Biases In Research Using Social Data

Based on:
Alexandra Olteanu, Carlos Castillo, Fernando Diaz, Emre
Kécéman (July 2019). Soci al

Pitfalls, and Ethical Boundaries. Frontiers on Big Data
https://doi.org/10.3389/fdata.2019.00013
http://www.aolteanu.com/SocialDataLimitsTutorial/

Presented by:
Carlos Castillo
ICREA and Universitat Pompeu Fabra

Updated on May 2022, some materials/references added

Universitat
upf Pompeu Fabra
Barcelona

O

?fromiers .
in Big Data doi. 10,3388 0
who
does.
012)
ata’
Social Data: Biases, Methodological |
Pitfalls, and Ethical Boundaries o
e et
‘Alexandra Olteanu '+*, Carfos Castillo®, Fernande Diaz? and Emre Kiciman * uths
Afcrosoftesearch, hew ik, MY, Linte Staes, *A0crosall Fesearch, hdanireal, O, Canac,* Depariment of data
S - and
e W, Lt st ain 2
and
Sccial data in digtal form—including user-generated content, expressed or implieit | 7
relations between people, and behavioral traces —are at the core of popular applications 012,
and platforms, driving the research agenda of many researchers. The promises of  plarly
social deta are many, including understanding “what the world thinks” about a social |
issue, brand, celebrity, or other entity, as well as enabling better decision-making ina [
variety of fiekds including public policy, healthcare, and economics. Many academics and jases,
practitioners have warmed against the naive usage of social data. There are biases and | This
inaccuracies cccurring at the source of the data, but also introduced during processing.  |the
There are methodological limitations and pitfalls, as well as ethical boundaries and
unexpected consequences thal are often overlooked. This paper recagnizes the rigor
OPEN ACCESS  With which these issues are adcressed by different researchers varies acmss a wide |1 the
range. We identify a variety of menaces in the practioes around social data use, and  ftion
organize them in a framework that helps 1 identfy them '::’1’;
“For youer own sanity, you have to remensber that not all problerns can be solved. Not afl problems can be the
salved, but all problenns can b iluminated”-Ursula Franktin® ol
their
ings,
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1. INTRODUCTION hat is,
il
We use social data as an umbrella concept for all kind urmg.m traces produced by or about users, it iy
with an emphasis on content explicitly written with the intent of communicating or intcracting
with others. Social data typically comes from social software, which provides an intermediary or Ly g
a facus for a social rcltionship (Schuler, 1994). tincludes a variety of platforms—like for social the
‘media and networking (c.g., Facebook), question and answeriny Quora). or collsboration  fes of
(eg. Wikiped J purposes from 2015) o keeping in touch with ety
Received: 26 Feturyzots  friends (Lampe ct al, 2008). Social software cnables lhsmm"mb aclassof websites inwhichuser | we.
Aceeptea: 27 iy 2015 participation is the primary driver of value” (Gruber, 2008). and
Published: 11 Juy 2015 The social web enables access to social traces at a scale and level of detail, both in breadth Jsh to.
and depth, impractical with comventional data collecton techalgues. like sunveys or wser  fduta
studies (Richardson, 2008; l azer et al. 09). b users scarch, interact, and share Jtated
ich and Shami, 2010), food (Abbar e e
lhury et al., 2014); leaving, as a result, rich traces that form what Harford (2014} We
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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

é

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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Data platforms (not under researcher control)

=y
Research designs (under researcher control )
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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

O« O¢ O«

Purposes (e.g., communication, friendship maintenance, self-presentation)
Platforms (e.g., social media and networking, recommendation and Q&A sites)
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]

lotaof senalladata problems that
occur in big data.
getawbrseto

[David Spiegelhalter, in Harford, T. (March 28, 2014)
Big data: are we making a big mistake. The Financial Times]
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http://www.tandfonline.com/doi/pdf/10.1080/1369118X.2012.678878
http://www.ft.com/cms/s/2/21a6e7d8-b479-11e3-a09a-00144feabdc0.html

Data.
Source of
Hypotheses

_Or_

Tool to Test
Hypotheses

Avoid HARKIing: The practice of
hypothesizing after the results are Known ker 7698
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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

O«

Population Biases:
Behavioral Biases:

O«

Content Biases:

O«

O«

Linking Biases:

O«

Temporal Biases:

O«

Redundancy:

Challenges During Data Analysis (next slide)

Data Source:

O«

Data Collection:

O«

O«

Data Processing:

O«

Data Analysis:
Evaluation:

O«
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Data Source

0 Functional:
Normative:
External:
Non-individuals:

ollection

Acquisition:
Querying:
Filtering:

Challenges
during data
analysis

Data

0
0
0
C
0
0
vy O
Data Processing
0 Cleaning:
0 Enrichment:
0 Aggregation:
A
0
0
0
0

\4

Data Analysis
Qualitative Analyses:
Descriptive Statistics:
Prediction & Inferences:

Observational studies:
Evaluation

0 Metrics:
0 Interpretation:

0 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

m Men Women

66
44
31
24 26 25 25
21 20
LS . I I . .
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[Ha r g i {forstatisti€s about social media use among young
adults according to gender, race and ethnicity, and parental
educational background.
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http://www.it.uu.se/edu/course/homepage/avint/vt09/6.pdf
http://www.pewinternet.org/2016/11/11/social-media-update-2016/

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 [Ki ci man | GW8Mdh2et al .

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




