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Abstract:
The Facebook experiment of 2014 manipulated the contents of nearly 700,000 users’ News
Feeds to induce changes in their emotions. This experiment was widely criticized on ethical
grounds regarding informed consent. This controversy, however, diverted attention from a more
important concern the experiment was intended to address, which is the impact of Facebook use
on well-being. In this paper, I explore the well-being concerns raised by prior research and argue
that the experiment does not alleviate them, owing to poor research design. As the question of
Facebook’s impact on well-being is of great importance, both to Facebook and to society overall,
there is a pressing need for more experimental research that is both sensitive to informed consent
and carefully designed to yield reliable results. In turn, the lessons of this case have implications
for general issues of validity that emerge in Big Data research, now in vogue at major scientific venues.

This is the postprint manuscript in revised form following peer review and acceptance for
publication in Information, Communication & Society.

Introduction
In 2014, Facebook addressed the issue of well-being in a study entitled, ‘Experimental
evidence of massive-scale emotional contagion through social networks’ (Kramer, Guillory, &
Hancock, 2014). ‘The Facebook experiment’, as it is commonly known, sought to rebut concerns
raised by academic research suggesting that Facebook has a negative impact on well-being (pp.
8788, 8790). Though this intention was overshadowed by an outpour of concern from scholars
regarding the study’s ethics,1 the study is a prominent entry into the well-being discussion.
Coming from Facebook itself through one of the world’s most highly cited scientific journals,
Proceedings of the National Academy of Sciences,2 the study employs a ‘massive’ sample of
nearly 700,000 Facebook users, making it perhaps the largest study of Facebook and well-being
to date. As Facebook usage continues to grow (Rosenfeld, 2015), the mediating role Facebook
plays in our social relationships continues to increase in importance. Has the Facebook
experiment alleviated concerns that the company’s influence is not a positive one for society?
The study is also a prominent entry into a growing literature seeking to use large-scale
social media data (e.g. status updates) to understand the human experience. Researchers have
begun to use social media data to investigate everything from the happiness of nations (e.g.
Dodds, Harris, Kloumann, Bliss, & Danforth, 2011; Kramer, 2010; Mislove, Lehmann, Ahn,
Onnela, & Rosenquist, 2010) to workplace affect (De Choudhury & Counts, 2013) to human
circadian rhythms (Golder & Macy, 2011) to public opinion (Mitchell & Hitlin, 2013), and a
sizable sentiment analysis industry has emerged to facilitate research of this kind (Grimes, 2011).
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The controversy centred on the study’s lack of informed consent procedures. For reference, see Grimmelmann

(2014) or refer to the archived front page of Techmeme, a technology news aggregator, from June 29, 2014
(http://www.techmeme.com/140629/h1410).
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But critical questions remain about the validity of social media data for these uses and how the
social media data generating process affects what these data can teach us about the human
experience. The Facebook experiment’s use of social media data to assess well-being crystallizes
these questions.
Reflecting its growing popularity, scholars are devoting increasing attention to the
methodological issues of social media data and other large-scale data sets known as ‘Big Data’
(e.g. boyd & Crawford, 2012; Crawford, 2013; Lazer, Kennedy, King, & Vespignani, 2014;
Ruths & Pfeffer, 2014; Tufekci, 2014). Some issues, as Ruths and Pfeffer write in Science, ‘are
very basic (and long-studied) in the social sciences’, and include things such as inappropriate
extrapolation from non-random samples (2014, p. 1063). Other issues are more specific to the
way Big Data are generated, such as how an Internet service’s design affordances can introduce
patterns in data that should not be mistaken as naturally arising (p. 1063). Researchers may also
neglect shifts in language or user behaviour that can degrade the validity of a measure over time
(Lazer et al., 2014). Because issues like these arise in the Facebook experiment, it provides an
instructive case study of the general issues of validity that emerge in Big Data research.
This paper offers a detailed critique of the Facebook experiment to help researchers
interpret its findings in light of the well-being concerns and to demonstrate how issues of validity
in the use of large-scale social media data play out in a prominent case. I argue that researchers
should exercise caution in interpreting the study’s findings, for four major reasons: first, the
study’s experimental design may have low internal validity, due to simultaneous manipulation of
positive and negative emotions in News Feed; second, the use of Facebook posts to assess
subjects’ emotional reactions means the study’s finding of emotional contagion is
indistinguishable from similar-patterned alternative explanations like mimicry and conformity;
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third, the sentiment analysis package used to interpret the emotion in Facebook posts has
unknown validity for the emotions of interest; and fourth, the social and design contexts
influencing how Facebook posts are generated mean posts may have low validity for assessing
emotional outcomes, particularly the negative outcomes of concern in prior research.

A note about terminology
In this paper, the term ‘well-being’ refers to the concept of ‘subjective well-being’ or
‘happiness’ popular in the economics and positive psychology literatures, as well as to a broader
portfolio of related psychological outcomes such as self-esteem. In the literature, subjective wellbeing or happiness has two components: a person’s moment-to-moment emotional experiences
(positive and negative) and her evaluation of her life as a whole, known as ‘life satisfaction’ (e.g.
Diener, Oishi, & Lucas, 2009; Kahneman & Krueger, 2006). People with more positive and
fewer negative emotional experiences, and higher life satisfaction, are considered happier. In
turn, happiness is thought to promote a number of desirable outcomes, such as cardiovascular
health, employment, stable romantic relationships, creativity and cognitive flexibility, and prosocial behaviour like donating money and volunteering (e.g. De Neve, Diener, Tay, & Xuereb,
2013; Diener et al., 2009; Kahneman & Krueger, 2006). Happiness exists in a dynamic
relationship with many of these outcomes such that, for example, health, employment and
supportive relationships further promote happiness (e.g. Layard, Clark, & Senik, 2012).
Because the Facebook experiment discusses emotional reactions to News Feed content,
its results speak directly to emotional experience, the first component of happiness, but perhaps
only indirectly to life satisfaction, the second (the two are moderately correlated, see Kahneman
& Krueger, 2006). It also speaks only indirectly to the broader portfolio of well-being outcomes
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addressed in research on Facebook and well-being, given that these other measures are often
related to happiness but by varying degrees (e.g. Cohen, 2008). This lack of direct targeting of a
larger range of well-being outcomes is another important limitation of the study; therefore, one
recommendation for improving upon the Facebook experiment, noted below, is to include
additional measures.

Facebook and well-being
Amid the ethical controversy surrounding the experiment, Facebook twice attempted to
draw attention to the study’s claims about well-being. In his sole public statement about the
study, lead author Adam Kramer, a member of Facebook’s data science team, wrote:
The reason we did this research is because we care about the emotional impact of
Facebook and the people that use our product. We felt that it was important to investigate
the common worry that seeing friends post positive content leads to people feeling
negative or left out. ... And we found the exact opposite to what was then the
conventional wisdom: Seeing a certain kind of emotion (positive) encourages it rather
than suppresses is [sic]. (2014)
Mike Schroepfer, Facebook’s Chief Technology Officer, later reiterated Kramer’s statement
when he announced new ethical rules for research at the company (2014).
Deploying the theory of emotional contagion, which implies that like emotions cause like
emotions, co-authors Kramer, Guillory and Hancock (henceforth KGH) attempt to rebut
concerns that Facebook, particularly positive posts in News Feed, makes people feel negative. If
emotional contagion is the only phenomenon at work in News Feed, then positive posts should
cause people to feel positive, not negative. Indeed, the results of the study do appear to show that
positive posts cause people to feel positive and not negative and, conversely, that negative posts
cause people to feel negative and not positive (p. 8789). This result suggests that the emotional
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impact of News Feed has much to do with the people we connect to and the emotions they
express, and that connecting to happier people makes us happier, in line with reasoning in other
studies of emotional contagion (e.g. Fowler & Christakis, 2008). Further, if Facebook’s design
should somehow encourage people to post more of their positive feelings and fewer of their
negative feelings, then this positive skew in Facebook posts should redound to everyone’s
benefit and News Feed should only improve happiness.

An ‘alone together social comparison effect’?
In the Facebook experiment, KGH challenge a contrasting idea – that positive posts can
make people feel unhappy – which they call the ‘alone together social comparison effect’ (2014,
p. 8788), citing Sherry Turkle’s book Alone together (2011) and Leon Festinger’s foundational
work on social comparison (1954). Both the book and the theory of social comparison have
played significant roles in the scholarly debate about Facebook and in media coverage (e.g.
Copeland, 2011; ‘Get a life’, 2013; Konnikova, 2013; Marche, 2012; Wortham, 2011). In Alone
together, Turkle argues that technologies like Facebook enable a risk-averse way of
communicating by offering us a chance to edit and curate nearly everything we disclose to others
about ourselves and by making everything we disclose part of a permanent record. In this riskaverse mindset, we convey superficial portraits of our lives, expunged of messy but authentic
details that complete who we are. At the same time, technologies like Facebook offer a
convenience for staying in touch that reduces what we can expect from our friends (e.g. we now
expect to learn about friends’ major life events on Facebook, rather than from a personal phone
call; see Chapters 10, 13–14). Turkle argues that the superficiality and lowered expectations of
online friendships have prepared us for what she believes is a coming wave of robotic
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companions (Chapters 1–7), with whom there is truly only a veneer of connection (p. 17) and
with whom we will ultimately feel ‘utterly alone’ (p. 12).
The dynamics at the heart of Alone together and the Facebook experiment are closely
related, but because the Facebook experiment investigates the impact of receiving different
emotions in News Feed, while Alone together focuses on self-disclosure and convenience in
relationships, the experiment does not test Alone together well. On the other hand, the Facebook
experiment is better suited to test the concerns regarding social comparison, which centre on
what happens to our well-being when we constantly receive, in News Feed, the selective selfdisclosures Turkle details. An influential early study, ‘Misery has more company than people
think’, proposed that people tend to underestimate the prevalence of negative emotions and
overestimate the prevalence of positive emotions in others’ lives because of the way others
selectively hide their negative emotions in social interactions. We naturally compare ourselves to
this positively skewed image of our friends, the authors suggest, and feel more lonely and
dissatisfied with our own lives as a result (Jordan et al., 2011). Although the study itself concerns
social relations as a whole, the authors suggest Facebook exacerbates this positive skew in selfpresentation because of ‘the complete control that users have over the public image they project
to the world through their photo albums, status updates’, and so on (p. 133), echoing Turkle’s
portrayal (2011). In contrast to the reasoning provided by emotional contagion, the reasoning
offered by Jordan et al. suggests Facebook’s positive skew should worsen – not improve – wellbeing.
Social comparison provides a good basis for understanding why the ostensibly happy
photos, posts and self-portrayals of our friends on Facebook might make us feel unhappy,
particularly because the theory has been tested and extended by a range of research dating back

7

to Festinger’s original work (1954). Social comparison has been demonstrated to affect our wellbeing in many studies (e.g. Aspinwall & Taylor, 1993; Brown, Novick, Lord, & Richards, 1992;
Lin & Kulik, 2002; Lyubomirsky & Ross, 1997; Morse & Gergen, 1970; Salovey & Rodin,
1984; Wheeler & Miyake, 1992; Wood, 1989) and through a range of methods, including brain
imaging (Dohmen, Falk, Fliessbach, Sunde, & Weber, 2010) and socioeconomic surveys
(Hagerty, 2000). In fact, social comparison is often posited as the solution to what is known as
the ‘Easterlin Paradox’, which finds that while individual happiness increases with income, many
societies that get richer do not tend to get happier. This paradox may result because, as Layard,
Clark and Senik write in the UN World happiness report (2012), people in a growing economy
only get richer in absolute terms; on average, they do not become richer compared to others.
Surprisingly but consistently, evidence suggests that the happiness we receive from our own
incomes depends a great deal on the incomes of others around us.
Since the ‘Misery’ study by Jordan et al., further research has demonstrated social
comparison on Facebook and its potential to influence well-being (Fox & Moreland, 2015;
Haferkamp & Krämer, 2011; Krasnova, Wenninger, Widjaja, & Buxmann, 2013; Lee, 2014;
Panger, 2014; Tandoc, Ferrucci, & Duffy, 2015; Vogel, Rose, Roberts, & Eckles, 2014), as well
as gathered additional evidence on the overall impact of Facebook use on well-being (Kross et
al., 2013; Burke, 2011; Burke & Kraut, 2013; Hinsch & Sheldon, 2013; Przybylski, Murayama,
DeHaan, & Gladwell, 2013; Sagioglou & Greitemeyer, 2014; Verduyn et al., 2015), much of it
providing reason for concern. Krasnova et al., for example, suggest that the travel and leisure
photos our friends post are a particular source of envy for us (2013), while Vogel et al. find that
the number of Likes and comments on friends’ posts can induce social comparison (2014), made
worse perhaps by Facebook’s promotion of posts with many Likes and comments in News Feed
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(Backstrom, 2013). Other researchers might say Facebook facilitates a kind of social
transparency (Stuart, Dabbish, Kiesler, Kinnaird, & Kang, 2012) that enables us to see
depressing things like when friends are hanging out without us or when a recent ex has found
someone new, while still others suggest we find it difficult to stop using Facebook but also do
not find it particularly worthwhile, causing us to feel worse after an extended period of use
(Sagioglou & Greitemeyer, 2014).

Facebook as a set of experiences
Perhaps the most nuanced evidence to date about Facebook’s impact on well-being
comes from Moira Burke, another data scientist at Facebook, who pairs back-end usage data
from Facebook with longitudinal surveys of well-being. Burke’s research suggests that, rather
than look at Facebook as a single experience, we should treat it as a set of experiences each with
its own potential impact on well-being. Burke distinguishes between ‘directed communication’
or conversing one-on-one with others, ‘broadcasting’ or sharing posts widely with friends, and
‘passive consumption’ or browsing the News Feed and looking through other people’s profiles.
For directed communication, Burke finds that receiving composed directed communication (e.g.
written messages) is associated with a number of benefits for well-being, but receiving
convenient, one-click directed communication (e.g. Likes) has no detectable effect on wellbeing. She also finds that broadcasting posts to friends has few detectable well-being effects on
the broadcaster.3 In contrast, Burke finds that passive consumption is associated with a number
of negative well-being effects, including lower perceived social support, lower bridging social
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capital (feeling part of a broader community), and marginally lower positive affect, higher
depression and higher stress4 (Burke, 2011; Burke & Kraut, 2013).
Although the negative findings are not the focus of her work, Burke’s results confirm that
browsing the News Feed may be detrimental for well-being. Her work also appears to confirm
Turkle’s belief that the most convenient ways to connect such as Liking and broadcasting do not
convey benefits to well-being, while more effortful ways of connecting, like taking the time to
compose a message to a specific person, do. Further, Burke’s studies suggest a high ratio of
passive consumption to directed communication and broadcasting. Over a month, Burke’s
median subject received about 100 total directed messages, comments and Wall posts and
broadcasted fewer than 50 status updates, photos and other posts, but loaded News Feed nearly
800 times and viewed 140 profiles (Burke, Kraut, & Marlow, 2011). If passive consumption is
the dominant use, and it reduces wellbeing, then Facebook may reduce well-being overall.

Reassessing the Facebook experiment
The Facebook experiment arrives in this context, offering emotional contagion as a
‘contrast to theories that suggest viewing positive posts by friends on Facebook may somehow
affect us negatively, for example, via social comparison’ (KGH, 2014, p. 8790). Instead of
finding that positive posts make people feel ‘alone’, ‘left out’ or ‘depressed’ (2014), KGH find
that positive posts cause positive emotion. If true, these findings could substantially alleviate
concern that Facebook represents a threat to well-being. Significant limitations in the
4

To estimate effects, Burke uses a linear multilevel model with a lagged dependent variable. Though observational,

this model produces estimates that are less biased than cross-sectional models, ‘in effect controlling for an
individual’s previous level of the outcome variable (e.g. stress) and all of the unmeasurable factors that contribute to
it’ (Burke & Kraut, 2013, p. 1424).
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experiment’s research design prevent the study from alleviating concern, however. Below, I raise
and discuss four major limitations of the study and argue for caution in interpreting its findings.

Experimental design may have low internal validity
To test the hypothesis that emotional contagion rather than social comparison is at work
in News Feed, lead author Kramer selected nearly 700,000 English-speaking users at random and
assigned each of them to one of four groups (KGH, 2014). In the first group, he removed
between 10% and 90% of the positive posts they would have seen in their News Feeds over one
week, and in the second group he removed between 10% and 90% of negative posts they would
have seen. The third and fourth groups were control groups where he removed equivalent
numbers of posts at random.5 Kramer then took the subsequent posts produced by each group
during that week-long period and analysed how positive or negative they became in their own
expressions as a result.
In line with emotional contagion operating in reverse, the authors expected to see subjects
who had positive posts removed become less positive and more negative in their own posts,
while those who had negative posts removed were expected to become less negative and more
positive, compared to control groups. Indeed, this is the precise pattern the authors find, though
the effects are quite small. The estimated percentage changes in subjects’ subsequent emotions
are all 0.1% or less (not 10% or 1%, but 0.1%), with Cohen’s d ranging from 0.001 to 0.02
(KGH, 2014).
5

KGH provide no further information about the average or distribution of the percentage of posts removed from

News Feed. They maintained two control groups because positive and negative posts occur at different rates in
News Feed and thus removing a given percentage of posts involves removing a different number in the positive
experimental and control groups than the negative experimental and control groups.
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A significant problem with this experimental design relates to its internal validity.
Although KGH seem to believe that removing one kind of emotion from News Feed (e.g.
positive posts) has no effect on the proportion of the other emotion in News Feed (e.g. negative
posts), in fact removing one may shift the proportion of the other. This means the experiment’s
results unfortunately may reflect the causal effects of both emotions acting in News Feed at once,
which presents a significant problem for the study’s internal validity. Note that one alternative to
KGH’s claim that emotional contagion rather than social comparison may occur for people when
they browse News Feed is that both emotional contagion and social comparison may occur,
along with other possible emotional dynamics. If both emotional contagion and social
comparison are at work, then positive posts in News Feed may at times cause positive emotions,
and at other times cause negative emotions (e.g. sadness, envy). Similarly, it is possible that
negative posts, too, cause a mix of positive emotions (e.g. compassion, schadenfreude) and
negative emotions, depending on the context.
Because of the possibility that positive and negative posts may both cause a mix of
positive and negative emotions, it was crucial that KGH shift the proportion of only one emotion
in News Feed at a time while holding the other constant so that the independent effects of each
emotion could be measured. Unfortunately, it is quite possible that they did not. To illustrate this
for the removal of positive posts, note that KGH classify roughly 46% of posts in News Feed as
positive and 22% as negative (p. 8789), leaving roughly 32% of posts classified as neutral or
other. In a News Feed with 100 posts, for example, removing half of the positive posts leaves us
with 77 total posts, now 23 of which are positive, 22 negative, and 32 neutral or other. Removing
half of the positive posts does reduce their proportion in News Feed, from 46% to 30%, but
unfortunately also increases the proportion of negative posts, from 22% to 29%. Removing about
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six additional negative posts or replacing positive posts with neutral posts would hold the
proportion of negative posts constant.6
If KGH had avoided shifting both emotions in News Feed at once, we might have
observed subjects in the positive post removal group become both less positive and less negative
owing to reduced positive emotional contagion and reduced social comparison. Instead, because
negative posts may have been allowed to increase in proportion, we see subjects become less
positive but more negative. Is this increase rather than decrease in subjects’ negative posts a sign
that social comparison does not happen? Unfortunately, although answering the question of

6

In this scenario, negative posts increase in proportion when any percentage (greater than zero) of positive posts is

removed. This is demonstrated mathematically by solving the following equation for x, which represents the
percentage of positive posts removed:
0.224
− 0.224 > 0
1 − 𝑥 0.468 + 0.224 + 0.308
The values 0.468, 0.224 and 0.308 stand for the exact percentages of positive, negative and neutral posts,
respectively, rather than the rough percentages used in the example above. A similar exercise demonstrates that
positive posts increase in proportion when any percentage greater than zero of negative posts is removed. Note that
this scenario does not account for the possibility that some posts may be classified as containing both positive and
negative emotion, and thus may be removed in either experimental condition. This possibility is not discussed in the
Facebook experiment but was acknowledged in an email from Kramer, who did not know the percentage of posts
that received this dual classification (personal communication, 23 June 2015). Because posts may be both positive
and negative, removing one emotion from News Feed may actually decrease the proportion of the other, rather than
increase it, if a large enough percentage of posts receive dual classification. However, because removing one
emotion from News Feed resulted in subjects producing more of the other, I proceed under the assumption that the
other likely also increased in proportion in News Feed. It is possible that, by chance, the percentage of posts
receiving dual classification is exactly the percentage needed to hold one emotion constant in News Feed when the
other is reduced, but this does not seem likely.
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whether positive posts might ‘somehow affect us negatively’ was a key motivation (KGH, 2014,
p. 8790; Kramer, 2014; Schroepfer, 2014), the experiment as designed is unable to answer this
question. It is possible, for example, that any reduction in negative posts due to reduced social
comparison as well as any increase in negative posts due to increased negative emotional
contagion are both much larger than the <0.1% overall difference reported, but that they cancel
out to this small result. Note that this cancelling out may occur for subjects’ positive posts in this
same experimental group as well. When positive posts are reduced in News Feed while negative
posts are allowed to increase, we see subjects’ subsequent positive posts decrease overall by
0.1%. However, we are unable to see if subjects’ positive posts actually increase – due to more
negative posts in News Feed causing more positive posts – only to be cancelled out by a
reduction in subjects’ positive posts due to less positive emotional contagion. Because of this
internal validity problem alone, it is difficult to determine what the Facebook experiment
contributes to our knowledge of the relationship between Facebook and well-being.

Contagion indistinguishable from other sociobehavioural phenomena
KGH appear to be unaware of this potential internal validity problem when they call
attention to a ‘cross-emotional encouragement effect’ (2014, p. 8790) in the process of
addressing a second problem of their research design, which is the difficulty of distinguishing
emotional contagion from similar-patterned sociobehavioural phenomena like mimicry and
conformity in their data. Indeed, many studies using social media data may find it difficult to
distinguish what people genuinely feel from what they say or do in the social context of social
media. For example, we often mimic others in social situations to express our affinity for them
(e.g. van Baaren, Janssen, Chartrand, & Dijksterhuis, 2009), and we often feel pressured to
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conform (Asch, 1952; Berns et al., 2005; Zimmerman, 2014). Because both mimicry and
conformity would produce the same ‘like causes like’ pattern as emotional contagion when KGH
alter emotions in News Feed, they offer observationally equivalent explanations.
This inability to distinguish emotional contagion from other sociobehavioural phenomena
is an important limitation because it implies the happiness expressed by others in News Feed
may not actually transfer to us. Seemingly unaware that they may alter the proportions of both
emotions at once in each experimental group, KGH argue that mimicry cannot account for the
full pattern of results. Specifically, they argue that mimicry cannot account for the ‘crossemotional encouragement effect’, wherein the removal of one emotion from News Feed results
in subjects producing more posts of the opposite emotion (2014, p. 8790). The ‘cross-emotional
encouragement effect’ for the removal of positive posts from News Feed, for example, is
subjects’ subsequent production of more negative posts, which KGH argue cannot be the result
of mimicry presumably because people cannot mimic what they do not see. However, I have
shown that when KGH remove positive posts from News Feed, they may also allow negative
posts to increase in proportion, which means the increase in subjects’ production of negative
posts can be explained by mimicry, as well as conformity. This is an important limitation.7

7

Though KGH argue that mimicry cannot account for the ‘cross-emotional encouragement effect’, they do not

explain what can or why the effect is happening absent an internal validity problem. Elsewhere, the authors argue
for the independence of positive and negative emotion, stating that ‘positivity and negativity were evaluated
separately given evidence that they are not simply opposite ends of the same spectrum. Indeed, negative and positive
word use scarcely correlated’ (2014, p. 8789). If positive and negative emotion operate independently, then there is
no a priori reason to believe less of one in News Feed should cause more of the other in subjects’ posts. Again, a
plausible explanation for this is the internal validity problem. However, even if positive and negative emotion are
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To overcome the above two limitations of the Facebook experiment in future related
work, researchers should ensure they hold the proportion of one emotion constant while
adjusting the other, and should employ other methods that better distinguish how subjects feel
from what they say or do in social situations. I discuss one such method, experience sampling,
below.

Sentiment analysis package has unknown validity for emotions of interest
In the Facebook experiment, KGH (2014) use Facebook posts as both cause and
consequence; they first manipulate the proportions of positive and negative posts in News Feed
to cause changes in subjects’ emotions, and then assess those emotions using subjects’ own
subsequent Facebook posts. However, Facebook posts are composed of text, photos and other
elements and at the time of the study do not include a mood assessment.8 KGH therefore use a
sentiment analysis package known as Linguistic Inquiry and Word Count (LIWC) to assign
Facebook posts an emotional value. LIWC, last updated in 2007, takes in text and outputs
measures of four emotions (positive emotion, anxiety, anger and sadness), along with other
linguistic measures (http://www.liwc.net). LIWC is a word count technique, which means it
outputs the percentage of words in a given text that have been designated as markers of each
emotion or word category. Using LIWC, KGH classified posts in News Feed as positive or
negative when ‘they contained at least one positive or negative word’ (2014, p. 8789). To
measure how positive or negative subjects subsequently became in their own posts, the authors

dependent, and less of one generally implies more of the other, then there is also no reason, and none is offered, why
mimicry and conformity would not also show this dependent relationship.
8

Facebook posts do now have a simple optional mood indicator, however (see Constine, 2013).
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took the percentage of each subject’s words that were positive and negative and averaged those
percentages across all subjects in each experimental group.
Though LIWC is widely used in academic research for sentiment analysis, it is
surprisingly difficult to find evidence regarding its validity as a measure of emotion in Facebook
posts or other social media. Traditionally, academics provide evidence of validity for the
measures they use, meaning, among other things, they show those measures have a connection to
some ‘ground truth’. The Satisfaction With Life Scale, for example, is a self-reported measure of
happiness that correlates well with a number of ‘ground truth’ indicators such as how often you
smile and the level of stress hormones in your blood (Diener, Emmons, Larsen, & Griffin, 1985;
Kahneman & Krueger, 2006). Computer scientists using supervised machine learning, too,
normally provide evidence of validity (Davis & Goadrich, 2006).
When KGH claim that LIWC ‘correlates with self-reported and physiological measures
of well-being’ (p. 8789), they cite three studies. Unfortunately, in the first, Guillory, Hancock
and co-authors find that LIWC actually cannot tell the difference between groups sharing
negative vs. neutral emotions in text chat (‘there were not differences in use of negative emotion
words between groups’, p. 747 in Guillory et al., 2011). In the second, Golder and Macy (2011)
explore what LIWC analysis of tweets might tell us about human circadian rhythms, but they
provide no validation evidence and, in a supplemental, go into detail about their study’s
limitations. In the third, Kramer (2012) explores emotional contagion in social media without
validating LIWC but mentions an earlier study (Kramer, 2010) in which he finds LIWC has a
low but significant correlation with Satisfaction With Life (r = .17).9 While a significant result

9

Kramer (2010) correlates scores on the Satisfaction With Life scale with LIWC analysis of an average of 244

status updates per subject (n = 1341 subjects).
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there suggests KGH are not completely off-base for using LIWC, a low correlation with
Satisfaction With Life does not constitute validation for emotional experiences, which are the
subject of the Facebook experiment and are conceptually distinct (e.g. Kahneman & Krueger,
2006). In addition, while Kramer (2010) combines and normalizes all of LIWC’s emotion
measures to derive the correlation with Satisfaction With Life, KGH (2014) compare LIWC’s
outputs for positive and negative emotion separately, without validating them as separate
measures.
There are a number of reasons to be sceptical that LIWC is a good fit for social media or,
especially, this particular study. A first concern is that while LIWC has a measure for sadness,
which should provide coverage for the lonely and depressed feelings KGH (2014) and Jordan et
al. (2011) believe are a result of social comparison, it does not have a measure for envy or
jealousy, thought to be the other major result (e.g. Krasnova et al., 2013; Tandoc et al., 2015).
Without further evidence, it is difficult to assume LIWC can detect envy or, thus, that the
Facebook experiment can speak to envy. LIWC was also developed and validated for the
analysis of long form writing rather than short Facebook posts, which may impact its validity,
particularly when the authors note that a post may receive a classification on the basis of a single
emotion word (p. 8789). Third, the 915 emotion words in the LIWC dictionary
(http://www.liwc.net/descriptiontable1.php) were selected not from language people are likely to
use on Facebook but rather from reference materials like psychological assessments
(Pennebaker, Chung, Ireland, Gonzales, & Booth, 2007). Finally, LIWC requires discarding
everything about a post except its plain text, meaning it loses potentially valuable emotional
signals, like emoticons or smiling in photographs (Abdullah, Murnane, Costa, & Choudhury,
2015; Paltoglou & Thelwall, 2012).
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In a broader review of LIWC in studies of social media and other computer-mediated
communication, I found that even when high-level evidence of validity is presented, the results
are mixed. LIWC appears to be consistently too positive in its ratings, for example, labelling the
conversation in social media around the H1N1 disease outbreak as positive overall (Gonçalves &
Araújo, 2013). Similarly, in a study of instant messaging, LIWC judges that participants
expressing sadness are still positive overall (Hancock, Landrigan, & Silver, 2007). LIWC may
perform well in combination with other techniques (Kivran-Swaine & Naaman, 2011; Paltoglou
& Thelwall, 2012) but, alone, appears far inferior to a number of machine learning techniques
(Tepper, Benerjee., Banerjee, Tepper, & Sapiro, 2012). Further, there is scant evidence
comparing LIWC’s validity for positive vs. negative emotion, or showing its performance for
specific emotions underneath the umbrellas of positive and negative emotion, such as sadness or
envy. Uneven validity makes it difficult to compare emotional outcomes to one another as KGH
do.
The point of this discussion is not to imply that studies using LIWC have no merit, but
that without evidence showing to what extent LIWC captures the emotions of interest in the
linguistic contexts of interest, it is impossible to evaluate findings, particularly in comparison to
those of other psychological studies. This evidence is especially needed in the Facebook
experiment, where LIWC’s low validity would be multiplicative given that KGH use LIWC both
to classify posts for removal from News Feed and to measure the emotion in subjects’
subsequent expressions. Low validity or low correlations between LIWC’s outputs and the
emotions in posts, of course, would likely bias effect size estimates towards zero, which may be
another major reason KGH find such small effects. But while KGH spend several sentences
attempting to contextualize the study’s very small effect sizes (e.g. ‘given the massive scale of
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social networks such as Facebook, even small effects can have large aggregated consequences’
p. 8790), unfortunately, they spend no time discussing the role LIWC and other aspects of their
overall research design may play in generating those estimates. In this light, the study’s massive
sample size looks less like a virtue and more like a way to compensate for low validity.
For the first step of classifying posts for removal from News Feed, barring further
evidence demonstrating LIWC’s validity, an improvement upon LIWC would be to employ
supervised machine learning with Facebook posts. Because Facebook now allows users to label
their own posts with a particular mood, as noted above, Facebook’s researchers may already
have a simple means of obtaining labelled data for training a new classifier. However, to
minimize bias, researchers should make the mood indicator a required part of posting for a
random sample of users, and private, as part of a study involving informed consent. In training a
new classifier, researchers can also incorporate additional emotional signals or features of
Facebook posts, like emoticons or facial expressions in photographs (e.g. Abdullah et al., 2015;
Paltoglou & Thelwall, 2012). For the second step of measuring subjects’ subsequent emotional
responses to the contents of their News Feeds, I recommend replacing LIWC, sentiment analysis
and Facebook posts altogether in favour of experience sampling, which I describe in the next
section.

Facebook posts have unknown validity for assessing the emotional impact of News Feed
For researchers hoping to use Big Data to understand the human experience, the previous
discussion highlights an important limitation: when the research requires a significant data
transformation step such as sentiment analysis, that step may bias estimates, often towards zero,
and perhaps for some outcomes of interest more than others. Even if some amount of bias is
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unavoidable in the data transformation step, Big Data researchers should help readers anticipate
the impact it may have on findings.
A similar level of scrutiny and discussion is needed for the underlying data itself. Indeed,
a key question for the Facebook experiment is whether Facebook posts are a valid and
appropriate measure of the emotional impact of News Feed. Very simple situational factors could
influence validity, such as whether people generally spend time on News Feed before posting, or
whether they often post first. If people tend to post first and then look at News Feed, then posts
may not have high validity as a measure of News Feed’s emotional impact.
A look at the design and social psychological contexts in which the data are generated is
also needed. Simple design factors like Facebook’s affordance for easily resharing others’
posts,10 for example, could mean posts better represent emotionally congruent reactions than
emotionally incongruent reactions. The resulting pattern in the data could then make emotional
contagion (or, again, mimicry or conformity) appear to be the dominant phenomenon, whether or
not this is true. Simple social psychological biases could also make some patterns in the data
more likely than others. For example, researchers have found that people are more likely to share
information with others on the Internet when they are emotionally aroused (Berger, 2011; Berger
& Milkman, 2012). Because of this arousal bias, Facebook posts may have greater validity for
high-arousal emotional consequences like excitement and outrage than for lowarousal outcomes
like peacefulness or sadness. Differences in validity could therefore bias some estimates like
sadness closer to zero than others like anger which, again, makes it difficult to compare
emotional outcomes. It means, for example, that a reduction in sadness following the removal of
positive posts in News Feed could be easily washed out by an increase in high-arousal anger or

10

Such a resharing button was likely present when the study was conducted (e.g. see video in Tow, 2011).
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anxiety due to the simultaneous increase in negative posts in News Feed, which is discussed as a
possibility above.
Perhaps the most important question for KGH is whether it is appropriate to employ
Facebook posts to rebut emotional outcomes of Facebook use that people may be reluctant to
share on Facebook. In their study of envy on Facebook, for example, Krasnova et al. (2013) find
people are loath to admit to feeling envious, which the authors suggest is due to social stigma
against envy. Pairing this reluctance to share certain feelings like envy with the ‘complete
control’ Jordan et al. (2011) believe Facebook offers over self-disclosure suggests it may not be
valid to use Facebook posts to determine the emotional consequences of News Feed.
As the works of Jordan et al. (2011) and Turkle (2011) highlight, issues of self-disclosure
and self-presentation are a pillar of social media research precisely because of the unprecedented
means social networks offer us to control what we say and how we present ourselves to others.
On Facebook, we can edit what we say before we say it, upload just the photos that are flattering
and untag those that are unflattering. Social media researchers often cite the work of sociologist
Erving Goffman, who likens social interactions to theatrical performances where, in the presence
of an audience, we take great pains to leave the right impression and to play the character we
desire others to believe we are (1956). Within this theoretical perspective, it is a given that
people may withhold feelings like envy or sadness that undermine the positive impression they
wish to foster, and with Facebook they are more empowered to do so. At the same time that
social networks like Facebook offer us greater means to control how we present ourselves to
others, they may also make it more necessary to exercise this control because of the sheer
number of people we must try to speak to at once – friends, parents, co-workers, classmates,
acquaintances and so on – when we post. Among Goffman’s insights is that we present ourselves
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differently to the different audiences in our lives and that embarrassments occur when we play
the wrong character with the wrong audience. Thus, ‘seamen, whose home away from home is
rigorously he-man’, Goffman explains colorfully, ‘tell stories of coming back home and
inadvertently asking mother to “pass the f-cking butter”’ (1956, p. 8). However, whereas in
typical offline situations we have a defined audience and can tailor our self-presentation
accordingly, in social media the norm is to broadcast our posts to all audiences at once, leading
to what social media researchers refer to as ‘context collapse’ (e.g. boyd, 2014, pp. 31–33, 47–
53). Thus, to manage our self-presentation and avoid embarrassments under conditions of
context collapse, ‘types of conversation, which cannot be shared among’ audiences, Goffman
writes, ‘will be laid aside’ (1956, p. 85; see also boyd, 2014, p. 33). In other words, the response
to context collapse is often to withhold.
Given these dynamics, then, it is perhaps unsurprising that self-censorship is a
widespread phenomenon on Facebook. In a study involving the observation of a random sample
of millions of Facebook users, Das and Kramer find that about 33% of posts are censored at the
last minute (2013). That is, people begin to type a post (at least five characters) but then decide
to delete it. If we censor fully a third of what we want to express at the last minute, it is not hard
to imagine we censor quite a bit more before we reach for the keyboard. Confirming the potency
of context collapse, the co-authors also find that Facebook users with a greater number of distinct
friend communities or audiences censor themselves at the last minute more often (p. 125).
The prevalence of self-censorship on Facebook should raise significant doubts about the
validity of Facebook posts, particularly given the likelihood that self-censorship is not randomly
distributed among emotions or emotional responses to News Feed content. Unfortunately,
however, KGH do not discuss self-censorship or any other social dynamic save mimicry which,
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as I show above, they fail to dismiss. Together, the many unacknowledged social, psychological
and design factors that affect why we post and why we do not are a fourth major limitation of the
Facebook experiment.
A practical way to improve upon Facebook posts and LIWC as a measure of the
emotional consequences of News Feed would be to use a different method known as experience
sampling (Csikszentmihalyi & Larson, 1987; Hektner, Schmidt, & Csikszentmihalyi, 2007),
considered by some to be the ‘gold standard’ for assessing emotional experiences, which play a
key role in happiness (e.g. Kahneman, Krueger, Schkade, Schwarz, & Stone, 2004). Experience
sampling involves interrupting people at random times as they go about their lives to ask how
they are feeling or what they are doing in the moment, and could be used by future researchers to
gauge what users are feeling as they browse News Feed. A pop-up with a mood assessment
including specific emotions of interest should suffice. Experience sampling, as part of a study
involving informed consent, is more likely to encourage open and honest self-disclosure because
it is private and confidential, insulated from the demands of the social context. Because it is
private, experience sampling is also less subject to sociobehavioural phenomena like mimicry
and conformity. Further, because it is solicited randomly in time, experience sampling is less
likely to involve momentary selection biases like arousal bias. Of course, there are trade-offs
involved in any study in which subjects participate voluntarily, including the fact that people
who participate may be different (e.g. have more agreeable personalities) than those who do not
and perhaps in a way that is relevant to outcomes. The interruptions specifically involved in
experience sampling can also be intrusive, leading to non-response and attrition issues, though
with a large sample size relatively few interruptions would be necessary.11 However, the trade-
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For more on these trade-offs and how they are typically addressed, see Hektner et al. (2007, especially pages 50–58).
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offs involved are likely worth the reduction in relevant biases achieved through the method’s
confidentiality, random solicitation and, arguably, use of self-report measures, which remain the
best way to access the ‘subjective’ quality of subjective well-being (Hektner et al., 2007, p. 10;
Scollon, Prieto, & Diener, 2009, p. 171). Given concern about special reluctance to report envy
even in private (Krasnova et al., 2013), researchers may consider taking additional steps to
encourage openness, such as using a list experiment (Antin & Shaw, 2012).
Data from experience sampling, along with a better classification and removal procedure
for posts in News Feed, should reduce bias in estimated effect sizes, distinguish emotional
outcomes from sociobehavioural phenomena like mimicry and conformity, and help researchers
get closer to understanding the real momentary emotional consequences of News Feed. Because
well-being is more than momentary emotions, however, researchers should also employ some of
the validated well-being measures used in Burke’s work on Facebook and well-being, such as
satisfaction with life, social support and loneliness (2011), which assess some of the longer-term
conclusions people draw about their lives.

Discussion and conclusion
Even if researchers make all of these improvements, the scholarly discussion about
Facebook, News Feed and well-being will continue. The emotional content of posts may not be
the chief vector for social comparison in News Feed and social comparison may not be the chief
reason why features like News Feed may be detrimental to well-being. More experiments are
needed that are both sensitive to informed consent and carefully designed to yield reliable
results, for example, with a subject pool that has consented to have their usage of Facebook
features limited and aspects of their Facebook experience modified, say for a month, so that
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researchers can assess the well-being impact of those interventions via experience sampling12
and validated scales. What impact does taking a month-long break from News Feed have on
well-being? What happens when we remove Like and comment counts (e.g. Dewey, 2014)?
What does a News Feed optimized for well-being look like? Of course, Facebook researchers
and their academic collaborators are best positioned to improve upon the Facebook experiment
and to answer many questions like these, given their privileged access to the data and inner
workings of Facebook. But will those with critical perspectives gain access? If not, how does
that affect the research landscape? Indeed, some believe the rise of Big Data is creating a
‘divided’ research community, between those with inside access to platforms and those without
(Ruths & Pfeffer, 2014, p. 1063).
In the end, the Facebook experiment reminds us that we have only begun to grapple with
the many complexities of research involving Big Data – not just ethical complexities, but also
methodological complexities. Big numbers are impressive. The scale of data coming from
services like Facebook is exciting, and data transformations involved in Big Data research, like
sentiment analysis, seem magical. As many practitioners understand well, and as others have
noted (e.g. Crawford, 2013), however, they are not magic, and data do not automatically become
better suited to answer research questions just because they are abundant.
In some ways, the era of Big Data has turned classic biases of judgement upside down.
While Nobel laureate Daniel Kahneman and his colleague Amos Tversky once worried about
how ‘sample size neglect’ was causing researchers to over-extrapolate findings from small
samples (Tversky & Kahneman, 1974), today we might worry about giving sample size too

12

Mobile push notifications would actually enable researchers to solicit mood reports throughout the day, on or off

Facebook, providing a more complete view over time of the emotional impact of experimental interventions.
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much weight. ‘Domain knowledge neglect’ or ‘research design neglect’ may be the greater
threats in the Big Data era. Pre-specified sentiment analysis techniques like LIWC may be
convenient but may not adapt well to social media, especially as language and expression evolve
with those media. Facebook posts, too, while abundant, may have significant biases owing to the
fact that they occur in design and social contexts which place limits on what they can tell us
about the true emotional consequences of News Feed. While the well-being discussion continues,
let us take advantage of exciting new sources of data without engaging in magical thinking.
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