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Agenda

❖ Recap

❖ Reading: Olteanu, Alexandra, Carlos Castillo, Fernando Diaz, and Emre 
Kıcıman. "Social data: Biases, methodological pitfalls, and ethical 
boundaries." Frontiers in big data 2 (2019): 13. 
https://www.frontiersin.org/articles/10.3389/fdata.2019.00013/full  

❖ Discussion: We will start the discussions based on the different roles: 
https://colinraffel.com/blog/role-playing-seminar.html 
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https://www.frontiersin.org/articles/10.3389/fdata.2019.00013/full
https://colinraffel.com/blog/role-playing-seminar.html
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A typical research pipeline 
with digital traces

“TED-On: A Total Error Framework for Digital Traces of Human Behavior on Online Platforms” Sen et al., 
2021, Public Opinion Quarterly  and https://arxiv.org/pdf/1907.08228

https://academic.oup.com/poq/article/85/S1/399/6359490


Use case: Detecting the flu with digital traces
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Google Flu (trends)
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What proportion of US-Americans have the flu?
What is the approval rating of A. Merkel?

Are anti-immigration sentiments on the rise?
Ginsberg, Jeremy, et al. "Detecting influenza epidemics using search engine query data." Nature 457.7232 
(2009): 1012-1014.

https://www.nature.com/articles/nature07634


The fail
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� “In February 2013, Google 
Flu Trends (GFT) made 
headlines but not for a 
reason that Google 
executives or the creators 
of the flu tracking system 
would have hoped. Nature 
reported that GFT was 
predicting more than 
double the proportion of 
doctor visits for 
influenza-like illness (ILI) 
than the Centers for 
Disease Control and 
Prevention (CDC), which 
bases its estimates on 
surveillance reports from 
laboratories across the 
United States (1, 2).”



Example study
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● How would a researcher study influenza 
prevalence in a national population using digital 
traces?
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search queries related to flu

flu related information usage

posts  about having the flu
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Data 
Collection



How to read and review papers?

1. Keshav, Srinivasan. "How to read a paper." ACM SIGCOMM Computer 
Communication Review 37.3 (2007): 83-84. 

2. Pain, Elisabeth “How to review a paper”

11

http://ccr.sigcomm.org/online/files/p83-keshavA.pdf
https://www.science.org/content/article/how-review-paper


How to review papers

Many different ways, this is what I do:

1. Read the abstract 
2. Skim the introduction, results, and conclusions
3. Then read the entire paper more carefully
4. Make notes as you go: comments and questions
5. Then write the first review draft:

a. Summary of the paper; focus on it’s contributions
b. Strengths [does it address an important gap? Who does it ‘help’?]
c. Weaknesses [not limitations, but e.g., does the paper do what it says it does?]

Bullet points are all you need for your first draft!
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Reading                                    Reviewing 
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Letʼs read and review a paper together
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“Narco” Emotions: Affect and Desensitization
in Social Media during the Mexican Drug War

https://dl.acm.org/doi/10.1145/2556288.2557197
https://dl.acm.org/doi/10.1145/2556288.2557197


Reading and discussing the paper
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● Summary

● Strengths

● Weaknesses

● Building on this work
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Agenda

❖ Recap

❖ Reading: Olteanu, Alexandra, Carlos Castillo, Fernando Diaz, and Emre 
Kıcıman. "Social data: Biases, methodological pitfalls, and ethical 
boundaries." Frontiers in big data 2 (2019): 13. 
https://www.frontiersin.org/articles/10.3389/fdata.2019.00013/full  

❖ Discussion

❖ Next time and logistics
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https://www.frontiersin.org/articles/10.3389/fdata.2019.00013/full


Recap
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Situation: [The current context 
and background] Social Data 
(content from sother social 
softwares) is an alternative to 
traditional sources of data

Complication: [The challenges 
in the current situation] large, 
etc), it also presents several 
challenges
(population biases, lack of 
ecological validity)

Resolution: [proposal for 
resolving the challenge]enges 
better systematically

Hulett J (2021) How to tell a business story using the 
McKinsey situation-complication-resolution (SCR) 
framework.

https://www.thecuriosityvine.com/post/how-to-tell-a-business-story-using-the-mckinsey-situation-complication-resolution-scr-framework
https://www.thecuriosityvine.com/post/how-to-tell-a-business-story-using-the-mckinsey-situation-complication-resolution-scr-framework
https://www.thecuriosityvine.com/post/how-to-tell-a-business-story-using-the-mckinsey-situation-complication-resolution-scr-framework
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Situation: Social Data (content 
from social media, web 
platforms, and other social 
softwares) is an alternative to 
traditional sources of data

Complication: While this data 
has several potentials (up to 
date, ‘non-reactive’, large, etc), it 
also presents several challenges
(population biases, lack of 
ecological validity)

Resolution: trying to understand 
these challenges better 
systematically

Hulett J (2021) How to tell a business story using the 
McKinsey situation-complication-resolution (SCR) 
framework.

https://www.thecuriosityvine.com/post/how-to-tell-a-business-story-using-the-mckinsey-situation-complication-resolution-scr-framework
https://www.thecuriosityvine.com/post/how-to-tell-a-business-story-using-the-mckinsey-situation-complication-resolution-scr-framework
https://www.thecuriosityvine.com/post/how-to-tell-a-business-story-using-the-mckinsey-situation-complication-resolution-scr-framework
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What did we cover?
❖ The potentials of ‘social data’ / 

digital trace data
➢ Larger samples
➢ Samples that are not WEIRD
➢ …

❖ Growing evidence of pitfalls
➢ Google flu
➢ We still need theory
➢ Validity issues

❖ General challenges

Tutorial Series: Limits of Social Data: 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html
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What did ʻyouʼ think about the paper?

❖ Private investigator: authors are generally from CS and have worked in 
industry research labs which colors their perspective

❖ Social impact assessor: somewhat lacking grounding in theory

❖ Industry Practitioner: Social Science Bias Prevention Tool
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This time

❖ Zooming into the specific parts 
of the pipeline

❖ Ethical Boundaries

Tutorial Series: Limits of Social Data: 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html
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Tutorial Series: Limits of Social Data: 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html
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Data Source

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

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

External Sources of Bias

Non-Individual Accounts

[the meaning of retweets 
or likes] “could range
from affirmation to 
denunciation to sarcasm 
to approval to disgust”



27

Data Source

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

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

External Sources of Bias

Non-Individual Accounts

[the meaning of retweets 
or likes] “could range
from affirmation to 
denunciation to sarcasm 
to approval to disgust”

See data brokers like: 
https://socialscience.one/

But also the potential impact of 
reliance on platforms: 
Wu and Taneja, “Platform 
enclosure of human behavior and 
its measurement: Using 
behavioral trace data against 
platform episteme”

See for example, norms on Reddit: 
Chandrasekharan et al., “The 
Internet’s Hidden Rules: An 
Empirical Study of Reddit
Norm Violations at Micro, Meso, 
and Macro Scales”

https://socialscience.one/
https://journals.sagepub.com/doi/10.1177/1461444820933547
https://journals.sagepub.com/doi/10.1177/1461444820933547
https://journals.sagepub.com/doi/10.1177/1461444820933547
https://journals.sagepub.com/doi/10.1177/1461444820933547
https://journals.sagepub.com/doi/10.1177/1461444820933547
https://dl.acm.org/doi/pdf/10.1145/3274301
https://dl.acm.org/doi/pdf/10.1145/3274301
https://dl.acm.org/doi/pdf/10.1145/3274301
https://dl.acm.org/doi/pdf/10.1145/3274301
https://dl.acm.org/doi/pdf/10.1145/3274301
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Data Collection

Source Selection Bias

Data Acquisition

Data Querying

Data Filtering

Tutorial Series: Limits of Social Data: 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html 

Morstatter, et al. "Is the sample good enough? 
comparing data from twitter's streaming api 
with twitter's firehose." ICWSM’2013

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html
https://arxiv.org/abs/1306.5204
https://arxiv.org/abs/1306.5204
https://arxiv.org/abs/1306.5204
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Tutorial Series: Limits of Social Data: 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html 

González-Bailón, Sandra, et al. "Assessing the 
bias in samples of large online networks." Social 
Networks 38 (2014): 16-27.

Olteanu, Alexandra, et al. "Crisislex: A 
lexicon for collecting and filtering 
microblogged communications in 
crises." Proceedings of the 
international AAAI conference on web 
and social media. Vol. 8. No. 1. 2014.

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html
https://www.sciencedirect.com/science/article/pii/S0378873314000057
https://www.sciencedirect.com/science/article/pii/S0378873314000057
https://ojs.aaai.org/index.php/ICWSM/article/view/14538
https://ojs.aaai.org/index.php/ICWSM/article/view/14538
https://ojs.aaai.org/index.php/ICWSM/article/view/14538
https://ojs.aaai.org/index.php/ICWSM/article/view/14538
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Tutorial Series: Limits of Social Data: 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html 

Saif, Hassan, et al. "On stopwords, 
filtering and data sparsity for 
sentiment analysis of twitter." 
(2014): 810-817.

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html
https://aclanthology.org/L14-1265/
https://aclanthology.org/L14-1265/
https://aclanthology.org/L14-1265/
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Data Processing

Data Cleaning

Data Enrichment

Data Aggregation

Tutorial Series: Limits of Social Data: 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html
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Data Processing

Data Cleaning

Data Enrichment

Data Aggregation

Tutorial Series: Limits of Social Data: 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html
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Data Processing

Data Cleaning

Data Enrichment

Data Aggregation

Tutorial Series: Limits of Social Data: 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html 

One common enrichment 

technique for textual 

data: Perspective API 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html
https://perspectiveapi.com/how-it-works/
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Data Analysis

Qualitative Analyses

Descriptive Statistics

Predictions and Inferences

Observational Studies

Tutorial Series: Limits of Social Data: 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html
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https://www.tylervigen.com/spurious-correlations Tutorial Series: Limits of Social Data: 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html 

https://www.tylervigen.com/spurious-correlations
https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html


36
Tutorial Series: Limits of Social Data: 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html 

Pavalanathan, Umashanthi, and Jacob Eisenstein. "Confounds and Consequences in 
Geotagged Twitter Data." EMNLP 2015.

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html
https://aclanthology.org/D15-1256
https://aclanthology.org/D15-1256
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Tutorial Series: Limits of Social Data: 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html 

See also for the consequences of differential error rates: 
https://www.propublica.org/article/how-we-analyzed-the-compas-recid
ivism-algorithm 

Pavalanathan, Umashanthi, and Jacob Eisenstein. "Confounds and Consequences in 
Geotagged Twitter Data." EMNLP 2015.

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html
https://www.propublica.org/article/how-we-analyzed-the-compas-recidivism-algorithm
https://www.propublica.org/article/how-we-analyzed-the-compas-recidivism-algorithm
https://aclanthology.org/D15-1256
https://aclanthology.org/D15-1256
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Evaluation

Metrics Selection

Results Assessment
and Interpretation

Disclaimers and
Reproducibility

Tutorial Series: Limits of Social Data: 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html
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Ethical Issues

Concepts and Principles

Individual Autonomy

Beneficence and 
Nonmaleficence

Justice

Tutorial Series: Limits of Social Data: 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html
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Tutorial Series: Limits of Social Data: 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html 

https://www.aolteanu.com/SocialDataLimitsTutorial/slidesKDD17.html


How would you improve on this work?
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Next Time
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● Measurement and Representation Errors
○ Groves, Robert M., and Lars Lyberg. "Total survey error: Past, 

present, and future." Public Opinion Quarterly 74.5 (2010) 
○ Sen, Indira, et al. "A total error framework for digital traces of 

human behavior on online platforms." Public Opinion Quarterly 
85.S1 (2021)

● Pick your roles by Monday: 

https://academic.oup.com/poq/article/74/5/849/1817502
https://academic.oup.com/poq/article/74/5/849/1817502
https://academic.oup.com/poq/article/85/S1/399/6359490
https://academic.oup.com/poq/article/85/S1/399/6359490


Course Timeline and Deadlines
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08.05.24: graded 
discussions start
(pick your roles)

24.05.24: register 
your paper and 

timeslot

5.06.24-7.09.24: present your chosen 
paper

08.05.24-7.09.24: participate in discussions of 
papers by students and guests

15.09.24: submit 
final report on 

your paper



Updated Schedule and when you present
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https://indiiigo.github.io/mrb/

