 

more pOsitivity on the weekends and more Negativity during the workweek.  

 In addition to the descriptive temporal trends, we also examined group differences 

in situation experiences. As with the temporal trends, the results for sex also largely 

mirrored those results found on Twitter: Females shared experiences that scored higher 

on Mating, pOsitivity, and Sociality, but lower on Negativity. In terms of population 

density, although no differences were found in the Twitter study, this studied showed that 

people in Urban Areas shared experiences that scoring lower on all DIAMONDS 

dimensions except Duty compared to Rural Areas and Urban Clusters.  
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Importantly, this study did not only (largely) replicate those patterns identified on 

Twitter, but extended our knowledge of factors affecting situation experiences shared on 

social media. First, this study found that personality was related to the experiences that 

people share on social media in sensible ways: Conscientiousness was related to Duty 

situation experiences; Openness was related to Intellect situation experiences; 

Agreeableness was related to pOsitivity and Sociality situation experiences; Extraversion 

was related to Sociality situation experiences; and Neuroticism was related to Negativity 

situation experiences.  

Second, this study also showed that people who were in relationships shared 

statuses that are higher on Mating, pOsitivity, and Sociality, but lower on Negativity. 

This shows that people in relationships have on average more pleasant experiences than 

those who are single. Additionally, people in relationships experience more Deception 

and Adversity. This was not specifically predicted; however, it could mean that people in 

relationships experience some negative consequences in terms of interpersonal conflict in 

addition to the benefits of being in a relationship.  

Lastly, this study showed that homosexuals shared statuses that scored lower on 

pOsitivity and higher on Negativity and Adversity (also all other DIAMONDS 

dimensions) compared to heterosexuals. It is possible that this reflects hardships or 

difficulty people experience as a result of this sexual orientation. However, more research 

would be needed to draw this causal interpretation. Further, bisexuals scored lower than 

heterosexuals on every DIAMONDS dimension. As this result was unanticipated, we are 

not quite sure what to make of it at present.  

Limitations  
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 Descriptive Analyses. Some (but not all) of the analyses conducted here were 

descriptive in nature, without clear a priori predictions. For instance, it was not clear how 

population density would be related to the characteristics of situations in statuses shared 

on Facebook. However, despite the descriptive nature of several of these analyses, the 

large sample in terms of participants and statuses examined allowed for precise 

estimation of these effects.  

 Effect sizes. The size relationships reported herein are unquestionably small. 

Most of the standardized regression weights are less than B = .20 with many less than B 

= .10. Despite this, these effects can still be meaningful. Ableson (1985) showed that 

small effects lead to much larger differences when aggregated over time. For instance, 

experiencing slightly more Duty on average may lead to vastly different 

accomplishments over the course of one’s lifetime. Furthermore, the reported 

relationships are precisely estimated. Because of the large sample size, the confidence 

intervals for these effects are narrow, meaning that we can be fairly confident that these 

effects are accurate.  

 Selective Sharing. While the statuses shared on social media provide an 

extensive and arguably representative proxy for what users experience in their everyday 

lives, it is not clear what percent of situations that people experience in their daily lives 

that users actively share on Facebook. Further, we do not know the degree to which those 

situation experiences that are shared on Facebook are proportional to actual situations 

experienced. This could affect the results in two different ways. First, if users are 

reluctant to share certain types of situations, then the analyses would miss this 

completely. If these situations are drastically different, in terms of their psychological 
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characteristics, from those that are shared, the overall pattern of results could be 

dramatically different. Second, if a certain people share certain types of situations—with 

certain situation characteristics—more often than others, then this could artificially 

produce group differences even if the two groups largely experience the same situation 

characteristics. For these reasons, the robustness of the results from this study should be 

replicated using other methods besides social media analysis (e.g., experience sampling, 

retrospective reporting, mobile sensing).  

 Between-Person Analyses. Temporal patterns of experience were analyzed at the 

between-person level. This may explain the negative experiences found in the late night 

hours. This trend is not unique to the present study. Previous research found nearly 

identical patterns on Twitter (Serfass & Sherman, 2015), and Davidowitz (2015) found 

parallel trends (e.g. loneliness, suicide) in late night Google searches. While these trends 

might reflect within person affective experiences, they could also reflect between person 

experiences. This would mean that of the people who are posting statuses or searching 

Google in these late night hours, a larger percentage of them are experiencing negativity 

than the people who are posting or searching at 9 am. This could be for one of several 

reasons: People who stay awake that late are more likely to be unhappy or depressed in 

general, or negative circumstance (e.g. a breakup or tragedy) cause the average person to 

be uncharacteristically awake at this time. However, more research using within person 

analyses is necessary to untangle between and within person effects. 

Conclusions 

 Facebook statuses were used to research the types of experiences that people have 

in their everyday lives. Over 20 Million Facebook statuses were scored on the Situational 
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8 DIAMONDS dimensions using an automated scoring method based on the words used 

in statuses. Daily and weekly experiential trends were mapped in terms of the 

DIAMONDS dimensions. Group and individual differences in the situations shared on 

Facebook were assessed. Gender, sexual orientation, population density, and relationship 

status were all related to the psychological characteristics of the experiences that they 

shared on Facebook. Small but precisely estimated and theoretically consistent 

relationships were found between personality and the experiences that were shared on 

Facebook.  
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CONCLUSIONS

A person’s behavior is determined by both the characteristics of that individual 

(personality) and the characteristics of that person’s surroundings (the situation; Funder, 

2006). Numerous studies have examined the nature of personality, in terms of both 

structure (McCrae & Costa, 1997) and biological, genetic, and environmental 

determinants (Plomin & Caspi, 1990). Researchers have explored personality differences 

as they relate to gender (Weisberg, DeYoung & Hirsh, 2011), development through the 

life course (Caspi & Roberts, 2001), cohort effects across generations (Twenge & Foster, 

2010), and geographical locations (Rentfrow et al, 2013). These various studies and 

others describe in considerable detail what people are like and why.  

However, there is surprisingly less research on and less consensus about what 

people experience on a moment-to-moment basis. Until recently there was no agreed 

upon classification of the psychological characteristics of what people experiences (i.e. 

situations). This changed with the creation of the Situational 8 DIAMONDS taxonomy 

(Rauthmann et al., 2014) and new measures to assess these characteristics (Rauthmann & 

Sherman, in press; Rauthmann & Sherman, in press). Despite these new tools, to date, 

little research has explored how these characteristics unfold in people’s daily lives (c.f. 

Guillaume et al., in press; Brown et al., in prep). The research contained herein has 

addressed the question of what people experience in their everyday lives. The studies 

presented in Chapters 2 and 3 accomplish this by being among the first to measure the 
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DIAMONDS over time at a national level. This work begins to fill the relative shortage 

of research describing what people experience in their daily lives.  

In these two studies, several previously unidentified relationships were 

discovered. Among these: Temporal patterns of situation experience were found. Gender 

differences in situation experience are found. Personality and sexual orientation are also 

shown to be related to what people experience. The various relationships examined here 

make these studies some of the most comprehensive research to date, globally describing 

what people experience in their everyday lives.  

In this closing chapter the findings from these two studies are summarized, and 

the results found on Facebook and Twitter are compared. After that, the methodological 

and technological advances of this research and the different tools that make it possible 

are discussed. Next, the strengths and limitations of this research are both reviewed. 

Finally, future directions for researching what people experience in their everyday lives 

are suggested. 

Situation Experience 

What people experience is an obviously important topic for psychology. As 

previously stated, people’s situations have important implications for in the moment 

behavior (Sherman et al., 2010, Sherman et al., 2015). Further, it is an intuitively 

interesting topic that has not sufficiently been addressed. These studies document 

numerous trends of situation experience.  

The temporal trends found on Facebook and Twitter were quite similar. On 

average, people experience Duty during the workday, pOsitivity on the Weekends, 

Negativity during the workweek. Further on both social media networks, a substantial 
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negative trend appears in the late night hours, such that Adversity, Deception, and 

Negativity are highest during these times. 

 Gender differences are fairly consistent between Facebook and Twitter. In both 

studies females expressed more pOsitivity and more Mating. However, on Twitter males 

experienced more Sociality, and females experienced more Negativity. On Facebook 

females experienced more Sociality than males, and males experienced slightly more 

Negativity than females. The differences in findings between these two sites could the 

result of several causes: differences in the way people use each site, nuances of the 

scoring models for each site (e.g. the ‘@’ sign used on Twitter), differences in the way 

gender was measured (inferred from the user’s name on Twitter and from the user’s 

profile on Facebook). 

Geographical differences were found on Facebook, but the differences found on 

Twitter were minimal. On Facebook, people in Urban Areas experienced lower average 

levels of almost all DIAMONDS dimensions. Although geographical locations were 

measured slightly differently between these two studies (i.e. Tweet location compared to 

Facebook user-reported home location), a clear interpretation of the different locational 

relationships found is these two studies is not apparent. 

Chapter 3 also explored the relationships between several person-level 

characteristics and situation experience on Facebook. This study found that people who 

report being in relationships experience higher levels of all DIAMONDS dimensions, 

except lower Negativity. Study 3 also found that homosexuals experience higher levels of 

Adversity, Negativity, and Deception, but lower average levels of Positivity than 

heterosexuals. These results are in line with hypothesized discrimination and adversity. 
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Unexpectedly, however, bisexuals experienced lower levels of all DIAMONDS than 

heterosexuals.  

Chapter 3 additionally documented relationships between personality and situation 

experience. The relationships found between personality and situation experience fit with 

theory and common sense regarding the Five Factor Personality model. People scoring 

higher on Agreeableness and Extraversion experience higher levels of pOsitivity and 

Sociality. People scoring higher on Conscientiousness experienced more Duty and 

Intellect. Other traits followed similarly predictable patterns.  

The temporal trends, geographic differences, demographic differences (gender, 

relationship status, sexual orientation), and personality relationships with situation 

experience detailed in chapters 2 and 3 are, to date, the most comprehensive accounts of 

what people actually experience in their everyday lives. This is a first step toward 

understanding the psychological experience of millions of people from all over the 

United States.  

Methodological Advances 

In addition to the psychological conclusions that can be drawn from these two 

studies, this body of work is also important because of the methodological advances that 

were developed. The methods used in these studies are at the forefront of what is being 

done in the psychological sciences. These analyses are made possible through the 

application of textual analysis and machine learning to approximate coder ratings of 

massive archives of situations. This research exploits numerous recent technological 

affordances and social changes.  
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First, none of this research would have been possible without the digitalization of 

people’s social communications on social media sites (SNSs). Experiences are 

volunteered by millions of people on a daily basis. This social trend demonstrates 

people’s increased connection with technology. This body of work capitalizes on this 

trend.  

Further, access to this data is made available by social media websites through the 

use of Application Program Interfaces (APIs). APIs provide a way for researchers or 

programmers to interact with other programs in a specific manner. The social network 

sites make these APIs available in order to allow developers and researchers access to 

specific data from their websites (e.g. Facebook, 2015; Twitter, 2015). In this case, none 

of this research would be possible without access to Twitter or Facebook’s API.  

Finally, it would be impossible to analyze this volume of data manually using 

human coders. Without the use of text processing software to tokenize and tabulate word 

frequencies in these statuses and Tweets and advanced statistical software that allows for 

creation of sophisticated prediction models the data could not be analyzed. Furthermore, 

this software relies on powerful computing resources to perform calculations.  

Using this sophisticated technology to examine DIAMONDS situational 

characteristics allowed the previous two studies to assess these questions in a manner that 

was previously impossible. This method allowed for these various analyses to be 

conducted and a number of important relationships to be found. It will undoubtedly lead 

to other research using the same or a similar approach to address new research questions.  

Strengths 
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There are several methodological strengths of this body of research. One strength 

of the research conducted herein is sample size. These studies included the largest 

samples of both participants and situations of any study examining this topic. Previous 

research examining the types of situations that people experience has primarily relied on 

undergraduate (e.g. Sherman et al., 2010, Sherman et al. 2015) or Amazon’s MTurk (e.g. 

Rauthmann et al. 2014) samples. The sample sizes gathered in traditional studies are 

limited by resources (e.g., participant compensation) and availability of participants (i.e., 

subject pool size). Furthermore, collecting this data is time consuming, both for the 

participants and for the researchers. These constraints place limits both on the number of 

participants that are recruited and the number of situations that are reported by each 

participant. Therefore, both the within and between subject power of the analyses are 

limited. Even when adequate statistical power is achieved, generalizability from student 

or MTurk samples to the general population is a concern.  

The studies presented in Chapters 2 and 3 were not subject to these limitations. In 

each case tens of millions of situations from tens of thousands of participants were 

analyzed. This allows for unprecedented statistical power in analyses at a between and 

within person level. Furthermore, these samples are also more likely to be representative 

of the general, because these studies do not rely on MTurk or subject pool samples. 

However, these studies still over represent younger adults.  

Another strength of this body of research is the replications of findings using two 

social media sites: Twitter and Facebook. Although there are some differences between 

Facebook and Twitter, for the most part, these findings are largely similar. Replication 

using these two different social media sites lends to the credibility of these findings.  
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Limitations 

However, these studies are not without limitation. The previous two studies have 

three weaknesses that limit the interpretation of their results. The first is the potential for 

method bias. Despite the accuracy of the approximated coder ratings, it is possible that 

these predictions were biased in a manner that could influence the analyses and produce 

spurious results. The effects of these method biases are reduced in three different ways: 

1) Two different social media sites are used, so language unique to a specific site (e.g., 

Hashtags) should not be influencing results across both sites. 2) Separate coder ratings 

are created for Twitter and Facebook, so biases in these ratings should not overlap. And 

3) two different measures of the DIAMONDS are used, so the item content should be 

comprehensive. These decisions were made to limit any biases in the ratings. 

Another potential limitation of these studies is the inability to disentangle 

different factors contributing to the trends that were found. This research was not able to 

parse out differences between construal and contact effects of situation experience (i.e. 

the degree to which these DIAMONDS scores reflect people seeing situations differently 

or actually being in different situations; Rauthmann, Sherman, & Funder, 2015). 

Situation characteristic scores were generated from statuses that were written by 

participants, who already perceived the situations they were describing. Therefore, it is 

impossible to determine the difference between what participants perceived and what 

actually happened.  

Further, no distinction is made based on the reasons that people experience 

different situations. Buss (1987) describes the different ways that people interact with 

their environments (situations). People enter situations for difference reasons. Sometimes 
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a situation is imposed on someone. Other times people choose to enter different 

situations. People also change their situations. Sometimes people unwittingly evoke 

different response from people in a given situation. Additionally, people sometimes 

manipulate the situations in which they find themselves. This research has no way of 

disentangling the impact of these forces on the situations that people share on social 

media. This limits the research in that it does not explain why people experience different 

situations.  

Similarly, these studies are limited by the fact that only situations that people 

actively chose to share on social media are analyzed. People necessarily do not share 

every situation that they encounter. They chose which ones to share on social media. This 

sampling method may only capture a specific subset of people’s lives. Further, it is also 

possible that people make up things to share in a dishonest manner for self-presentation 

or other motives. The shared situations people share may or may not be representative of 

their lives in general. Therefore, these studies are possibly influenced by a biased sample. 

Therefore, results must be interpreted within this context. Additionally, the decision to 

share or misrepresent certain situations may also be related to other variables that are 

examined, such as personality or gender. This means that our conclusions may be 

confounded by the fact that certain types of people may be more likely to share certain 

types of situations.  

Future Directions 

The listed limitations suggest that future research should be conducted using other 

methods of situation assessment. Researchers are encouraged to explore other methods of 

large scale situation assessment. Much like personality, which should be assessed through 
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multiple methods (e.g. self-reports, observer reports, behavior, etc.), situations should be 

assessed through multiple methods. For example, Brown and Sherman (in prep) assess 

situations using the American Time Use Survey, a national survey of over 10,000 

Americans. Analyzing situations assessed through multiple methods will help researchers 

get an ever clearer picture of what people experience in their daily lives.   

Another future direction is to assess situational experience in images. This method 

of experiential assessment is becoming possible through advances in image processing 

(e.g. Doherty et al., 2010) and computer based object recognition (e.g. Deng, Berg, Li & 

Fei-Fei, 2010). By developing a method of extracting the situational characteristics from 

a photograph, researchers could examine new archives of situations, such as photo 

albums, movies and image based social media sites such as Instagram. This would 

provide an even more detailed account of what people actually experience.  
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Table 1. Descriptive Statistics of Coder Ratings 
Characteristic Mean SD ICC Skew Min Max 
Duty .27 .59 .70 3.09 .00 4.00 
Intellect .16 .36 .44 3.20 .00 3.50 
Adversity .10 .27 .28 3.38 .00 2.75 
Mating .18 .49 .70 3.36 .00 3.75 
pOsitivity .73 .86 .65 1.07 .00 4.00 
Negativity .59 .82 .74 1.30 .00 3.75 
Deception .05 .23 .50 6.94 .00 3.50 
Sociality .93 .78 .42 .46 .00 3.75 

Note. Tweets=5000. NRaters/Tweet=4. Ratings on a 0-4 scale. 
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Table 2. Correlations between model predictions and validation data, Model R, Model RMSE on Training Models  
  Duty Intellect Adversity Mating pOsitivity Negativity Deception Sociality 

Model Features r R RMSE r  R  RMSE r R RMSE r R RMSE  r  R    RMSE r R  RMSE r R RMSE r R RMSE 

Linear Reg. LIWC & S8-LIWC .64 .62  .45 .29 .24    .37 .25  .24    .26 .40  .36    .47 .44  .40      .80 .52  .53      .71 .28  .33     .21 .55  .52      .67 

Random 
Forest 

LIWC & S8-LIWC .72  .69    .42 .33  .26    .36 .28  .28    .26 .43  .40    .46 .45  .44      .78 .55  .57      .68 .31  .22     .22 .61  .60      .62 

SVM LIWC & S8-LIWC .62  .58    .58 .28  .10    .38 .25  .10 .28 .38  .22    .51 .42  .39      .82 .52  .51      .75 .18  .32     .21 .55  .51      .69 

Linear Reg. Single words .63  .42    .72 .20  .10    .65 .25  .14    .45 .31  .28    .73 .32  .26    1.35 .41  .32    1.35 .31  .14     .31 .38  .26    1.19 

Random 
Forest 

Single words .73  .69    .42 .29  .20    .36 .29  .24    .26 .46  .44    .45 .48  .44      .78 .54  .55      .78 .36  .22     .22 .61  .59      .63 

SVM Single words .67  .55    .52 .18  .14 .46 .26  .17    .34 .37  .34    .52 .38  .35      .97 .48  .44      .87 .31  .17     .28 .44  .35      .91 

Note. r = correlations between scores predicted by the models build on the training dataset (Ntraining = 3750) and score for that tweet 
from raters on the hold out (validation) sample (Nholdout = 1250 Tweets). Model R  and RMSE are the average values of the out of 
sample cases for each of the 25 bootstrapped samples used to train each model on the training dataset. 
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Table 3. Model R and Model RMSE on Final Models  
  Duty Intellect Adversity Mating pOsitivity Negativity Deception Sociality 
Model Features R RMSE R RMSE R RMSE R RMSE R RMSE R RMSE R RMSE R RMSE 
Random Forest LIWC & S8-LIWC .69 .42 .28 .35 .28 .26 .41 .45 .45 .77 .57 .68 .32 .21 .60 .63 

Note. Model R and RMSE are the average values of the out of sample cases for each of the 25 bootstrapped samples used to train each 
model on the full dataset (N = 5000 statuses). 
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Table 4. Variable Importance of Word Categories in Final Model 
Duty Intellect Adversity Mating Positivity Negativity Deception Sociality 

Category INP Category  INP Category INP  Category INP Category INP Category INP Category INP  Category INP  
S8-Duty 337 Funct  11 NegEmo 7 Social 71 PosEmo 330 NegEmo 548 S8-Dec 38 ShoutOut 898  
Work 182 Sixltr  11 Anger 6 S8-Mating 66 Dic 106 Anger 186 Funct 8 Social 154  
Hashtags 142 Cogmech 10 Funct 6 Sexual 63 Funct 93 Negate 128 Dic 7 Funct 72 
Funct 75 WC  10 Pronoun 6 Ppron 40 Exclam 91 Funct 125 WC 6 Dic 71  
Comma 73 Dic  9 WC 5 Humans 37 Sixltr 89 ShoutOuts 101 Anger 5 Sixltr 65  
Preps 40 WPS  9 Affect 5 Pronoun 32 AllPct 85 Dic 80 WPS 5 Links 64  

Note. Variable importance is based on IncNodePurity (Liaw & Wiener, 2002). Abbreviations shown are names from the LIWC2007 
dictionary (Pennebaker, Booth, Francis 2007). 
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Table 5. Examples of highly rated Tweets: Duty, Intellect, Adversity, and Mating  
Duty 

• Work, work, work all day long. Punching that clock from dust to dawn! #moving 
#packing #lotsofboxes #hotandhumid #finallydone  

• I need to go home, work out and then go to bed. 
• Everyday: Get up, go to job, work, come home from job, go to 2nd job, work, 

come home, go to bed. #noexcitement #needpeopleinmylife         
• Big week!! #dialinWork #AMSfootball1stgame #3trainingsessions Need focus, 

patience & hard work.                                                             
Intellect 

• ’Success is not final. Failure is not fatal. The courage to continue is what counts.’ 
- Winston Churchill 

• Don't fear change. You may lose something good but you may also gain 
something great!! 

• The metaphysical energy of the sentient soul manifest as thoughts, judgment, 
memory, beliefs, outlook, attitude, habits, and emotions etc. 

• @SN I think most of the questions are more about solving problems or ideas.  
Superior critical thinking skills and problem manage  

Adversity 
• Youre too mean I dont like you fuck you anyway you make me wanna scream at 

the top of my lungs It hurts but I wont fight you you suck anyway                           
• do your parents ever tell at you for no reason and you just want to be like ‘I'm 

sorry... THAT YOURE A FUCKING BITCH LEAVE ME ALONE’                                                                                                                                                                                                                                                                                                                                                                             
• Your opinion of me doesn't matter to me you're a fuck up you stole from me you 

aren't shit. You're using me so you can have your shit right.                      
• Do you know how much I HATE YOU??!! It's so bad that I'd do anything to not 

be with you! Your a mean cruel bastard who only thinks of you!                       
Mating 

• I love you @SN I love you                                                                                                                                                                                                                                                                                                                                                                                            
• I love him thou                                                                                                                                                                                                                                                                                                                                                                                                           
• ‘@SN: I love you baby’ I love you too!                                                                                                                                                                                                                                                                                                                                                                                   
• “I love you. I love you so much. I love you.”                                                                                                                                                                                                                                                                                                       

Note. Screen names were replaced with “SN” to protect user privacy. Hyperlinks and 
special characters were removed. 
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Table 6. Examples of highly rated Tweets: pOsitivity, Negativity, Deception, and 
Sociality. 

pOsitivity 
• Enjoying Time With My Very Best Friends in NY!!☺☺.. Thank u @SN for the 

Best Thai Dinner!!! http://website                                                                                                                             
• Lolololol this is 2 funny m8                                                                                                                           
• Spent the day with Malik's family aka my second family ! I frfr love them my 

only friend where I love the family as much as I love my own!!                                                                                                              
• Love this! #cabiclothing #youarebeautiful http://website                                                                                                        

Negativity 
• Fuck I hate myself  
• Im fucking stressed as fuck holy fuck I'm too my fucking breaking point fuck this 

shit fuck you fuck school fuck my po fuck you dumb bitches 
• Fuck it fuck it fuck it fuck it I don't give a damn 
• I hate it I hate it I hate it I hate it I hate it I hate it I hate it I hate it I hate it I hate it 

I hate it I hate it I hate it I hate it 
Deception 

• Once a cheater, always a cheater. Nothing can change that. And if you cheat with 
a man that has a girl, you're a piece of shit too. 

• Not telling someone something is the same as lying to them. 
• Damn crazy how I can't even trust my own family                                                                                                                                                 
• @SN that's what they all say! LIAR!  

Sociality 
• @SN hello mr.      
• @SN hello mr.      
• @SN hi guys 
• @SN hey baby 

Note. Screen names were replaced with “SN” to protect user privacy. Hyperlinks and 
special characters were removed. 
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Table 7. Descriptive Statistics of Scoring Model Ratings of Tweets 
 Mean SD Skew Min Max 
Duty 0.19 0.18 2.78 0.00 2.47 
Intellect 0.15 0.06 0.54 0.02 0.97 
Adversity 0.08 0.05 1.04 0.00 0.48 
Mating 0.14 0.18 3.10 0.00 2.50 
Positivity 0.76 0.39 0.53 0.00 2.29 
Negativity 0.51 0.40 0.80 0.00 2.75 
Deception 0.04 0.08 8.83 0.00 1.89 
Sociality 0.94 0.45 0.53 0.03 2.47 

Note. Ratings predicted from Random Forest models based on word frequencies. 
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Table 8. Descriptive Statistics of Five Factor Personality Ratings 
Dimension Mean SD Median 
Openness 3.84 .68 3.94 
Conscientiousness 3.47 .74 3.50 
Extraversion 3.51 .81 3.50 
Agreeableness 3.58 .71 3.65 
Neuroticism 2.73 .80 2.75 

Note: Descriptive statistics shown for participants (N = 109,330; males = 45,201, 
females = 63,671, unknown = 460) who shared statuses and personality self-reports   
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Table 9. Descriptive Statistics of Coder Ratings 
 Mean SD Median Min Max ICC 
Duty .23 .51 .00 .00 3.50 .74 
Intellect  .16 .35 .00 .00 3.67 .65 
Adversity .04 .15 .00 .00 2.50 .55 
Mating .06 .23 .00 .00 2.92 .72 
Positivity 1.03 .95 .83 .00 6.67 .72 
Negativity .67 .88 .17 .00 4.00 .78 
Deception .03 .12 .00 .00 1.67 .37 
Sociality .42 .64 .08 .00 3.92 .79 

Note: Ratings on a 0-4 scale by 4 raters each. N = 4,691  
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Table 10. Model Performance Metrics 
 r    Training R Final R  
Duty .51 .47 .48 
Intellect .36 .37 .36 
Adversity .30 .26 .26 
Mating .33 .31 .32 
pOsitivity .62 .58 .60 
Negativity .59 .53 .54 
Deception .29 .23 .24 
Sociality .56 .54 .56 

Note: r is the correlation between the prediction values from the models build on the 
training data (Ntraining =3750 statuses) and the actual coder ratings on the validation 
sample (Nvalidation = 1250 statuses). Training R is the Model R value for the model built 
on the training data. Final R is the Model R for the model built on the complete set of 
coder ratings (Ncomplete = 5,000 statuses).  
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Table 11. Examples of highly rated Statuses: Duty, Intellect, Adversity, and Mating 
Duty 

• up by 6, class till 315 then off to gym then off to dinner at uncles , cuz from argentina 
came up. some where i need to fit errands and homework readings... miss my bed 

• I am running around like a 20 yr old. working, working out then studying whenever I can. 
I need to finish this course!! Good news I have lost another 4 lbs since back from WI. 
When I finally get legs thin enough for shorts I will be too white to go in pub 

• homework time :/ 
• MUST pack up room/sign contracts/sort out the water and do other such grown-up things 

today.  BORING. 
• class, hw, class, hw, class. till 9:30-6. FML. text meee 

Intellect 
• is feeling lazy today... I think the gym will wait until after Micro. I'll get some cleaning 

done and practice guitar first, then I HAVE to study Micro... been neglecting it. Doesn't 
matter how smart you are if you don't know the material. 

• has finished the rough draft for Essay #1.  Taking a short break then on to studying for the 
quiz tomorrow and test on Tuesday in Interpersonal Communication. 

• Moses and Aaron took their message to Pharaoh just as God directed. The unhappy result 
was harder work and more oppression for the Hebrews. Sometimes hardship comes as a 
result of obeying God. Are you following God but still suffering—or suffering even worse 
than before? If your life is miserable, don’t assume you have fallen out of God’s favor. 
You may be suffering for doing good in an evil world. ~Exodus 5:4-9(NLT) 

• If your mind is empty, it is always ready for anything; it is open to everything.  In the 
beginner's mind there are many possibilities; in the expert's mind there are few - Shunryu 
Suzuki 

• Tread not on the path of solitude, instead, risk all on the path of persistence. If you are 
met, still, by failure and solitude, remember that all effort was given for another chance to 
have that which was never forgotten, nor allowed to be let go of from 

Adversity 
• Bout to go get my boys in an hour. Sittin here laughin becuz all these peeps think they 

know what goes on inside my home when they really have no ideal. So keep running ur 
mouth bitches becuz u are the ones lookin like a damn fool NOT ME!!! 

• is thinking??????? im so srry if i made u guys mad bc im not talkin no more its to hard to 
deal with for rite now but ill bein to talk again soon!!!!!!!!!!!!!! so srry! my doggy is 
sleepin on my bed!!!! its so cute! 

• just got blamed for something gay 
• thinks she might cry ... "You are blocked from sending messages due to continued overuse 

of this feature Your failure to comply with an earlier warning has resulted in this block." 
effing flipping effing facebook ... whoever reported me is frigging dead : 

• So what if I'm a freak and a weirdo. You going to hold that against me? 
Bout to go get my boys in an hour. Sittin here laughin becuz all these peeps think they 
know what goes on inside my home when they really have no ideal. So keep running ur 
mouth bitches becuz u are the ones lookin like a damn fool NOT ME!!! 

Mating 
• Now she's strutting around in only a shirt and asking if this skirt makes her dick look too 

long... oh my god!!!! 
• misses my lover... craving his warmth... the feel of his skin under my hands... his rough 

hands and soft kisses... the way he looks at me... every single thing about him. And I hope 
he feels the same for me. 

• Give it to her rough, but treat her like a lady <3 
• is tired of her friend hookin up wit facebook guys...like really?...again with this? 
• Im in love with you, and its crushing my heart. 
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Table 12. Examples of highly rated Statuses: pOsitivity, Negativity, Deception, and 
Sociality  

pOsitivity 
• guess what nukkas!!!      I love the summer!!! I'm going to see my favorite band on the 

25th!!!! 
• has internet! wow!!!! 
• is excited!!!!! :P 
• Happy newyears every1! 2010 is here!!!!! 
• is HAPPY!!! ^_^ I just got back from shopping with Rachel, and it was AWESOME!!!! 

:D and it was at the MALL!!!! :D :D :D 
Negativity 

• Its going to be a hot one again today.. 100 degrees.. and I got to go to work.. now that 
SUCKS! 

• is ALREADY goin nuts and it ain't even noon yet!  DAMN KIDS!!! 
• Sometimes you just want to scream due to sheer annoyance... or kill someone... I prefer 

screaming... 
• is in so much mafucking pain that i dont think ima get outta bed. pop a couple of pain 

killers and go back to sleep 
• is soooo pissed off!!!!!!! 

Deception 
• i threw all ur stuff away,then i clear u out of ma head,i tear u ryt out of ma heart,and 

ignored all ur messages,i tell everyone we are through,cause im so much better without 
u,buh its jus another pretty lie,cause i break down,every tym u cum around,so.. 

• loves when people say "lets make plans" for the weekend then never actually call. 
• 's gonna TOTALLY SURPRISE her fiance for his birthday one day early!!! 
• u say u dont want to hurt me but u did anyways. u keep telling me u love me but y did u 

hurt me?! babe i meant everything i said and now i feel empty w/o u. wishing things 
would go right for once. i still love u Justin</3 

• Is mad at parents for consistently lying. 
• i threw all ur stuff away,then i clear u out of ma head,i tear u ryt out of ma heart,and 

ignored all ur messages,i tell everyone we are through,cause im so much better without 
u,buh its jus another pretty lie,cause i break down,every tym u cum around,so.. 
loves when people say "lets make plans" for the weekend then never actually call. 

Sociality 
• beaching it tomorrow with Cameron,Jaime,and Haley. super excited to spend sometime 

with the girls. Then later on my daddy and i are going to see Transformers 
• is going to the bar with mom :]] <3 
• is loving life!.....leaving in a few to go home and chill with the family..... 
• misses her friend. Come back April!!!!!! 
• Playing on the computer and spending time with my baby girl...Proud of you HUNTER 

and your allstar team for winning your tournament. Have fun at the beach...Mom loves 
you and be safe and careful...Love you 2 Ashley and Terry 

 

  



 

  68 

Table 13. Descriptive Statistics of Computer Ratings 
 Mean SD Median Min Max 
Duty .24 .26 .15 .00 2.7 
Intellect .18 .09 .16 .02 1.53 
Adversity  .05 .03 .04 .00 1.11 
Mating .07 .05 .06 .00 1.26 
Positivity 1.03 .54 .97 .00 4.48 
Negativity .70 .49 .60 .00 2.99 
Deception .03 .02 .02 .00 0.70 
Sociality .47 .36 .39 .00 2.99 

Note: N = 21,160,876 statuses from English speaking locales. 
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Table 14. Linear Models Predicting Situation Experience from Gender 
 B CI 
Duty -.011 [-.022, -.001] 
Intellect -.007 [-.018, -.003] 
Adversity .040 [.029, .050] 
Mating .313 [.303, .324] 
Positivity .410 [.400, .420] 
Negativity -.041 [-.052, -.031] 
Deception .062 [.051, .072] 
Sociality .347 [.337, .358] 

Note: B’s are standardized. They show the effect of being female compared to being 
male. N = 144,008. 
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Table 15. Linear Models Predicting Situation Experience From Population Density 

 
Urban 
Cluster  Rural Area  

 B CI B CI  
Duty .023 [-.005, .050] -.034 [-.058, .002] 
Intellect .107 [.079, .135] .072 [.036, .107] 
Adversity .170 [.143, .198] .160 [.124, .195] 
Mating .069 [.041, .096] .102 [.067, .138] 
Positivity .079 [.051, .107] .086 [.051, .121] 
Negativity .136 [.108, .163] .096 [.061, .131] 
Deception .047 [.020, .075] .102 [.067, .138] 
Sociality .118 [.091, .146] .157 [.121, .192] 

Note: Bs are standardized regression coefficients and show the change in each 
DIAMONDS dimension predicted from a change from an Urban Area to an Urban 
Cluster (or Rural Area). N = 46,554 participants (37,812 = Urban Areas, 5,832 = 
Urban Cluster, 3,360 = Rural; 19,588 = male, 27274 = female, 142 = unknown) 
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Table 16. Correlations Among Five Factor Personality Traits and Average 
DIAMONDS Dimensions  

 Agreeable Conscientious Extraverted Open Neurotic 
Duty .05 .12 -.01 .00 -.03 
Intellect .04 .09 -.03 .11 .00 
Adversity -.03 .00 -.01 .09 .06 
Mating .03 .03 .08 .03 .02 
Positivity .14 .14 .11 -.06 -.07 
Negativity -.08 -.08 -.04 .07 .09 
Deception -.02 .00 .00 .08 .04 
Sociality .08 .12 .08 -.01 -.01 

Note: This shows the correlations between personality and a Facebook user’s average 
DIAMONDS dimensions across all reported statuses (N = 109,330; males = 45,201, 
females = 63,671, unknown = 460 who shared statuses and personality self-reports).  

 



  

  

72	

Table 17. Linear Models Predicting Average Situation Experience from Personality  
  Agree Con  Ext  Open  Neu  
 B CI B CI B CI B CI B CI  
Duty .037 [.031, .044] .122 [.116, .129] -.034 [-.041, -.028] .001 [-.005, .007] .004 [-.003, .010] 
Intellect .033 [.027, .040] .102 [.096, .108] -.062 [-.068, -.056] .111 [.105, .117] .023 [.016, .029] 
Adversity -.015 [-.021, -.009] .014 [.007, .020] -.001 [-.007, .005] .090 [.084, .095] .060 [.054, .067] 
Mating .038 [.032, .045] .028 [.022, .035] .094 [.088, .101] .015 [.009, .021] .078 [.071, .085] 
pOsitivity .115 [.109, .121] .116 [.110, .122] .094 [.088, .100] -.077 [-.083, -.072] .033 [.027, .040] 
Negativity -.055 [-.061, -.049] -.050 [-.056, -.043] -.009 [-.015, -.003] .079 [.073, .085] .057 [.050, .063] 
Deception -.007 [-.014, -.001] .015 [.009, .022] .009 [.003, .015] .077 [.071, .083] .051 [.044, .058] 
Sociality .076 [.070, .082] .117 [.111, .123] .073 [.066, .079] -.020 [-.026, -.014] .071 [.065, .078] 

Note: Bs are standardized Regression weights with all five-factor traits simultaneously predicting the DIAMONDS dimensions (N = 
109,330). 
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Table 18. Linear Models Predicting Situation Experience from Relationship Status  
 B CI 
Duty .106 [.094, .119] 
Intellect .115 [.103, .128] 
Adversity .035 [.023, .047] 
Mating .185 [.173, .198] 
Positivity .244 [.232, .256] 
Negativity -.083 [-.095, -.071] 
Deception .041 [.029, .054] 
Sociality .304 [.292, .317] 

Note: B’s are standardized regression coefficients and show the change in each 
DIAMONDS dimension predicted from a change from ‘single’ to ‘in a relationship (N 
= 106,034; males = 42,835, females = 58,633, unknown = 301). 
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Table 19. Linear Models Predicting Situations Experience from Sexual Orientation 
  homo  bisexual 
 B CI B CI 
Duty .011 [-.046, .067] -.416 [-.449, -.382] 
Intellect .165 [.108, .222] -.094 [-.128, -.061] 
Adversity .113 [.056, .170] -.099 [-.133, -.065] 
Mating .120 [.063, .177] -.138 [-.172, -.104] 
Positivity -.121 [-.178, -.065] -.481 [-.515, -.448] 
Negativity .086 [.029, .143] -.205 [-.239, -.172] 
Deception .099 [.042, .156] -.073 [-.107, -.039] 
Sociality .089 [.032, .146] -.152 [-.186, -.118] 

Note: B’s are standardized regression coefficients and show the change in each 
DIAMONDS dimension predicted from a change from heterosexual to homosexual (or 
bisexual). N = 38,480 (males = 18,697, females = 19783). 
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Figure 1. Weekday Duty and Sociality Trends on Twitter  
 

 
Top: Mean Duty and Sociality scores for all Tweets for each minute averaged across 
weekdays (Monday-Thursday).  
Bottom: Mean Duty and Sociality scores for all Tweets for each minute over the course 
of a week (averaged across two weeks).  
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Figure 2. Weekly pOsitivity and Negativity on Twitter  

 
Top: General Additive Model smoothed line for the pOsitivity and Negativity of Tweets 
over the course of a week (averaged across two weeks). 
Bottom: Mean pOsitivity and Negativity scores of all Tweets and the General Additive 
Model smoothed line for the predicted scores of Positivity and Negativity over the course 
of a week (averaged across two weeks). 
  
  



  

  
77 

Figure 3. Gender Differences in Situation Experience on Twitter  

 
Top: Mean Duty scores for males and females on Tweets for each minute over the course 
of a week (averaged across two weeks). 
Middle: Mean Mating and Sociality scores for males and females on Tweets for each 
minute over the course of a week (averaged across two weeks).  
Bottom: Mean Positivity and Negativity scores for males and females on Tweets for each 
minute over the course of a week (averaged across two weeks).  
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Figure 4. Population Density Differences in Situation Experience on Twitter 

 
Note: Mean situation dimension scores for each minute by urban area classification code 
(C: Urban Cluster, R: Rural Area, U: Urban Area).  
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Figure 5. Average Situation Experiences by Time and Day 

 
Note: The average DIAMONDS dimension score for each minute of each weekday is 
shown along with the Generalized additive model smoothed lines for each weekday. (N = 
17,005,376 statuses, 118,462 participants who shared their location and statuses, males = 
49,316, females = 68,635, unknown = 511). 
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Figure 6. Average Situation Experiences by Time and Day 

 
Note: The average DIAMONDS dimension score for each minute of each weekday is 
shown along with the Generalized additive model smoothed lines for each weekday. (N = 
17,005,376 statuses, 118,462 participants who shared their location and statuses, males = 
49,316, females = 68,635, unknown = 511). 
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Figure 7.  Average Sociality Experience Predicted from Extraversion 

 
Note: Both Extraversion and Average Sociality are represented as Z-scores (N = 
109,330; males = 45,201, females = 63,671, unknown = 460 who shared statuses 
and personality self-reports) 
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APPENDICES

  



  

  
83 

Appendix A. S8-II: 
Please each item from 0 (not characteristic or unclear) to 4 (very characteristic).  
 
The situation contains … 
DUTY: Work, tasks, duties 
INT: Intellectual, aesthetic, profound things 
ADVERS: Threat, criticism, accusation*  
*(DIRECTED AT TWEETER OR OTHER; NOT TWEETER CRITICIZING 
OTHER) 
MAT: Romance, sexuality, love 
POS: Positive, pleasant, nice things 
NEG: Negative things, unpleasant things, bad feelings (e.g., stress, anxiety, guilt, 
etc.) 
DECEPT: Deceit, lie, dishonesty  
SOC: Communication, interaction, social relationships  

Note: P refers to the person tweeting. 
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Appendix B. S8* 
Please rate each Status on the scale 0 (very uncharacteristic / unclear) to 
4 (very characteristic)  
 
Duty 
DU3: A job needs to be done.  
DU4: Task-oriented thinking is required.  
DU5: The person posting this status has to fulfill his/her duties. 

Intellect 
I3: The Situation contains intellectual stimuli. 
I4: There is the opportunity to demonstrate intellectual capacities.  
I5: Information needs to be deeply processed. 
Adversity 
A3: The person posting this is being criticized. 
A4: The person posting this is  being blamed for something. 
A5: The person posting this is being threatened by someone or 
something. 
Mating 
M3: Potential sexual or romantic partners are present.  
M4: Physical attractiveness is relevant. 
M5: The situation is sexually charged. 
pOsitivity 
P3: The situation is pleasant. 
P4: The situation is playful. 
P5: The situation is joyous and exuberant. 
Negativity 
N3: The situation could elicit stress. 
N4: The situation could elicit feelings of tension.  
N5: The situation could entail frustration. 
Deception 
DE3: It is possible to deceive someone. 
DE4: Someone in this situation could be deceptive. 
DE5: Not dealing with others in an honest way is possible. 
Sociality 
S3: Close personal relationships are important or can develop.  
S4: Others show many communicative signals.  
S5: Communication with other people is important or desired. 
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