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The promise Larger samples

of O_n“ne Samples that are not WEIRD:
soclal data white, educated, industrialized, rich,

iS huge democratic

"Natural" settings

With enough data, the
numbers speak for themselves.

The end of theory, Chris Anderson, 2008, Wired Magazine.

Embphasis added



http://www.wired.com/2008/06/pb-theory/

What is Type I research goals: understand/influence Type Il research goals: understand/influence
affected by phenomena specific to social platforms phenomena beyond social platforms
biases (§2)
Construct validity Internal validity External validity
Hmﬂ_} biases General biases and issues
manifest (§3)
Population Behavioral Content Linking Temporal Redundancy
biases biases biases biases biases
Where Biases at source Collecting Processing Analyzing Evaluating
biases come _ _
from (§4-§8) Functional biases Acquiring Cleaning Qualitative analysis Metrics
Normative biases » Querying » Enriching }) Descriptive statistics » Interpretations
External biases Filtering Aggregating Y Inferences & predictions Disclaimers
Non-individuals Observational studies
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=) Prototypical Goals & Applications



Social Data

All kinds of digital traces produced by or about users,
with an emphasis on content explicitly written with the
intent of communicating or interacting with others

Social data comes from social software



Social Software

Software that provides an intermediary or a focus for a social relationship

Includes a variety of

e Purposes (e.g., communication, friendship maintenance, self-presentation)
e Platforms (e.qg., social media and networking, recommendation and Q&A sites)
e Data points meanings and semantics
(e.q., clicks, likes, shares, friendship links, visits,
messages)



Prototypical

Goals of Type |: To understand phenomena specific
Social Data to social software platforms, sometimes

Analysis

with the objective of improving them
(~ Social Computing)

Type Il: To understand and influence
phenomena beyond social platforms,
seeking to answer guestions from
sociology, psychology, or other disciplines

Computational (~ Computational Social Science)

Social
Computing

Social Science




= A Growing Concern



Many
Disagree!

Regardless of the size of a data set, it is
subject to limitation and bias.

[boyd and Crawford, 2012]

lot of small data problems that
occur in big data.
get worse.”

[David Spiegelhalter, in Harford, T. (March 28, 2014)
Big data: are we making a big mistake. The Financial Times]
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Data.
Source of
Hypotheses

_Or_

Tool to Test
Hypotheses

Avoid HARKIing: The practice of
hypothesizing after the results are Known errs

11


http://www2.psych.ubc.ca/~schaller/528Readings/Kerr1998.pdf

=) \/alidity of Social Data Research



Validity
Threats to
Social Data
Analysis

Construct validity: Are you measuring what you
think you are measuring?

Internal validity: Does your analysis correctly lead
from the measurements to your study conclusions?

External validity: To what extent your findings are
generalizable to other situations?

Ecological validity: Does your experimental
setup properly reflect the real world phenomenon
your are studying?

Temporal validity: Do changes over time in the
measured constructs invalidate the conclusions?
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Known Data
OIVEIVARSIIEES

Sparsity: e.g., many measures follow a power
law distribution.

Noise: e.g., content that is not reliable, content
that is incomplete or corrupted, typos, infrequent
terms, stop words.

Representativeness: e.g., a sample that is not
representative of the larger population.

Data bias: a systematic distortion in the data
that compromises its representativeness.
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Issues When
Working With
Social Data

General Challenges

e Population Biases:
e Behavioral Biases:
e Content Biases:

e Linking Biases:

e Temporal Biases:
e Redundancy:

Challenges During Data Analysis (next slide)

e Data Source:

e Data Collection:
e Data Processing:
e Data Analysis:

e Evaluation:
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Data Source
e Functional:

Ch al Ienges e Normative:
. e External:
durmg data e Non-individuals:

Data Collection

e Acquisition:
e Querying:
v ° Filtering:
Data Processing

e Cleaning:

e Enrichment:
v ° Aggregation:

UEWAIES

Data Analysis

Qualitative Analyses:
Descriptive Statistics:
Prediction & Inferences:
Observational studies:

Evaluation
e Metrics:
l e Interpretation:

e Disclaimers:




Population Biases

Differences in demographics or other user characteristics
between a user population represented in a dataset or
platform and a target population



Different user
demographics
are drawn to
different social
platforms

Women Are More Likely to Use Pinterest, Facebook and Instagram, While Online
Forums Are Popular Among Men

LhE JOUOW Ot
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Facebook Pinterest Instagram LinkedIn Twitter reddit, Digg or Tumblr
Slashdot
PEW RESEARCH CENTER

Figure from http://www.pewinternet.org/2016/11/11/social-media-update-2016/

See [Hargittai’07] for statistics about social media use among young
adults according to gender, race and ethnicity, and parental
educational background.
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Behavioral Biases

Differences in user behavior across platforms or contexts,
or across users represented in different datasets



Users are more likely to mention their extreme or
positive experiences, rather than their negative or
common experiences [Kiciman ICWSM’12, Guerra et al. WSDM’'14

Misreports and
self-selection

m ay OCCcur d ue (also the source of the figures)]
to behavioral
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https://scholar.google.ch/scholar?cluster=11027676621138305552&hl=en&as_sdt=2005&as_ylo=2016&as_yhi=2016
https://www.cs.cornell.edu/home/cardie/papers/wsdm-2014.pdf

Functional Biases

Biases that are a result of platform-specific mechanisms
or affordances, that is, the possible actions within each
system or environment



The way In
which contents
are presented
Influences user
behavior

These are all the same emoji!

This is what the “grinning face with smiling eyes” emoji looks like on devices for each of these platforms:

p— ~ o~ a - ;.“,.“\ o~ - ~ "~ A SN
Apple Google Microsoft Samsung LG HTC Twitter Facebook Mozilla Emoji One

Same Emoji + Different Smartphone Platform = Different Emotion

For example, if you send the Apple emoji to a Google Nexus, they’ll see the Google emoji, and vice versa!

Apple Samsung Google
AA - a ~ A\~~~ B
& &
Microsoft
Negatlve Neutral Positive

(e.g., sad, mad) (e.g., happy, excited)

Paper [Miller et al. ICWSM'16]

Figure from: http://grouplens.org/blog/investigating-the-potential-for-miscommunication-using-emaoji/ 23



http://grouplens.org/site-content/uploads/ICWSM16_Emoji-Final_Version.pdf
http://grouplens.org/blog/investigating-the-potential-for-miscommunication-using-emoji/

Platform design and i ooco
features shape user -

|MTriangles "People You

\MiLinks May Know"
feature
introduction
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(b) Facebook New Orleans
Figure from [Zignani et al. ICWSM 2014]
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Triangles/Links

Introducing a new feature ; @
or changing an existing 83
feature impacts usage <
patterns on the platform.

2000

I I I I I
2001 2002 2003 2004 2005
Date
Netflix movie rating dataset.
Figure from [Malik and Pfeffer ICWSM 2016]
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Normative Bilases

Biases that are a result of written norms or expectations
about unwritten norms describing acceptable patterns of
behavior on a given platform



Social conformity,
“anchoring” and

“herding” happen
In social platforms

The “up-treated” means that
the treatment group was

shown scores increased by 1.

Figure from [Muchnik et al. Science 2013]
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http://science.sciencemag.org/content/341/6146/647.full

Issues
Introduced
During Data
Collection

Data Acquisition
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Figures from [Morstatter et al. ICWSM'13]
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Challenges
When
Processing
Data

Data Cleaning
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The normalization
of geographical
references may
Introduce biases

Story: Failed geo-lookups on a
IP-to-Geo service default to the
center of the geo-bounding box
of a larger region e.g. country.

Result: ~600 million IP
addresses map to a farm in
Kansas

Details:http://fusion.kinja.com/how-an-internet-

mapping-glitch-turned-a-random-kansas-f-
17Q°20CLaNE"D

lat

Where are Flickr pictures geo-located in Singapore?

lon

Figures from Medium post by David Shamma:
https://medium.com/@ayman/the-social-concerns-of-geo-located-rectangles-

lon

9b361f34811d
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http://fusion.kinja.com/how-an-internet-mapping-glitch-turned-a-random-kansas-f-1793856052
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Can all biases be avoided through
careful sampling?




ldeas on
how to
mitigate
biases

Engage with domain experts

Perform qualitative analysis

o In-depth, open-ended, questioning how

and why something happens

Use multiple datasets and metrics

Use appropriate statistical methods
Emphasize extensively the limitations
Allow others to reproduce and to

meaningfully challenge your results
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