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Big-Data & (Social-)Science

 Digitaliztion brings data tracks (of human behavior) = 
datafication

 Big-Data as unstructured, heterogeneous data bulk

 Exploitation and Management of data

 A huge chance for (social) science

 Nessecarity of high quality standards
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Definition & Relevance
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Big-Data & (Social-)Science

 Exploitation of Big-Data sources for CSS
 setup of a new data infrastructure

 Data management for a sustainable access to research data
of high quality

 Technical interfaces to combine process chains

 Solution: digitized process chains for Big-Data exploitation
and analysis
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Big-Data as a challenge & a chance
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Case: MA IntermediaPlus data

 Yearly gathered, cross sectional study for German media reach;
conducted by commercial interests

 Data typ: survey & technical measures/tracking

 Big-Data: over 18.000 variables & 1,6 mio cases (for 2014 to 2016)

 Content:

 Media reach for & media use of ~12.000 online offerings, 150 
magazines, 100 newspapers, 100 radio channels, 10 tv-channels

 Further info on respondents like socio demographics, daily routine, 
free-time activities, habits and household

 Target: a structured, longitudinal dataset for academic research
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Big-Data & Social Science
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Solution Model I.
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Solution Model II.
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Technical Interfaces

• Adapt & structure the
data formats for
CharmStats

SPSS & Excel

• harmonization
• documentation

Charmstats Pro
• MySQL as storage

medium
• python as efficient

language for statistical
analysis

CharmStana

Import

Transfer of the relevant Info
Half-automized
matching with
SPSS-data (target & source variable, 

coding of values)
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Interface I.: Data documentation
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Interface I.: Data documentation
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Interface I.: Data documentation
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Interface II.: gesis Harmonization-HUB
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Interface II.: gesis Harmonization-HUB
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Interface III.: Charmstana

13 Entwickelt mit 
Tanja Roeder (BA)
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Interface III.: Charmstana
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DEEP-DIVE

How to structure (Big-)Data?

Fußzeile15
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Solution Model I.
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Media-Analysis Data: Intermedia Plus

 100 radio broadcasts, usage per hour

 150 magazins & 100 newspapers (incl. local newspapers)

 10 TV-channels, usage per 30 minutes

 ~ 3000 Online sites (net coverage on a daily, weekly, monthly basis; cross
coverage on a monthly and quarter basis)

 ~ 733 overall online media

 335 single online sites

 52 homepages

 Goal: harmonization of Intermedia Plus 2014 to 2017+
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Variables for media use
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Step 1: Find a structure

18

The case: MA Intermedia Plus, online-tranche
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Step 1: Find a structure
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The case: MA Intermedia Plus, online-tranche
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Step 1: Find a structure
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Use structure for CharmStats and data documentation

full entity single entity business model
(content)

genre

Structure SINGLE entity with CONTENT business model by
genre

Structure FULL entity by business model
e-Commerce Context Content Connection Games

Structure by online format
full entity single entity
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Step 1: Find a structure
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What to think of before harmonizing 
(Big-)Data

 What is my research interest?

 What info in my data can I use as structure?

 What info do I need/want to add my data anyway?

 How should the final result look like?

 CharmStats helps providing a formal structure
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Structure your (Big-) Data smart
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How to manage Big-Data (well)

 Data exploitation is relevant for social science
 New data sources through digitalization

 Need for a set up of digital-data infrastucture to support secondary data
analysis and re-analysis

 Data management as key to Big-Data in social science, follwoing
the quality standards of academia:
 transparency, 

 intersubjectivity, 

 replicability, sustainability, etc.

 Solution: digitized process chains
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BACKUP-SLIDES

CharmStats

Fußzeile25
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Step 2: Import to CharmStats
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The case: add the information you want
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Step 3: data-processing with
CharmStats Pro
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Categorical & nominal Variables
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Step 3: data-processing with
CharmStats Pro
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metric Variables
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Step 3: data-processing with
CharmStats Pro
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metric Variables
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Step 3: data-processing with
CharmStats Pro
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The case of virtual Variables (text based)
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Step 3: data-processing with
CharmStats Pro
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The case of virtual Variables (text based)
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Step 4: Produce output

 The report feature is used to output project content. 
Templates allow user-defined extraction of content, using an 
html formated document inter-spersed with keywords.

 Keywords and their interactions with the template are
provided by plugins.
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Report as data documentation
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CharmStats Pro

 CS Libary as an archive and exchange plattform

 Literature

 Work in Teams

 In Mail

 User-specified „tracking“ and reports

 Usage for experiments: Make Intensions, concepts and
tretments visible
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Further Features
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Synopsis

Situation in (social) science: lack of tracability through 
insufficient data-documentation, esp. in case of big data

Advantages of CharmStats:

1) Documentation of measurements (shown today)

2) Documentation of stimulus, treatments like pictures, 
questionnaire (not shown today)

3) Documentation of data processing and syntax (shown today)
esp. through CharmStats-Library (launched for 2019)

4) Output for different statistical programs (shown today)
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What is CharmStats for?
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The solution: CharmStats Pro
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A digital solution

Study level

Question level

Variable level

Study level

Question level

Variable level

Study level

Question level

Variable level

V1

V2

V3

CharmStats
interface

Imports all relevant metadata 
with SPSS, DDI, Excel and/or by 
hand*

MySQL 
Database

*Also handles literature citations, notes, weblinks, etc.
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The Case: Media-Analysis Data

 yearly gathered cross-sectionally by ag.ma measuring media
use for commercial purpose since 1954

 two main datasets: pressmedia (1954-2015) & radio (1977-2015)

 Pressmedia: ~7.600 Variables, < 1,2 Mio cases

 Radio:  ~25.000 Variables, < 1,6 Mio cases

 One „new“ dataset: online

 One combined dataset: Intermedia (Plus) (1999-2014-2017)

 since 2014: ~18.600 Variables (downsized), < 1,2 Mio cases

 Intermedia Plus is a result of a joint venture of ag.ma, agof & 
AGF/GfK
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Media-Analysis Data

 Socio-demographic variables

 variables regarding the daily routine (per hour and more detailed), 
e.g. sleeping, eating, driving to work, taking the bus, housekeeping, etc.

 free time activities, e.g. read books, do sports, go out, go to cinema, etc.

 habits of household and respondent, e.g. have a Laptop, a car, 
mobile, telephone, TV-Abo (e.g. Sky), a flat, pets, etc.

 media use, e.g. reading newspapers (SZ, FAZ, tz, …), magazines (Automobil, 
AutoBild, Lisa, Bravo, …), listening to radio per hour and more detailed (Antenne 
Bayern, Hessischer Rundfunk 1-3, WDR, 1 Live, KissFM)

38

Variables
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