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Computational Social Science

0

Social Science with

Data

— Structured data

1 )

— Unstructured data

Science tools

each column a variable

In tidy data:

« each variable forms a column id name |color
. floof gray

« each observation forms a row max  black
cat orange

«each cell is a single measurement donut aray

merlin black
panda calico

O3 rwih— QO

Wickham, H. (2014). Tidy Data. Journal of Statistical Software 59 (10). DOI: 10.18637/jss.v059.i10

e Text (from Documents, Web, SNS)
* |Image (from Documents, Web, SNS)
e Relational DB (Bigdata DB, open API etc. )
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Social Science with Data|Science[tools

e Import & Crawling Techniaue
. iaue
* Pre-processing TechniaV
. . . jgue
e Visualization Tech®

e Analysis & machine learning Science
e Modelling

 Parameter tunning & Validation

e Prediction Techniau®

__ gcience
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Emotional states can be transferred to others via emotional
contagion, leading people to experience the same emotions
without their awareness. Emotional gion is well established
in laboratory experiments, with people transferring positive and
negative emotions to others. Data from a large real-world social
network, collected over a 20-y period suggests that longer-lasting
moods (e.g., depression, happiness) can be transferred through
networks [Fowler JH, Christakis NA (2008) BMJ 337:a2338], al-
though the results are controversial. In an experiment with people
who use Facebook, we test whether emotional contagion occurs
outside of in-person interaction between individuals by reducing
the amount of emotional content in the News Feed. When positive
expressions were reduced, people produced fewer positive posts
and more negative posts; when negative expressions were re-
duced, the opposite pattern occurred. These results indicate that
emotions expressed by others on Facebook influence our own
emotions, constituting experimental evidence for massive-scale
contagion via social networks. This work also suggests that, in
contrast to prevailing assumptions, in-person interaction and non-
verbal cues are not strictly necessary for emotional contagion, and
that the observation of others’ positive experiences constitutes
a positive experience for people.

computer-mediated communication | social media | big data

Experimental evidence of massive-scale emotional
contagion through social networks

Adam D. I. Kramer®', Jamie E. Guillory®?, and Jeffrey T. Hancock®*

*Core Data Science Team, Facebook, Inc, Menlo Park, CA 94025; and Departments of "Communication and “Information Science, Cornell University, Ithaca,

Edited by Susan T. Fiske, Princeton University, Princeton, NJ, and approved March 25, 2014 (received for review October 23, 2013)

demonstrated that (/) emotional contagion occurs via text-based
computer-mediated communication (7); (if) contagion of psy-
chological and physiological qualities has been suggested based
on correlational data for social networks generally (7, 8); and
(i) people’s emotional expressions on Facebook predict friends’
emotional expressions, even days later (7) (although some shared
experiences may in fact last several days). To date, however, there
is no experimental evidence that emotions or moods are contagious
in the absence of direct interaction between experiencer and target.

On Facebook, people frequently express emotions, which are
later seen by their friends via Facebook’s “News Feed” product
(8). Because people’s friends frequently produce much more
content than one person can view, the News Feed filters posts,
stories, and activities undertaken by friends. News Feed is the
primary manner by which people see content that friends share.
Which content is shown or omitted in the News Feed is de-
termined via a ranking algorithm that Facebook continually
develops and tests in the interest of showing viewers the content
they will find most relevant and engaging. One such test is
reported in this study: A test of whether posts with emotional
content are more engaging.

The experiment manipulated the extent to which people (N -
689,003) were exposed to emotional expressions in their M
Feed. This tested whether exposure to emotions led r-

202211 SHuIAE}S| S| SHATHE 9

naPsuy

<Study Design>
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<Study Result>
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Kramer, A. D., Guillory, J. E., & Hancock, J. T. (2014). Experimental evidence of massive-scale emotional contagion through social
networks. Proceedings of the National Academy of Sciences, 111(24), 8788-8790.
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