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A typical research pipeline with digital trace 
data for measuring social phenomena
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A typical research design with digital traces
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All US 
adults

Approval of 
D. Trump
as president

A typical research design with digital traces

4

Construct

Target 
Population



● Costly 
● Lagging (after important 

events)
● Small samples (max. in the 

thousands)

A typical research design with digital traces
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A typical research design with digital traces
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A typical research design with digital traces

~260 M US unique visitors - 2020

~1.8 B active users - 2020
69% of all US adults 2019 

~330 M active users -2019
22% of all US adults – 2019
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A typical research design with digital traces

● Tweet
● Retweet
● Like
● Reply

Traces Users

● Time consuming

● Expensive

● Infrequent

“Social Sensing”

● Queries
● Visits
● Locations

Traces
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A typical research design with digital traces
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A typical research design with digital traces

Construct

Target 
Population
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“Platform Study”

All German-
speaking 
Twitter Users

Susceptibility 
to Fake News



Examples of research with 
digital traces
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Detecting Issues with Quantitative Social Research
● The ʻTotal Survey Errorʼ Framework from 

Groves et al 2009
○ Identify, characterize, and document errors in the 

survey lifecycle

● Errors: deviation of the measurement from 
the ʻtrueʼ value

● Biases: systematic errors

● Two sources of errors
○ Measurement: errors due to what is being 

measured
○ Representation: Errors due to who is being 

measured 12



Biases in digital 
trace data-based 
studies
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Biases in digital 
trace data-based 
studies

14



Bridging research 
on traditional 
and digital trace 
data-based 
studies
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Beyond accuracy 
and biases: the 
ʻExtrinsicʼ 
perspective

● Reproducibility
● Platforms dictating 

data access 
● Data sharing
● Ethics
● Privacy
● …
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Specific Biases
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Data Collection
● Data collection biases in 

datasets for modelling hate 
speech 
○ Cultural factors
○ Linguistic factors
○ Annotator perceptions
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Platform Effects
● Twitter constraints 

changing how 
people behave on 
platforms
○ Changes our 

measurements
○ Platforms are 

“moving 
targets”
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Modeling 
● Gender bias in NLP methods (automatic 

translation, word embeddings) 
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Why Large 
Language 

Models 
(LLMs)?

1. LLMs are trained on digital trace data: many of the issues leak into LLMs as 
well 

2. LLMs themselves can be used to measure social phenomena
a. In simulations
b. For automatically labeling content
c. For generating training data for automatic methods
d. …
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Biases in LLM Simulations
● LLMs can be used as agents in 

simulations. Useful for doing 
ʻexperimentsʼ without real 
human subjects => agents must 
be ʻrealisticʼ
○ LLMs biases 

makes them 
realistic for 
some use cases

○ But not always,
And in
unexpected 
ways
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Biases in LLM Generations
● Gender and other demographic bias

○ Probably sourced from real-world data 
(incl. Digital traces)

○ Introduces measurement biases when 
applying these models for labeling and 
simulations
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Last, but not least…
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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”
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http://ccr.sigcomm.org/online/files/p83-keshavA.pdf
https://www.science.org/content/article/how-review-paper


Reading                                    Reviewing 

28



Reviewing papers

Two purposes:

1. Quality control: publish the paper or not?

2. Constructive criticism: how to improve the paper?

Aim: be as efficient as possible with the first, to leave most time for the second.
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How to [read, present, review] a research paper by Perdita Stevens: 
https://www.cl.cam.ac.uk/~ey204/teaching/ACS/R212_2015_2016/aid/stevens.pdf

https://www.cl.cam.ac.uk/~ey204/teaching/ACS/R212_2015_2016/aid/stevens.pdf


Final report on your chosen paper [30%] 

You can be creative here, but these are recommended subsections and the components of the report:

- Summary: try to be as objective here as possible [5]
- Paper outline: a deeper outline of the main points of the paper, including it’s context w.r.t related 

work and theory, assumptions made, arguments presented, data analyzed, and conclusions 
drawn. [10]

- Strengths [5]
- Weaknesses and limitations [5]
- Improvement suggestions and future work [5]

Be thorough and precise. Try to point out the exact parts of the paper (line number if available, 
section, paragraph, etc) where you see flaws

Send the final report as a PDF document (max. 10 pages, min. font size 11pt) via email to 
indira.sen@uni-konstanz.de by 15.08.2024 (23:59 hours, Berlin Time)

References do not count towards the page limit.
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