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My question

• which popular concepts of “Europe” do newspapers 
reveal?

OR
• has football always been more important than 

Brussels?
AND

• how can we trace concepts of “Europe” in messily 
digitized newspapers?



My question

Three approaches:

1. The mundane
– e.g. crossword puzzels, weather forecasts

2. Visions of/for the future
– e.g. political ideals, philosophical views

3. Popular competition
– e.g. Miss Europe, Eurovision Song Contest, Football



What I need

• A handy toolbox
– to trace conceptual change
– in ± big data
– of not so very good quality
– over a longer period of time
– in more than one language

• comparative analysis over time and space



Data

• “messy data”

susleraJüp = <zusterschip>
.üremer“ = <“Bremer”>
U watcrlulng = <te waterlating>
vci trautfd4* = <vertraagd is>

Rotterdamsch nieuwsblad, 08-01-1930



Toolbox, January 2016
• which accessible & robust tools do we actually have?

nGrams (e.g. Delpher)
> insightful but too simple & too rigid



Toolbox, January 2016
• which accessible & robust tools do we actually have?

semantic text-mining (e.g. Texcavator)
> temporal dimension, proven, but restricted to KB corpus



Toolbox, January 2016
• which accessible & robust tools do we actually have?

corpus linguistics (e.g. Antconc)
> proven, but no temporal dimension



Toolbox, January 2016
• which accessible & robust tools do we actually have?

topic modelling (e.g. Mallet)
> proven, but no temporal dimension



Toolbox, January 2016
• which accessible & robust tools do we actually have?

text analytics package (e.g. SPSS Modeler)
> proven, but no temporal dimension & black box



Toolbox, January 2016
• which accessible & robust tools do we actually have?

vector-space modelling (e.g. ShiCo)
> temporal dimension, unproven & black box



Case: analysing the mundane

assignment
• “determine the frequency of locations mentioned in 

weather forecasts and plot them on a dynamic, time-
based graph”

hypothesis
• “weather forecasts offer insight into the geographical 

dimensions of a popular concept of Europe”



Weather forecasts

WEER IN EUROPA  
Door het zich naar Zuid west-lerland 
terugtrekken van een hoge-drttkgebied 
stroomt minder koude lucht van de 
Oceaan West- en Midden-Europa 
binnen. Koud blijft het nog in het zuiden, 
met temperaturen in Spanje en aan de 
lUvlèra van vijf tot tien graden. Ook in 
het Alpengebied blijft het nog winters 
met enige sneeuwval, maar later zal de 
zachtere lucht verder naar Midden-
Europa doordringen.



Problem

no immediately available tool could help me to perform 
this simple assignment

so I tried a little
self-reliance



Weather forecasts: methodology

• at some point in your research, write down your 
methodology

• it helps you to better understand what you have been 
doing

• weather forecasts required a 4-step methodology



Methodology: Step 1

1. Extract dataset of weather forecasts
1. Extract per decade from the KB terrabyte all articles 

and advertisements published between 1880 and 1990 
containing the word “temperatu*”

2. Reduce the dataset to records that are very probably 
weather forecasts, using the query “isstartstring(article_dc_title,"weerber"), or 

isstartstring(article_dc_title,"weerkundig"), or hasmidstring(article_dc_title,"ivierberi"), or hasmidstring(article_dc_title,"emperatu"), or hasmidstring(article_dc_title,"eerberi"), or 
hasmidstring(article_dc_title,"eerkun"), or hasmidstring(article_dc_title,"eerover"), or hasmidstring(article_dc_title,"eersge"), or hasmidstring(article_dc_title,"eerstoe"), or 
hasmidstring(article_dc_title,"eerverw"), or hasmidstring(article_dc_title,"meteo"), or hasmidstring(text_content,"weerb"), or hasmidstring(text_content,"weerk"), or 
hasmidstring(text_content,"weerover"), or hasmidstring(text_content,"weersge"), or hasmidstring(text_content,"weerstoe"), or hasmidstring(text_content,"weerverw"), or 
hasmidstring(text_content,"meteo"), or hasmidstring(text_content,"vorst"), or hasmidstring(text_content,"bewolk"), or hasmidstring(text_content,"buie") , or 
hasmidstring(text_content,"dooi") , or hasmidstring(text_content,"droog"), or hasmidstring(text_content,"graden"), or hasmidstring(text_content,"hitte"), or 
hasmidstring(text_content,"visser"), or hasmidstring(text_content,"koud"), or hasmidstring(text_content,"neerslag"), or hasmidstring(text_content,"onweer"), or 
hasmidstring(text_content,"opklaring"), or hasmidstring(text_content,"regen"), or hasmidstring(text_content,"sneeuw"), or hasmidstring(text_content,"storm"), or 
hasmidstring(text_content,"vries"), or hasmidstring(text_content,"warm"), or hasmidstring(text_content,"wind"), or hasmidstring(text_content,"wolke"), or 
hasmidstring(text_content,"zonn"), or hasmidstring(text_content,"Bilt"), or hasmidstring(text_content,"Bildt"), or hasmidstring(text_content,"storm"), or 
hasmidstring(text_content,"uchtdruk"), or hasmidstring(text_content,"arometer"), or hasmidstring(text_content,"Barom"), or hasmidstring(text_content,"depress")”

3. Further reduce the dataset to records that are 
exclusively weather forecasts

4. Divide dataset into subsets based on newspaper titles 
(different newspapers have different OCRs)



Methodology: Step 2

2. Get a list of place names and further refine dataset
5. Differentiate between

• towns/cities: Leuven, Sint Job in ’t Goor, Silly, Corny
• countries: Ireland, Germany, Lichtenstein
• regions within a country: Friesland, Bavaria 
• regions across countries: Lapland, the Alps

6. Generate a basic list of place names to further refine 
the dataset

7. Remove all records that mention only De Bilt 
(“d[\s\S]*?bilt”)

8. Get list of names for each category (see 5):
- e.g. github.com/David-Haim /CountriesToCitiesJSON



Methodology: Step 3

3. Determine frequencies of place names in datasets
9. Create a list of name variants using regular expressions

• Zürich = z[uüe]{1,2}rich|[uüe]{1,2}rich|zÃ¼rich|z[lt]irich|zurieh
• West Germany = west[\s\-]?deuts.{1,5}d|west[\-\s]?du[\s]?it[s\s]{0,2}land

10.Determine frequencies of place names in data set
11.Use and augment a list of geographical stopwords (= false 

place names, n= 3,135)
• “alexander”, “hjo”, “zomergem”

12.Use and augment list of mistaken identities
• “middelburg; Belgium”, “los angeles; Spain”, “china; Russia”

13.Repeat 10 through 12



Methodology: Step 4

4. Normalize and plot on map
14.Normalize frequencies of place names over the total 

number of records per dataset
15.Obtain coordinates for place names (lat & long)
16.Plot place names and frequencies on map
17.Take a very long vacation



Methodology: which tools?

1. Texcavator
2. SPSS Modeler
3. Excel (manual)
4. SPSS Modeler
5. Excel
6. Python 3 script
7. Python 3 script
8. Browser
9. Regex editor

10.Python 3 script
11.Python 3 script
12.Python 3 script
13.Python 3 script
14.Python 3 script
15.Hamster maps
16.Carto DB / Google Fusion 

Tables
17.EasyJet



import pandas as pd
import numpy as np

# get input
name_file = pd.read_csv('OriginalNames_Regex.csv', sep=(';'), names=['Concept', 'Concept+', 'Category', 
'Country', 'Regex', 'Latitude', 'Longitude'], encoding='ISO-8859-1')
name_pat = (name_file['Regex'])

prompt1 = input('Please insert the name of the TRUE data file you want to process \n')
prompt2 = input('Please insert the name of your RAW output frequency file \n')
weather_file = pd.read_csv(prompt1, sep=(';'), names=('_id', 'paper_dc_date', 'paper_dc_language', 
'paper_dc_title', 'paper_dc_publisher', 'paper_dcterms_issued','paper_dcterms_spatial', 
'paper_dcterms_temporal', 'paper_dcx_issuenumber','article_dc_subject','article_dc_title', 'text_content'), 
encoding='ISO-8859-1')

#generate frequencies of regex names
content = pd.Series(weather_file['text_content'])
name_dict = {}
for name in name_pat:
    name_dict[name] = 0
result_list = []
for item in name_dict:
    result = content.str.contains(item, case=False, regex=True).sum()
    if result == 0:
        pass
    elif result > 0:
        result_list.append([item, result])





Normalised 
frequency of towns 
in weather 
forecasts

De Telegraaf

1950-1959

n = 1,142



Lessons learnt, September 2016

self-reliance: boon or bane?

PROS or CONS
– programming is pleasant (great fun!)
– method is mandatory (write up your stuff)
– numbers are needed (you can’t avoid statistics)
– autonomy is arduous (time, time, time)
– halting is hard (where or when to draw the line?)



Lessons learnt, September 2016
there isn’t really very much out there (yet)
• the available tools are great but they are only a first step
remain in control
• insight into tools is crucial but involves blood, sweat, tears, 

pain, suffering, anguish, despair, depression... and time
help is expensive
• if you are poor, be self-reliant
get results
• you won’t be taken seriously otherwise
small is better
• work with specific tools in a circumscribed area
innovation often sucks
• funding institutions need to think about their language


