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Introduction

» Societal trends, including digitalization, are primarily studied with self-reports
» Self-reports struggle with recall error and social desirability bias (Baghal et al., 2014; Kreuter et al., 2008)
» Discrepancies between passively measured and self-reported digital media use (parry et al., 2021)

= Online panels have begun collecting digital traces to complement self-reports
» Forexample, this includes the GESIS Panel.dbd and LISS Panel
» Traces are collected based on various approaches, including data donation and web tracking

» Methodological research has mostly focused on collecting traces
» Traces usually lack important context information (wedel et al., 2024)
» Various analytical decisions may influence research outcormes (0choa & Revilla, 2025)
» Thus: Demand for standardized workflows to process, enrich, and analyze traces
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Case Study and Research Question

= Casestudy: Measuring digital streaming behavior in the context of Netflix
» Netflix has more than 260 million subscribers in over 7190 countries (Netflix, 2024)
» Video streaming services foster new viewing habits (Tana et al., 2019; Kaur & Ashfaq, 2023)
» This digitalization trend cannot be studied with self-reports alone (Lobato & van Es, 2025)

= RQ:How can digital traces from Netflix users be transformed into individual-
level genre measurements?
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Method: Trace Collection and Workflow

Data donation (N =126)in Dutch Ipsos 1&0 Panel in 2023 wanesetal., 2025)
» Participants requested and downloaded their Data Download Packages (DDPs) from Netflix

PORT locally extracted relevant traces from the DDPS (goeschoten et al., 2023)
= This includes viewing histories (i.e., titles of series episodes/movies viewed with timestamps)

In total, this resulted in 617,951 traces

» These contain 66,033 unique traces (i.e., different series episodes/movies)
= Traces must be enriched as they do not contain any information on genres and runtimes

Development of a three-step workflow to link, enrich, and transform traces
» Pre-processing step (“extraction of title information”) is not considered in this presentation
» Workflow is connected to The Movie Database (TMDB) APl and autornated in Python
» /tis evaluated by calculating quality indictors for each workflow step

C =4 lab

Computational Survey and S



Workflow: (1) Linkage with TWMDB Identifier |

Series: “The Office”, Season: 2, Title: “Motivation”, Episode: 4

hotstar

the office - 'Y ‘ the

the office

Which oneis it?!
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Workflow: (1) Linkage with TMDB Identifier Il

Series: “The Office”, Season: 2, Title: “Motivation”, Episode: 4

Welcome. ‘
Millions of movies, TV shows and people to discover. Explore now.

. . \\
Trending m This Week )

- -

TMDB ID: 2996
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Workflow: (2) Enrichment with Auxiliary Information

TMDB-1D: 2996, Series: “The Office”, Season: 2, Title: “Motivation”, Episode: 4

Genre Runtime Cast Country

Comedy 27 minutes

Ricky Gervais
(male), Martin

Freeman (male), United Kingdom
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Workflow: (3) Transformation into Genre Measurements

Duration

Absolute
measurement

Michael views 2 hours of
“comedy” content per week.

Frequency

Michael views

4 episodes/movies of “comedy”
content per week.

Relative
measurement

Michael spends 50 percent of
his Netflix time on “comedy”
content.

Of all episodes/movies viewed
by Michael, 65 percent contain
“comedy” content.

Threshold for counting a “view” was viewing at least 0% of an
episode’s/movie’s runtime (alternatively: 70% or 95%).

Hi, I'm
Michael. I like
to laugh.
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Results: (1) Linkage with TWMDB Identifier

Fig 1. Share of exact (gold) and
probability-based (silver) matches (in %)

Quality indicator 100%
Share of exact and probability- 14%
probability S | 1a%
based matches, considering only
unique traces 25%
50%
Calculation 25%
exact matches + prob matches o
exact matches + prob matches O _ )
L e e e Series Movies
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Results: (2) Enrichment with Auxiliary Information

Fig 2. Share of enriched series (gold) and

movie traces (silver) (in %)

Quality indicator

Share of enriched traces,
considering only matched traces

Calculation

enriched traces

enriched traces + non
enriched traces

100%

75%

50%

25%

0%

98%

Runtime

[100Y

Genre

96%| [96%

Cast

9S7%| |94%

Country
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Results: (3) Transformation into Genre Measurements

Fig 3. Pairwise correlation coefficients
between measurements of “comedy” genre

Quality indicator

abs. dur. (0%) 098 089 089 060 060 059 060 059 058
- - abs. dur. (70%) 099 088 089 061 060 060 060 059 058

Robustness to variations abs. dur. (95%) 1.00 060 059 060 058 057 057
IN dNa |\/t| ca | d eclisions: abs. freq. (0%) WGER 100 0.98 065 064 062 071 070 0.68

abs. freq. (70%) 0.85 0.98 1.00

0% vs. 70% vs. 95% threshold abs. freq. (95%) 096  0.99

H rel. dur. (0%) 0.60 0.65
Duration vs. frequency
. U 4 rel. dur. (70%) 0.60 0.60 0.59 0.64 0.65 0.66
AbSOIUte VS. FE|at|Ve measurement rel. dur. (95%) | 059 060 060 062 064 066
rel. freq. (0%) 0.60 0.60 0.58 0.71 0.71 0.71
rel. freq. (70%) 0.59 0.59 0.57 0.70 0.70 0.70
rel. freq. (95%) 0.58 0.58 0.57 0.68 0.69 0.70
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Conclusion

= High volume of traces (n=617,951) necessitates an automated workflow

» Linking traces to the TMDB identifier represents the biggest error source
» Between 10% and 25% of traces could not be linked at all (-> missing data error)
» Probability-based linkages (15% to 25%) may result in erroneous genre attributions

= Analytical decisions differin theirimpact on research outcomes
» Using durations, frequencies, and different viewing thresholds results in similar measurements
» But: Absolute measurements represent genre exposure (-> media effects research)
» /n contrast: Relative measurements represent genre preferences (-> research on media choices)
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Many thanks for your attention!

@jclaass.bsky.social
claassen@dzhw.eu
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Appendix I: Study Participation

Fig A1. Metrics on study participation

Invited participants T 1795 (100%)

Participants starting the websurvey T ] 929(52%)

Participants completing the web survey [ 404(23%)

Participants donating their traces [ 129 (7%)

0 500 1000 1500 2000

2500
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Appendix Il: Sample Characteristics

Tab A2. Sociodemographic sample characteristics

Age (mean) 49 q2
Female gender (%) 48 39
Education
Low education (%) 23 15
Medium education (%) 43 46
High education (%) 34 40
N 404 129
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Appendix lll: Workflow Summary

(1)

(2)

(3)

(4)

C =4 lab

Extraction of title information (using regular expressions)
» Parsing the series or movie title, season number, episode title, and episode number

Linkage with unique identifier in The Movie Database (TMDB)
= Movies are matched based on title; series are matched based on series and episode title
» Probability-based matching if exact matching is not possible

Enrichment with auxiliary information on genres and runtimes
» Retrieved through the TMIDB API using the unique identifier
» /nformation on cast and production country are not substantially analyzed in this presentation

Transformation of traces into individual-level genre measurements
Threshold for counting a “view”: 0% vs. 70% vs. 95% of runtime

Aggregating duration of views vs. frequency of views

» Creating absolute vs. relative measurements (i.e., proportional to overall Netflix usage)
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Appendix IV: Extraction of Title Information

Season Episode
: : \ : : \
“The Office: Season 2: Motivation (Episode 4)”

\ J \ J
! I

Series Title
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Appendix IV: Extraction of Title Information

Fig A4. Share of parsed series and

movie titles (in %)

Quality indicator

Share of parsed series and
movie traces, considering only
unique traces

Calculation

parsed titles

parsed titles + non parsed titles

100%

75%

50%

25%

0%

Series

100%

Movies
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Appendix V: “Drama” Measurements

Fig AS. Pairwise correlation coefficients
between measurements of “drama” genre

Quality indicator

abs. dur. (0%) d 0.92 0.92
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Duration vs. frequency r:';’::"‘gj:
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rel. freq. (0%)
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Appendix VI: “Crime” Measurements

Fig A6. Pairwise correlation coefficients
between measurements of “crime” genre

Quality indicator

abs. dur. (0%) d 0.95 0.93

. . abs. dur. (70%) d 0.95 0.94

R.ObUStness to \'_Ia rlatlons abs. dur. (95%) i 0.88 0.94

in transformation rules: abs. freq. (0%) . 098 092

abs. freq. (70%) b 1.00 0.96

0% vs. 70% vs. 95% threshold abs. freq. (95%) 0.96

Duration vs. frequency r:';::*;;gj’:
Absolute vs. proportional rel. dur. (95%)

rel. freq. (0%)

rel. freq. (70%) | 0.43 0.50

rel. freq. (95%) 0.39 0.43 0.46
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Appendix VII: Digital Data Donation

C - =
| -
— J
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NETFLIX

Request a copy of your information

Request a copy of your personal information from Netflix. The download will include
a copy of your viewing activity on Netflix.

Submit Request

If you have any questions around the personal information contained in your downloadable file, please visit
the help center.
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