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1) Bias in Data Donation Studies

Source: Image by Markus Winkler via Unsplash
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What is bias?

Definition . : the systematic difference between a true value of a quantity for a population and how a study observe its
( )

e Non-systematic errors: random deviations influence variance of estimates
e Systematic errors (or: bias): non-random deviations that depend on omitted variables

e ( Bias can influence descriptive results but also attenuate/inflate inferential conclusions
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What is bias?

In (S, the bias-variance tradeoff plays an important role: Often, we can ejtherimprove reduce variance or bias for models.
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Fig. 1 Graphical illustration of bias and variance.

Bias-variance tradeoff

Source: Scott Fortmann-Roe (2012)
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What is bias?

In (S, the bias-variance tradeoff plays an important role: Often, we can ejtherimprove reduce variance or bias for models.

 (omplex models often make better predictions (/ess bias), but with less inferential precision (more variance)

e |ess complex models are less likely to overfit on the training data (/ess variance) but may make less accurate
predictions (more bias)
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Bias in (55

Bias is an underestimated Dmblem in CSS gase et al., 2025; Kathirgamalingam, Kulichkina, et al., 2025)

e [istorts scientific findings and has real-world consequences, such as unfairness through socio-technical systems

o Examples: Al in health resource allocation, hiring, or content moderation may induce gender bias (ambrechi & Tucker, 2015; Siemon
2025: Sl et a1, 2025) @Nd racism (Kathirgamalingam, Lind, et al., 2025; Sap et al., 2019).
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Bias in (83

Bias is an underestimated pl’Ob'Efﬂ in CSS gase et al., 2025; Kathirgamalingam, Kulichkina, et al., 2025)

e [istorts scientific findings and has real-world consequences, such as unfairness through socio-technical systems

o We lack clear definitions, methods for quantifying bias, and solutions for adressing it

COMMUNICATION METHODS AND MEASURES
2025, VOL. 19, NO. 4, 281-293 g{ Routledge
https://doi.org/ 10.1080/193 12458 2025.2575468 X W Taylor & Francis Group

8 OPEN ACCESS | Crock o occs|

Critical, but constructive: defining, detecting, and addressing bias
in Computational Social Science

Valerie Hase (2, Marko Bachl(®, and Nathan TeBlunthuis (<

2Department of Media and Communication, LMU Munich, Munich, Germany; ¥nstitute for Media and Communication
Studies, Frele Universitat Berlin, Berlin, Germany; <School of Information, University of Texas at Austin, Texas, USA

ABSTRACT

Computational Social Science (CSS) increasingly engages in critical discus-
sions about bias in and through computational methods. Twe developments
drive this shift: first, the recognition of bias as a societal problem, as flawed
CSS methods in socio-technical systems can perpetuate structural inequal-
ities; and second, the field's growing methodological resources, which create
not only the opportunity but also the responsibility to confront bias. In this
editorial to our Special Issue on CSS and bias, we introduce the contributions
and outline a research agenda. In defining bias, we emphasize the impor-
tance of embracing epistemological pluralism while balancing the need for
standardization with methodological diversity. Detecting bias requires stron-
ger integration of bias detection into validation procedures and the estab-
lishment of shared metrics and thresholds across studies. Finally, addressing
bias involves adapting established and emerging error-correction strategies
from social science traditions to CSS, as well as leveraging bias as an analy-
tical resource for revealing structural inequalities in society. Moving forward,
progress in defining, detecting, and addressing bias will require both bot-
tom-up engagement by researchers and top-down institutional support. This
Special Issue positions bias as a central theme in CSS — one that the field now
has both the tools and the obligation to address.

Special Issue in Communication Methods and Measures
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Bias in Data Donation Studies

e Errors in representation: Who participates in data donation studies?

e Errors in measurement: Which latent concepts can we measure with data donation studies?

Measurement side
Construct
Construct
(fn)luaa “drty .A..’
Indicator
Measurement
error
_ DDPs
Extraction
error ..‘.....‘..........A’
o Extracted data
Algorithmic
error ..“....‘..........A'
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Integration _

Representation side
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‘. error
Sampling frame ‘
Sampling
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Nonresponse
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Respondents ,
Compliance
‘.“...“....A....“. error

Respondents with DDPs

S S Consent
error " S it
Analysis of interest

Figure 2. “Total error framework” for social-scientific data collection with DDPs. Each
step in the data collection process is shown, together with the errors resulting from this
step. Subsequent processing, modeling, and inference steps (Amaya et al., 2020) are

omitted.

Source: Image from Boeschaten et al., 2022, p. 396

Data Donation Studies - DGPuK RezFo - Valerie Hase



Errors in representation

For example ..

e (overage error: Who is (not) represented in the sampling frame? (e.g., social media users vs. YouTube users)
o Sampling error: Who is (not) represented in the sample? (e.g., non-probability samples)

e Non-response error: Who does (not) want to participate in the data donation?

e (ompliance error: Who is (nat) able to participate in the data donation?
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Errors in representation

Example study by Hase & Haim (2074):
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Source: Figure from Hase & Haim (2024)
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Errors in representation

Literature review by Xiong et al. (075) and own experiences

Research design

e Sensitivity of the requested data
e Autonomy and control over the process

e Burden/Complexity of the study

Participant characteristics

e Privacy concerns

e Digital saviness/skills

e Mixed findings on sociodemographics
 Mixed findings on prosocial mativation
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Any ideas (from your discipline): How can we
quantify/address errors in representation? G~
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Errors in representation: Quantification

Methods for bias detection often draw from validation strategies, though this may not be enough ( )

e Response rates across study stages
e Para data as quality indicators (e.g., speeding)

e Non-response bias (e.g. characteristics of survey participants vs. donation participants)

= “d more pragmatic vision of bias detection: one that abandons the pursuit of perfect benchmarks in favor of
comparative assessments of biases across (55 and non-(5S methods.” ( )
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Errors in representation: Solutions

e A posteriori strategies:
= |nfrastructure: Integration in probability-based panels
= | earning from survey design strategies (e.g., incentives, study framing)
= DDT design (e.g. UX-perspective)

e Post hoc strategies:

= Statistical modeling like weighting ( )
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Errors in representation: Solutions

For now: [imited studies, limited success
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What do you think: How could errors in measurements sneak
into data donation studies? §&
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Errors in measurement

For example ..

e (onstruct (in-)validity: How do DDP variables relate to latent measurements? (e.g., likes vs. political participation)
 Measurement error: How correct is data in our DDP? (e.g., missing data)
e Extraction error: Did we extract all relevant files and variables?
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Errors in measurements

Example study by Valkenburg et al. (2074):
Fig. 1: Common problems in platform data donations experienced by researchers.

From: It is time to ensure research access to platform data

Data package incomplete
(missing data types)

63%

Data package inaccurate

Data package incomplete

(only limited time range) 48%

Unannounced changes

in download procedure 17%
Data package empty 17%
No problems experienced 14%
Documentation about data N%

access complex or unclear

Data package not accessible 1%
or difficult to access

Data from a June 2024 survey among 51 data donation researchers.

Source: Figure from Valkenburg et al. (2024)
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Any ideas (from your discipline): How can we
quantify/address errors in measurements? G~
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Errors in measurement: Quantification

e Para data (e.g., failed uploads)
e (orrelation between self-reported and observed behavior
e Multi Trait Multi Method (MTMM) approaches )

e [stimation of misclassification effects ( )
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Errors in representation: Solutions

e A posteriori strategies:
= Talk to everyone (e.g., IRB, Data Strward)
= Repeated testing & DDP download
= Simulate downstream errors ¢ )
e Post hoc strategies:
= Multiverse approaches
= Statistical error correction ¢ )

= Frror documentation ¢ )
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Errors in representation: Solutions

In a recent policy paper, around 20 scholars from different (SS labs argued (

-

Recommendation 1.
Platforms should provide a
central link for data access

(based on legal requirement of concise and
easily accessible form, GDPR Art. 12(1))

o

Recommendation 3.
Platforms should provide
complete data

(based on legal requirement of completeness,
GDPR Art. 15(1)-(3)

Improving the right of access

~

Recommendation 2.
Platforms should provide
public data documentation

(based on legal requirement of transparency,
GDPR Art. 5(1)(a) and Art. 12(1))

Recommendation 4.
Platforms should enable data-
access-mandates

(similarly suggested related to data
portability, GDPR Art. 20)

P

Source: Figure from Hase et al. 2024
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A final remark on data donations for research

Despite my lengthy rant about bias, this is not a statement against data donations.

Just be sure to.

e (arefully consider whether data donations make sense for your theoretical puzzle
e This relates to populations you can(nat) study and latent phenomena you can(not) operationalize

e (ften, the goal may not be highly representative panels - but targeting specific populations
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¢) What's next for data donation studies?

Source: Image by Markus Winkler via Unsplash
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The road ahead I: Open Science

Preregistration:

e Many researcher degree of freedom

e Few existing studies (e.g., for power calculations)

e Almost no templates (Langener et al., 2024)

< Ourrecent preregistration includes 70 pages @ and we fully simulated results to understand potential decision

(rees

PREREGISTERED

OPEN DATA OPEN MATERIALS
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The road ahead I: Open Science

Preregistration:

@ valeriehase 2 days ago - edited by valeriehase Edits ¥  Member | Author

EYRA - Datenspende

(] Einleitender Text einfacher: "Wir anonymisieren nun lhre Daten. Sie kénnen diese berpriifen und Ihre Einwilligung geben,
bevor Sie Daten mit uns teilen. Die Anonymisierung kann einen Moment dauern — vielen Dank fiir lhre Geduld."

Kleine Anpassung tber Datenspende-Ubersicht: “Uberpriifen Sie die Daten sorgfiltig und passen Sie sie bei Bedarf an.” zu
“Mit "Anpassen” kénnen Sie einzelne Datenpunkte bei Bedarf I6schen™.

ganz generell: Soll das immer “0" sein vor den Datentypen?

© Wie viele Verbindungen haben Sie pro Tag hergestellt und we

] ganz generell: Bei LinkedIn/YouTube ist das “"pro Tag" Teil der Frage, bei Insta in Klammern dahinter (zB Wie oft haben Sie
Instagram ged&ffnet? [Sitzungen pro Tag]). Letzteres finde ich deutlich besser - auf Instagram anpassen?

Ich kann theoretisch zweimal hintereinander Datenpakete hochladen. Ist das ein Problem - Gberschreibt das Daten oder
sind mit meiner ID dann einfach zwei drin?

ggf nur: "Wie viele Nachrichten :

enen Sie Nachrichten ausgetauscht .

Hat Wert

ann man "Hat wert = nein" einfach e

(11-06 I> Anzahl der Kommentare: 2

ink dafur sien

r ggf. einige e

) Ich wiirde den Punkt "Ubersicht von zusatzlichen XX Informationen” bei allen Datenspenden rausnehmen. Das sind ja nur]
Dateien, die fehlen, oder? Ist m.E. fiir Nutzende sehr verwirrend.

LinkedIn

A single (!) issue

[CJ Kleine Anpassung Text, wenn man Linkedin 10 Min Paket hochladt: "Sie haben das unvollstindige Datenpaket hochgeladen,
welches LinkedIn bereits nach wenigen Minuten gesendet hat. Fiir unsere Studie bitten wir Sie, uns das Datenpaket zu
spenden, dass Sie normalerweise nach circa 24 Stunden erhalten. Bitte laden Sie dieses vollstdandige Datenpaket noch."

Verbindungen

| "Wie viele Verbindungen haben Sie pro Tag hergestellt und welche Informationen haben diese?": eher "Mit wie vielen
Personen haben Sie sich auf Linkedin pro Tag vernetzt?” Spaltentibersicht "Anzahl der Verbindungen" -> "Anzahl der neuen
Kontakte"

[CJ Bei dem Datentyp frage ich mich, ob wir die anderen Spalten tberhaupt brauchen. Sind m.E. schwer verstandlich, zT leer
(zB E-Mail ist bei mir immer null), wirken privatsheitmassig schwierig (“mit vollstandigem Namen") und da anonymisiert
genau die gleiche "Nummer" meist wie Anzahl Kontakte. VIit reicht ja wirklich die Anzahl der neuen Kontakte (d.h. nur die
erste Spalte)

[CJ Kontakte nicht nach Datum sortiert

Nein

f LinkedIn zugegriffen?"

a noch IP-Adressen drin. Ich wirde .
PC vs. Handy) genutzt werden

demein_rossmann 955charivari

wird bei mir in der Prereg

g]: Das wird bei mir in der

tionen geteilt” als Titel?

Nl - Wt TV Shows O, Waich Moviess Ordine']

items" fohit)

fos fehit)
_counidawns” fetit)

1

Figure. Github issues - Testing the tool
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The road ahead I: Open Science

Open Data:

® Some useful primers gunzer et al, 2023)

e Still, strategies (e.g., aggregation, synthetic data, differential privacy) remain debated

Open Materials:

e Big data of data donation: tools are almost exclusively open source!

PREREGISTERED

OPEN DATA OPEN MATERIALS
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The road ahead |I: Advancing the method

e Multimodal & cross-platform data e )

Less standardized data (e.g., chathot or message logs)
In-tool, local classification (e.g., local SML/LLMs?)
Workflow/UX-perspective

Source: Image by DariuszSankowski via Pixabay
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The road ahead |II: Data in a world of political turmoil
DPR

Platform
power
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The road ahead IlI: Data in a world of political turmoil

e Platforms do (willingly?) not provide data according to the GDPR/DSA grese et al, 2021)
e The EU may sanction platforms like X/TikTok, but exact sanctions remain unclear (see DSA Observatory)

DSA subject to larger geo-political debates (seiingeral, 2025, where some politicians falsely claim “censorship” as the
reason behind regulations

e Recent GDPR Omnibus amendment would make data donation unfeasible (see our open letter to the European
Commission)

Source: Image by WilliamCho via Pixahay Data Donation Studies - DGPUK RezFo - Valerie Hase


https://dsa-observatory.eu/2025/11/26/waiting-for-the-dsas-big-enforcement-moment
https://dsa40collaboratory.eu/open-letter-omnibus
https://dsa40collaboratory.eu/open-letter-omnibus
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3) Qutro

Source: Image by Markus Winkler via Unsplash
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| would &% your feedback! (==

~ Please fill out this 3-minute feedback form:
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https://forms.gle/xaRy2Ldr9mU9jGc3A

Thanks for joining the
workshop #+
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