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Zusammenfassung 

Der Begriff „Spatial Humanities“ erfasst den Einfluss des geographischen Raumes 
auf menschliches Verhalten und kulturelle Zusammenhänge und wird oft in Bezug 

auf Datenanalyse von sozialen Netzwerken verwendet. Die Idee menschliche 
Bewegungen, aber auch Meinungen und Gefühle basierend auf Twitter mit Hilfe des 
„Citizen as Sensors“-Prinzip zu analysieren, ist in diesem weiten Forschungsgebiet 

derzeit ein heißes Thema. In dieser wissenschaftliche Ausarbeitung werden so 
genannte geotagged Tweets verwendet, also Tweets mit räumlicher Information, 

entweder in der Form von genauen Koordinaten oder ungenaueren Bounding-Boxes. 
Diese Arbeit basiert auf einer Teilmenge einer weltweiten Sammlung von ca. 
2 Milliarden Tweets die innerhalb des letzten Jahres an der Universität Florida 

mittels Twitter Application Programming Interface (API) gesammelt wurden. Der 
Umgang mit einer solchen Menge an Daten birgt einige Herausforderungen, wie z.B. 

Data-Processing und Speicherung, welche mittels Datenbanken auf einem 
geeigneten Server ausgeführt werden. Das untersuchte Ereignis dieser Ausarbeitung 
ist der derzeitige Flüchtlingsstrom nach Europa, hauptsächlich aus dem Mittleren 

Osten, aber auch aus Afrika, verursacht durch politische und wirtschaftliche 
Instabilität. Es werden existierende Methoden der räumlichen Datenanalyse 

eingesetzt, um räumlich-zeitliche Bewegungsmuster von Flüchtlingen zu 
identifizieren und zu visualisieren, und um zu zeigen, ob und wo es eine Reaktion 

der Bevölkerung auf Flüchtlingsströme in Asylländern gibt. Dies wird durch die 
Kombination von Trajektorien-Extrahierung und Textanalyse, unter Verwendung von 
Keyword-basierenden, flüchtlingsrelevanten Hashtags bewerkstelligt. Um Tweets 

mit fehlender notwendiger Genauigkeit oder Tweets, die von automatisierten Skripts 
oft für Marketingzwecke erzeugt wurden, zu entfernen, kommen einige Filter als Teil 

der Vorverarbeitung zum Einsatz. In einem nächsten Schritt werden Tweets für die 
allgemeine Region, Europa, Teile des Mittleren Ostens und Afrika, in der 
Flüchtlingsströme analysiert werden sollen, extrahiert. Ergebnisse zeigen, dass 

Twitter von Flüchtlingen nicht regelmäßig genutzt wird. Orte und Zeitpunkte an 
denen getwittert wird ergeben somit nicht die erwarteten Trajektorien-Muster 

bezüglich Tweet-Häufigkeit. Folglich ist das automatisierte Extrahieren von 
Trajektorien eine Herausforderung und führt zu spärlichen Ergebnissen.  Dennoch 
erlaubt die Kombination aus räumlich-zeitlicher Information von Tweets und deren 

Hashtags, kombiniert mit einigermaßen gelockerten räumlich-zeitlichen 
Trajektorien-Filtern, das Identifizieren einiger wahrscheinlicher Trajektorien 

tatsächlicher Flüchtlinge. Des Weiteren identifizieren Clusteranalysen mit Hashtags 
von Tweets Standorte an denen Flüchtlingsrelevante Themen auf dieser Social-
Media Plattform Twitter häufig erwähnt werden. Die räumliche Anordnung dieser 

Cluster zeigt ein annäherndes Bild der Flüchtlingsrouten vom Mittleren Osten nach 
Europa. 
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Abstract 

The term “Spatial Humanities” captures the influence of geographic space on human 
behavior and cultural relations and is often used in the context of data-analysis of 

social-media networks. The idea of analyzing human movements, but also opinions 
and feelings with the “Citizen as Sensors” principle based on Twitter is currently a 
hot topic in this wide-ranging research field. This study uses so called geotagged 

tweets, which are tweets with spatial information either in the form of accurate 
coordinates or as more inaccurate bounding boxes. The research is based on a 

subset of a worldwide collection of about 2 billion tweets that was gathered via the 
Twitter Application Programming Interface (API) over the past two years at the 
University of Florida. Handling such a massive data set holds many challenges, e.g. 

data processing and storage, which is conducted on databases located on a suitable 
server. The event examined in this study is the current flow of refugees mainly from 

the Middle East, but also from Africa, to Europe caused by war, political and 
economic instability. Therefore existing methods for spatial data analysis are 
processed to identify and visualize spatio-temporal movement patterns of refugees, 

and to perform event analyses to show if and where there is population’s reaction to 
refugee flows in countries of asylum. This is achieved by combining trajectory 

extraction and text analysis using refugee-related, keyword-based hashtags. As part 
of data pre-processing several filters were used to remove tweets that lack 

minimum required spatial accuracy or that were created by automated scripts, 
which is often used for marketing purposes. In a next steps, tweets were extracted 
for the general region for which refugee streams were to be analyzed, covering 

Europe, part of the Middle East, and part of Africa. Results show that refugees do 
not tweet on a regular basis. This means that tweet locations and times do not 

reflect an expected trajectory pattern in terms of tweet frequency, which renders 
automated trajectory extraction challenging and leading to sparse results. However, 
combining spatio-temporal and hashtag information from tweets, in combination 

with somewhat relaxed spatio-temporal trajectory filters, allows to identify a few 
likely trajectories from actual refugees. Cluster analysis of tweets with hashtags 

identifies furthermore locations where refugee-related topics are frequently 
mentioned in this social media platform. The spatial arrangement of these clusters 
draws an approximate picture of refugee routes from Middle East and Africa to 

Europe.  
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1. Introduction  

1.1. Motivation  
“Spatial Humanities” captures the influence of geographic space on 

human behavior and cultural context. This term is often used in the 
context of data-analysis of social-media networks. Specifications from 
social media platforms and phone records are, among others, data 

sources to study human movement patterns at the city scale 
(Azmandian et al. 2013; Lenormand et al. 2015), at the national scale 

(Krumm et al. 2013), and at the worldwide scale (Hawelka et al. 2014). 
The idea of analyzing human movements, but also opinions and 
feelings with the help of Twitter is currently a hot topic in this wide-

ranging research field. Twitter is utilized every day by about 100 million 
people all over the world and thus became one of the primary sources 

that provides spatio-temporal as well as semantic information for 
human movement analysis. These so called geotagged tweets are 
implying additional information about the user location at the time of 

tweeting in the form of points with geographic coordinates, or less 
accurate as bounding boxes. With this spatio-temporal data analysis of 

e.g. human mobility perturbation due to natural disasters, such as 
hurricanes (Wang & Taylor 2014) or the modeling of the spread of 

diseases from tweets at airports around the world (Brennan et al. 
2013) can be processed. Political instability and wars in the Middle East 
have led to a growing flow of refugees from that region (especially 

Syria, Afghanistan and Iraq) to Europe and other regions of the world 
(Figure 1). 

 
Figure 1: Important refugee flows to Europe along and through the 

Mediterranean Sea (ORF 2016) 
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This research applies a range of clustering and visualization methods to 

analyze refugee trajectories that originate from the Middle East. It 
attempts also to correlate these fluctuations in refugee flows with 

known locations or flows. A second objective of this study is to apply a 
tweet analysis of the local population in refugee destination countries 
as well as countries along the way of refugee routes using tweet text. 

The analyses identify regions within selected European countries where 
refugee-related hashtags are mentioned. To perform such analyses, 

text extraction and the search for certain topics is necessary (Cerutti et 
al. 2016). 

1.2. Problem definition 

The research focusses on a current incident, namely the political 
instability and war in the Middle East, which have led to a growing flow 

of refugees. For this purpose the project area consists out of countries 
that are currently mostly affected by refugee flows, e.g. the Middle 
East (especially Syria, Afghanistan and Iraq) and countries along the 

routes to Europe. In this study it is hypothesized that Twitter as a 
source is suitable to give conclusions about the refugee flow, mainly 

from the Middle East, to Europe (Figure 2). The main research problem 
of this study is to identify spatio-temporal refugee movement patterns 

based on geotagged tweets. Therefor a subset of a worldwide collection 
of about 2 billion tweets was gathered over the past year at the 
University of Florida. This massive data set holds many challenges 

itself, e.g. processing. After applying data cleaning and filtering 
methods of geotagged tweets, e.g. by removal of advertisements and 

promotional tweets, it is expected that the spatial information attached 
to geotagged tweets, i.e. the geographic coordinates of a tweet, can 
help to identify individuals, who are most likely refugees. Based on the 

change in geographic coordinates of tweets sent by the same 
individual, a trajectory can be extracted for that individual, as well as 

the person’s most likely home region. Once the trajectories of potential 
refugees are found, they have to be evaluated. Therefor another 
important source, the tweet text itself has to be used. It helps to find 

refugee-related tweets to mark single users as real refugees, but also 
to analyze if there is a reaction and its change over time in refugees’ 

destination countries, with the focus on Austria, Germany and two 
countries on the main routes, Greece and Italy. The main question to 
be answered through the method of text mining is how the increasing 

flow of refugees influences the frequency of topic-related reactions. The 
use of multiple languages within a single tweet or informal writing style 

are causing problems in the analysis process. Even though only a few 
languages are needed for the analysis there are many challenges that 
have to be considered. 
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Figure 2: Refugee flows from Africa and the Middle East to Europe in 

July 2015 (SAARINEN & OJALA 2015) 

1.3. Methods of Solutions  
To analyze these flows pre-processing is necessary, such as narrowing 
the data down to the research area and filtering the noise e.g. 

removing advertisements and promotional tweets. Then existing 
methods of trajectory extraction, aggregation, generalization and also 

different visualization methods for spatio-temporal data are applied to 
finally identify the movement patterns. The use of Twitter as a data 
source and as the basis for declarations poses the question of data 

reliability and distribution. Therefor data of the UN Refugee Agency 
provides, however, a useful reference dataset with known flows of 

refugees between countries. Also a statistical evaluation of the dataset 
gives an idea of the informative value of geotagged tweets. To evaluate 
the data, but also to give conclusion about the locations of people’s 

reaction on refugee-flows to Europe, different hashtag extractions by 
using refugee-related keyword lists are implemented and visualized. 

1.4. Expected results 
One outcome is a conceptual analysis model that incorporates a 
selection of explored methods and necessary parameters for the 

implementation. The next important outcome of this study is a 
quantitative description of refugee flows in the space-time domain, and 

a critical discussion of twitter data reliability and completeness in the 
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context of the conducted data analysis. Compiling the trajectories from 

many individuals a pattern similar to the ones mapped in Figure 2 could 
potentially be observed. These mapped patterns show the streams of 

refugees from Africa and the Middle East at a specific date, based on 
data derived from the UN Refugee Agency. The histogram above the 
map shows the change in frequency of refugees over time. The 

documentation of the implementation and the implementation itself are 
parts of the results, including used software and all the selected 

parameters, algorithms and methods of visualization. Furthermore the 
results include statistical analyses, visualizations (maps, tables and 
diagrams), interpretations, and data validation and evaluation based on 

reference datasets. 

1.5. Structure of the Thesis  

Starting with the theoretical background, which includes basic 
information about Twitter, its users, API, tweet location and privacy a 
short introduction to the used server, data base and software is 

following. After that a closer look is given to used data sources and 
their data quality, including tweets, a reference data set and used 

basemaps. Then the main part of the thesis starts, the methodology 
and implementation, describing the research problem, the workflow, 

data preprocessing and the main methods of bot-filtering, text and 
movement analysis, including all used analyses and visualization 
methods. The thesis ends with the presentation of results, their 

interpretation, discussion, as well as a conclusion and an outlook for 
future work. 

2. Theoretical background 

2.1. State-of-the-art and best practice  
In general the possibility for users to share in actively and create 

contents by using mobile applications and location-based services is 
only given because of our current technology, like mobile devices with 

GPS functionality, high perfoming computers, but also broadband 
internet connections providing advanced server and client-side key 
technologies (Steiger et al. 2015). 

The availability of this data motivates to use it as a source or basis for 
studies of all kinds. One type of data is so called Volunteered 

Geographic Information (VGI) where Goodchild’s “Citizen as Sensors” 
principle is used (Goodchild 2007). Twitter data itself is free available 
but useable under certain licence conditions. According to an advanced 

systematic literature review on spatio-temporal analyses of Twitter 
data by Steiger et al. (2015) location-based social networks like Twitter 

are representing a promising but not matured research field in 
Geographical Information Science (GIScience). Tweets are mainly used 
for analysing and detecting events, in detail mainly disaster, disease, 

health and traffic management (Figure 4) (Steiger et al. 2015). The 
spread of diseases at airports around the world was e.g. modeled by 

Brennan et al. (2013) or human mobility perturbation due to natural 
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disasters, such as hurricanes, by Wang & Taylor (2014) or floods by 

Cerutti et al. (2016) are a few examples. 
The implemented methods are highly dependent on the content and 

attributes extracted from the Twitter data. As seen in Figure 4 the 
Twitter information used in most reviewed papers are semantic, thus 
non-spatial, the second most frequent information is of spatio-temporal 

and semantic nature and the least frequent information used is spatio-
temporal (Steiger et al. 2015). 

The advantage of using both information types (spatio-temporal and 
semantic) for analyses is that events or movements can be evaluated 
and linked to certain happenings by using the content itself, e.g. tweet 

text, language information etc. 

 
Figure 3: Specific application domain in reviewed papers (Steiger et al. 

2015)  

 
Figure 4: Used Twitter information in reviewed papers (Data source: 

Steiger et al. 2015) 
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Several gaps and shortcomings were revealed by the advanced 

literature review of Steiger et al. (2015). Among them are missing 
spatial analysis methods for location-based social networks like Twitter, 

a lack of methods including geographical scale effects, missing 
combined methods of data analysis like semantic, spatio-temporal and 
general social network analyses all at once. Data fusion, not only for 

reference purposes, but also for improvement of resulting information 
or data extraction is another found gap in analyzing Twitter data 

(Steiger et al. 2015). 

2.2. Twitter 
Twitter is defined as a free networking microblogging service, which 

provides users to broadcast short posts called tweets. After the 
registration members can broadcast tweets and follow other users’ 

tweets. This is also possible by using multiple platforms (e.g. 
Instagram, Foursquare etc.) and devices. Most used platforms, thus 
tweet sources, are shown as word cloud in Figure 5. Tweets and replies 

to tweets, so called retweets, can be sent by posting at the Twitter.com 
website, but also by cell phone text messages or desktop clients. Unlike 

to Facebook or LinkedIn, default settings for Twitter are public, which 
means that anyone can follow anyone on Twitter. One important 

characteristic about tweets, especially in terms of datamining, is the 
use of hashtags. A hashtag acts like a meta-tag and is expressed as 
“#keyword”. Just by adding such a keyword to a tweet, it has the 

power to weave the tweet into a conversation thread or connect it to a 
general topic. A tweet is limited to 140 characters, it is permanent, 

searchable and public, also for nonmembers (WhatIs.com 2013). 

  
Figure 5: Most frequent twitter sources (bot-filtered data) 

2.2.1. Twitter-User 
For millions of people Twitter is part of their daily life. Tweets are used 

to communicate with acquaintance, friends or family members, but also 
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for offering recommendation services, real-time news or to share all 

kinds of contents (Pennacchiotti & Popescu 2011). 
Figure 6 shows available information on Twitter such as meta-data 

about the user and the posted tweet with possible contents. 

 
Figure 6: Twitter infographic (Uddin et al. 2014) 

To analyze tweets to a certain topic, it is important to be aware of 
different types of users and their tweet purposes. To get a hold of 

research relevant users, different methods of classification can be used. 
On Twitter users of different origin, cultural background, political 

attitude and gender register and use Twitter on different purposes and 
with various intensity. These types of users can be identified by a 
general model for user profiling. This model describes profile features 

like user location and gender identification, the tweeting behavior, the 
linguistic contents and the whole social network of users. So questions 

like 
 “Who you are” 
 “How you tweet” 

 “What you tweet” 
 “Who you tweet”  

can be answered to a certain probability. User attributes like political 
affiliation, ethnicity or the fact of being a Starbucks fan can be detected 

(Pennacchiotti & Popescu 2011). 
Another, more basic and for this study more relevant method of 
classifying users is to answer the simple question of “What are you”. 

This method concentrates on the decision, whether a user is:  
 Human 

 Bot 
 Cyborg 

To be a bot means, that the user consists out of an automated program 

and therefore is not “real”. Cyborgs are referring to either bot-assisted 
human or human-assisted bot. Using entropy measure humans have 

complex timing behavior, i.e. high entropy, whereas bots and cyborgs 
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are often given away by their regular or periodic timing, i.e. low 

entropy. Certain account properties, like external Uniform Resource 
Locators (URL) ratio and tweeting device makeup, are very helpful on 

detecting automation (Chu et al. 2012). 
Based on the information provided by Twitter profiles and users’ 
tweeting behavior, another method to categorize users is to divide 

them, similar to the former method, into “real” and “unreal” users like 
the following: 

Real-users: 
 Personal users 
 Professional users 

 Business users 
Digital actors: 

 Spam users 
 Feed/news 
 Viral/marketing services 

(Uddin et al. 2014) 
Depending on the research topic, different bot-cleaning methods can be 

used. One of the most common is to filter the tweets by speed 
(Azmandian et al. 2013; Lenormand et al. 2015). High speed, e.g. 

faster than 1000km/h, between two following tweets from one user is 
often an indicator of automated activity. Another method to identify 
tweets broadcasts by bots or cyborgs is to calculate Pearson's Chi-

square test for independence for each user and its tweets. Relating to 
tweets the independence between seconds-of-the-minute and minutes-

of-the-hour is examined. The resulting value, the so called p-value, 
shows then the significance level and thus the grade of independence 
of each user according to their time of tweeting. Tweets of common 

users, or rather humans, are showing a high level of independence, 
which means a low significance level, over time. In the contrary the 

significance level of bot-made tweets are showing a high significance 
level, which means that there are obviously certain time-patterns or -
intervals, which humans are typically not producing manually (Zhang & 

Paxson 2011). 

2.2.2. Twitter API 

With the Streaming APIs developers have low latency access to 
Twitter’s global stream of tweet data. This means that public, user or 
site streams can be downloaded by making a very long lived Hypertext 

Transfer Protocol (HTTP) request and by parsing the response 
incrementally (Twitter Inc. 2016b). 

The resulting dataset is JavaScript Object Notation (JSON) encoded, 
which is a format easily to read and write for human and also easy for 
machines to parse and generate. JSON is built on two structures, 

key/value pairs as objects and an ordered list of objects, an array. 
(json.org 2016) This structure is shown and described in Figure 7. 
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Figure 7: Attributes of an geotagged tweet in JSON format (Krikorian 

2010) 

2.2.2.1. Tweet location 
To store the location of one tweet the user must turn the location 

“on”. This inaccurate location consists out of a polygon. To get 
an exact user location, which means a point information with 
latitude and longitude, users must give explicit permission with 

every single tweet. The possibility to store a place name, e.g. 
Orlando, is also given. The exact geo guidelines are available at 

the Twitter’s developer documentation page (Twitter Inc. 
2016a). 
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2.2.2.2. Privacy 

Working with geotagged tweets, which means to collect and 
store, analyze and visualize movement data of individuals, thus 

personal positions, raises the serious question of privacy 
(Giannotti & Pedreschi 2008). In general no information about 
any particular person should be disclosable. Therefore movement 

data has to be somehow anonymized. One possible method to 
solve this privacy concern is to generalize the data and replace 

exact positions by approximated ones (Andrienko & Andrienko 
2010). This study concentrates on general movements of 
refugees to Europe, so the user trajectories based on geotagged 

tweets have to be summarized anyway. Only roughly routes and 
the number of individuals moving on these routes are shown. 

3. Data sources and quality 

3.1. Data to be analyzed: Tweets 
Twitter is used all over the world. Figure 8 shows the countries of the 

world using Twitter the most frequent. It is obvious that the highest 
user activity is located in the US and Canada, India, Japan, Europe 

(especially United Kingdom, Germany and Spain), Indonesia, Australia 
and Brazil. 

  
Figure 8: Top 10 countries in using Twitter, percent of site traffic 

(MarketingGum 2016) 

For this study, out of about 2 billion tweets obtained through the 
Twitter streaming API, exactly 956,689,311 geotagged tweets are used 

as a basis of all further processes and analyses. This massive data, 
using several Terabytes of storage, represents the Twitter activities of 
one part of the northern hemisphere, including most parts of Europe, 
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Asia and the northern part of Africa. It covers the time span of "2014-

10-14 17:12:28" - "2015-03-31 17:10:29", thus about one year of 
spatial data was collected. To increase the chance of finding suitable 

tweets for further analyses the used data set also contains more 
inexact locations described by a bounding box. Figure 9 shows the 
proportion of the data in terms of these two available geometry types, 

point and polygon. 

 
Figure 9: Proportion of the whole Twitter data set in terms of two 

different geometry types 

The points are representing the accurate user location and polygons 
the orthogonal, horizontal bounding box with different size depending 

on the particular place and place type, e.g. Berlin of type city. So the 
bounding box polygon is determined by enclosing the most accurate 
place type and place available or set by the user. In terms of data 

completeness it also has to be mentioned that the continuity of the 
streamed tweet data is not even. A few days in February, March, 

September and October 2015 are missing (Figure 28: Streamed tweets 
per day for the whole time period, already bot-filtered, page 28). In 
general the streamed dataset of geotagged tweets is limited by the 

null-meridian and the equator, so that parts of Europe like Portugal and 
parts of Spain and the United Kingdom and also the western and 

southern part of Africa are missing (Figure 10). 

 
Figure 10: Streamed Twitter data set unfiltered (Country shapefile: 

gadm.org 2015) 
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A sample of one hour was extracted to show the general distribution of 

the streamed geotagged tweets. Figure 11 shows this dataset 
visualized as a point pattern in black. It can be seen, that mainly 

people in Europe, located in Germany, Italy and Turkey and in the 
eastern part of Asia are using Twitter. In the Middle East data is mainly 
available in capital cities and along coasts. In Africa and Central Asia 

Twitter is barely used. 

 
Figure 11: One hour sample from "2015-01-15 14:00:00" till "2015-

01-15 15:00:00" of the streamed, unfiltered Twitter data set (Country 

shapefile: gadm.org 2015) 

3.2. Reference Data: UNHCR 
To form conclusions about the movement analysis based on tweets a 
data set with comparable data is needed. The reference data source 

should be trustworthy and offer data about all relevant regions and the 
relevant time period used for analysis. Therefor the UN Refugee Agency 

provides monthly information about asylum applications lodged in 
38 European and 6 non-European countries starting in the year 1999. 
Available attributes are the origin, asylum, the year and month of the 

arrival and the number of asylum seekers. Some data is missing or 
rather cannot be used for comparison, because values were replaced 

by an asterisk (*) to anonymize individuals if necessary (see Table 1). 
Thus the total number of refugees often differs to retroactive 
adjustments implemented by States (UNHCR 2016). The data is free 

available and easily selectable by attributes and exported as Comma 
Separated Value (CSV) or Hexcel Corp (HXL) file. 
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Table 1: Sample selection of UNHCR data for asylum seekers from 

Syria in October 2015 (UNHCR 2016) 

 

3.3. Country reference: GADM 
Besides coordinates, spatial information of tweets like the attribute 
“country”, e.g. “The United States of America”, is given (Figure 7), but 

often not set. This country information is needed for comparison 
purposes to describe countries of origin and asylum, but also to define 

if a tweet is located inside or outside Europe. In order to get 
trustworthy and complete information about countries the data of 
Global Administrative Areas (GADM) is used.  

It is a spatial database of administrative areas on country, province but 
also lower scale with a timeliness of November 2015. The data is 

especially for the use in Geographic Information System (GIS), of high 
spatial resolution, free and downloadable in shapefile format etc. per 
country or as a whole (gadm.org 2015). 

Beside other attributes, it includes “geom” with the geometry 
information of the type multi-polygon and “name_0” with the country 

names. 

3.4. Basemaps: OSM, HERE 
The software V-Analytics provides different basemaps. Two of them, 

and for this study used, are Open Street Map (OSM) and HERE. OSM 
provides free, open source geospatial data for anyone to use and 

share. HERE is also an open location platform which uses a community 
to collect spatial data. Both can be used to embed base maps on 
websites, apps and all kinds of software in the form of diverse maps, 

e.g. OSM: alternative, Open Cycle Map (OCM) or HERE: street map, 
transit (OpenStreetMap 2016; HERE 2016). 

4. Methodology and Implementation 

4.1. Problem definition 

Out of a massive data set, including several hundreds of million tweets, 
a data set useable for several analyses has to be generated. The 
requirements to the data set are attributes/columns holding necessary 

information for spatio-temporal analyses and a possibility of clear 
identification of a user and his tweets. In addition a tweet text is 
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important to evaluate a user’s approach and objectives. According to 

this, at least coordinates, timestamp, several ids and the tweet text 
has to be provided. Not all users are of relevance, in fact some would 

disturb the outcome of analyses. So called bots are non-human made 
and are mainly holding spam, news or marketing purposes. Therefore 
cleaning and filtering methods e.g. by removal of advertisements and 

promotional tweets are used. Another part of evaluating data in terms 
of its usability is to check the validity, completeness and quality. It is 

also fundamental to generate comparable reference data sets and 
visualizations in order to get conclusions. Working with massive data 
also assumes preparation in terms of database and server solutions, 

but also the data processing itself. Structured Query Language (SQL) 
queries should not be ran the usual way in pgAdmin, there are several 

steps necessary to improve the runtime and performance. Most SQL 
queries operating with massive data require a lot of RAM, so data 
processes have to be split in handy sub-processes. After sorting out 

these problems, two main purposes are examined in the following part, 
to get an impression of how the increasing flow of refugees influences 

the frequency of topic-related reaction in refugees’ destination 
countries, and to identify spatio-temporal refugee movement patterns 

to Europe. Both analyses are based on geotagged tweets with time 
relation and its tweet text. In contrast to all other used attributes, the 
tweet text itself is unpredictable and of variable length, with a 

maximum of 140 characters. Tweet text often consists out of different 
languages, symbols like emoticons and URLs. The use of multiple 

languages within a single tweet or informal writing style can cause 
problems in the analysis process. Even though only a few languages 
are used to define keywords for the analysis, i.e. English and German, 

there are many challenges including write errors or special signs that 
have to be considered. 

4.2. Server and Database 
Apache, an open source software implementation of the Java Servlet 
and JavaServer pages technologies (Vukotic & Goodwill 2011), offers a 

framework ideal for processing large datasets, such as used for this 
research. This so called Apache Hadoop framework is an open source 

implementation of the MapReduce algorithm on which Google built its 
empire. With the help of the Hadoop Distributed File System (HDFS) 
large datasets can be stored and also distributed computation over 

those datasets can be run (White 2012). 
With this server solution also database management systems can be 

included and thus databases stored. In this case PostgreSQL is used, a 
well-known open source object-relational database management 
system running on Linux, Windows, Mac OS X and others. It uses SQL, 

a standard programming language for generating, manipulating and 
retrieving information from a relational database (Holl & Plum 2009; 

Beaulieu 2009). 
To include spatial data, the geospatial extension PostGIS is set on top 
of PostgreSQL. This extension allows powerful GIS functionality and 
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GIS objects to be stored in the database. It also follows the Open 

Geospatial Consortium (OGC)/SQL-MM standards (Obe & Hsu 2011). 

4.3. Software 

For this study’s data mining and data science mainly open source 
software and, for research purposes, free software is used to process, 
create, edit, analyze and visualize tweets. 

4.3.1. ArcGIS for Desktop 
The desktop application ArcGIS for Desktop is a professional GIS 

software for creating maps, conducting spatial analysis and sharing 
intelligent visualizations for better decision making (ArcGIS 2016). 
Here it is mainly used for preparing and visualizing the research areas 

and to create an exploratory overview of geotagged tweets. 

4.3.2. IBM SPSS Statistics 

The statistical program IBM SPSS Statistics can be used for all kinds of 
statistical analysis depending on the packages used (IBM SPSS Inc. 
2012). For this study it is used for explorative and descriptive statistics 

on a dataset of Twitter users. 

4.3.3. PgAdmin III 

The application pgAdmin is an open source administration and 
development platform for PostgreSQL. Its functionalities range from 

writing simple SQL queries to developing complex databases 
(pgadmin.org 2016). 
PgAdmin is one of the main tools for this study. All the queries for data 

processing and filtering are generated, edited and tested here. 

4.3.4. QGIS 

QGIS is a free open source GIS with tools to create, edit, visualize, 
analyze and publish spatial information on Windows, Mac, Linux and 
BSD (QGIS Development Team 2016). 

For this study QGIS is used to visualize spatial data from the database 
(because of the easy way to connect to it), in order to check the 

results.  

4.3.5. RStudio 
RStudio Integrated Development Environment (IDE) is a free open 

source user interface for R, a programming language and environment 
for statistical computing and graphics. It can be used on Windows, Mac 

and Linux (The R Foundation 2015). 
RStudio is used for creating word clouds and different kinds of 
statistical graphics. 

4.3.6. V-Analytics 
For all the movement analyses and visualizations the software package 

V-Analytics, a.k.a. CommonGIS is used. This software supports the 
processing of massive data and offers analytical reasoning by 
combining computational analyses with interactive interfaces and 
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focuses also on visualization. For educational purposes it is free 

available and for programmers easily extendible. The software, 
manuals, tutorials etc. are available on GeoAnalytics.net, a web portal 

for GeoSpatial Visual Analytics (Andrienko & Andrienko 2015). 
V-Analytics is the mainly used software in this research, because it 
includes spatio-temporal analyses and visualization tools and supports 

massive data processing. 

4.4. Data preparation and pre-processing 

For the following analyses three datasets are of high relevance. The 
data set to be analyzed, geotagged tweets, a reference dataset of the 
UNHCR downloadable from their website, and a shapefile including all 

administrative country borders, also free available. To finally analyze 
the tweets, all datasets have to run through pre-processes, shown in 

Figure 12. 

 
Figure 12: Conceptual analysis model, data pre-processing 

4.4.1. Tweets: Extract attributes 

As shown in Figure 7 the resulting, streamed data as JSON object is 
filled with Twitter meta-data consists out of many key/value pairs 

describing the user and his tweet. The most relevant ones for this 
study are: 

 Tweet’s unique identity (ID): “id” 

 Text of a tweet: “text” 
 Tweet’s creation date and time: “created_at” 

 User ID: “user”=> “id” 
 Type of the place: “place”=> “place_type” 

 Bounding box of the tweet location: 
“place”=> “bounding_box”=> “coordinates” 

 Geometry type: “place”=> “bounding_box”=> “type” 

 Application that tweet was sent off: “source” 
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The tweet and user ID are mainly used to identify, but also to sort and 

filter the data for the research purpose. The text itself is holding 
necessary information to evaluate a tweets content or topic-relation. 

The timestamp of the tweet’s creation is one of the most important 
attributes, not only used for filtering, but also as basis of showing 
movements over a certain time. To create movement data, the second 

attribute necessary is the location, the place information of a tweet. 
The spatial accuracy of these places depends on the geometry type, 

point or polygon. Furthermore the accuracy for the geometry type 
polygon depends on the particular area and place type, which describes 
in general a certain scale, e.g. city, neighborhood, country. The type of 

source gets only relevant in matters of statistical examination. 

4.4.2. UNHCR: limit data to research area 

In order to compare the tweet data with the UNHCR data set, a list of 
distinct country names of the research area has to be created based on 
the tweets and GADM data. The country names of the UNHCR and 

GADM are similar to a certain grade, only a few names are replaced by 
the GADM country names “name_0”. Also the unusable data, asterisk 

(*) values and countries outside the research area are filtered. After 
cleaning the data, the table could be imported to the database with the 

SQL function “COPY… FROM” (Figure 13). 

 
Figure 13: SQL function to import a CSV-file from a local folder 

4.4.3. Database scheme 
The streamed Twitter data is stored as shown in Table 2.  

Table 2: Database scheme for the extracted Twitter data of the 

research area and the shapefile with all administrative boundaries 

 

The table “gadm” describes relevant columns of the shapefile GADM, 

providing polygons of all countries of the world. Some columns are 
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including an index, e.g. “ix_eurasaf_all_id” which, depending on the 

data type, enables faster access to the data while running a query. E.g. 
a geometry type like a polygon with several thousand points might 

lower the performance of a query (Arnulf 2006). 
If the query asks for a specific “id” with data type integer, it can be 
easily found. Also the selection of e.g. a sorted subset by “created_at” 

of data type timestamp, is a lot faster with the use of indices. Creating 
an index (Figure 14) is very useful, especially for massive data 

processes, although for small data processes it makes no mentionable 
difference. 

 
Figure 14: SQL queries to create common B-Tree index and a spatial 

GiST index 

PostGIS implements the Generalized Search Tree (GiST)-Index, used 
for all geometries (Arnulf 2006). The so called B-Tree index, consisting 

of a hierarchical root, intermediate, leaf structure, is used for all other 
data types (Hammer 2015). 

4.4.4. Research area in general 
In order to analyze the flow of refugees to Europe, the project area 
includes the most affected areas and countries (Figure 15). The 

polygon can easily be created in QGIS or ArcGIS for Desktop by adding 
a new vector-layer and creating new vertices. To add this research area 

describing polygon as spatial dataset to the PostgreSQL database it has 
to be exported as a shapefile and imported with the “shp2pgsql” 
command from the command line.  

 
Figure 15: Research area in general, defined as polygon including 

Europe, parts of Central Asia, Africa and the Middle East (Shapefile: 

gadm.org 2015) 

4.4.5. Polygon area and place type 
To reproduce a user’s movement without losing data in between, not 

only geotagged tweets of the geometry type point, but also the type 
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polygon is used. To ensure a certain accuracy the polygon data should 

be limited by a certain size depending on the used scale of the study, 
e.g. city level. To get trajectories out of different geometry types, the 

polygons are simply replaced by their centroids. This method should 
only be used to a certain polygon size, e.g. a polygon with the size of 
Europe doesn’t represent a user’s location on city scale. As shown in 

Figure 16 the polygons are filtered by their area and their place type. 

 
Figure 16: SQL filter conditions for used polygons in further analyses 

The area is calculated with the postGIS function shown in Figure 17. 

The second parameter is set to “true”, which means that geographical 
coordinates in decimal degrees can be used, but the result is given in 

square meters. If this parameter is not set or “false”, the resulting area 
would be in square decimal degrees, which is not a common unit and 
unfit to make further analyzing steps. 

 
Figure 17: PostGIS function to calculate a polygon’s area considering 

"use spheroid" 

The condition is set to all areas that are smaller than 15,000km2, which 

matches about the area of the world’s biggest cities. To reduce the 
polygons not only by area but also by their place type, the second 
query condition filters all polygons of type country, which includes, as 

shown in Figure 18, the largest areas. 
 

 
Figure 18: Polygon types and their area count shown in logarithmic 

scale divided in nine classes 

4.5. Data processing and general methods 
In general processing massive data should be planned first, because 

creating subsets out of tables holding several hundred of million tweets 
could cause problems in terms of random-access memory (RAM), 
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Central Processing Unit (CPU) utilization and memory capacity. The 

best way to handle queries for this kind of data is to create python 
scripts handling the data step by step. It is also an advantage to just 

select the minimum data needed, e.g. table, user or tweet IDs. So e.g. 
after each filter step, the tables just holding the IDs could be easily 
updated or stored in a new table without claiming a lot of memory 

capacity. After finishing all the steps the table e.g. holding the user IDs 
could be easily used to select the respective data from the original 

table holding all the data. Figure 19 shows the general workflow, the 
used filtering processes and the remaining data after each step. 

   

 
Figure 19: Conceptual analysis model of data processes and used 

methods 
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The spatial filter of selecting tweets (points and polygons) out of the 

research area substrates 39.6% users and so their tweets of 44.6%. 
The second filter, the bot filter by the speed of 200km/h, substrates 

another 5.9% users but 27.6% tweets, which is characteristic for bots 
and stands for a high and frequent user activity. To get trajectories 
with minimum 5 stop points the tweets are filtered by their user’s 

activity in general. This inactivity reflects in the subtracted data. 36.4% 
users are affected, but only 0.8% tweets. To get only those users 

traveling to Europe, all that are travelling once from Europe to a Non-
European country are discharged, which affects 17.9% users and 
26.8% tweets. Then users with minimum one tweet inside and one 

tweet outside Europe and the movement direction, are summarized. 
After all these basic filter steps to limit the data to relevant users and 

filter bots, only 2.0% users and 3.1% tweets of the original dataset are 
left for further filtering and movement analyses. For the hashtag 
extraction the bot-filtered data is clipped to the research area 2, 

Austria and Germany, but also other affected areas like Greece and 
Italy. Here only 0.01% of the original dataset are remaining. The 

following steps are describing this workflow in detail starting with bot-
filtering and ending with the two main methods, refugee-related text 

and movement analysis. The general analysis concept of these two 
methods are also shown in Figure 19. Both methods are mainly 
consisting out of data processing with SQL queries and the use of visual 

analytic tools in V-Analytics. 

4.6. Bot-filtering 

The data set has to be filtered from spam users, feeds/news and 
viral/marketing services, also known as bots and cyborgs, in order to 
get the tweets of “real” users, also classified as personal, professional 

and business users (Chu et al. 2012; Uddin et al. 2014). 

4.6.1. Speed-filter 

Filtering tweets by speed is necessary to filter out automated activities. 
This kind of users are often tweeting in a short and constant time 
interval, but from different locations. This fast relocation is possible, 

when the location is set to a specific country or city by an automated 
process. That is why a calculation of the speed between two sequent 

tweet activities gives conclusion about the user type. As shown in 
Figure 20, for each user the tweets are sorted by time, and the 
distance (postGIS function “ST_Distance_Sphere”) from one tweet to 

the previous is calculated. To calculate the difference in time, the given 
time format has to be changed to milliseconds (function “EXTRACT 

EPOCH”) and subtracted from the previous tweet time. The speed is 
then calculated as kilometers per hour. To get the lag tweet 
information the function “lag” is used. To change the resulting distance 

unit form meters to kilometers, the value is divided by the factor 1000. 
To get hours as the resulting time format, the milliseconds are divided 

by the factor 60 for seconds multiplied with the factor 60 for minutes. 
To avoid a division by zero and so an error, the function “NULLIF” is 
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used. This function exchanges all this divisions by zero to a given 

value, in that case “0”, which leads to a resulting speed of 0km/h. 

 
Figure 20: Part of SQL query to calculate the speed of tweets 

In the most comparable studies this method of filtering automated 

activities is used, but the limitation of the speed is different. One study 
regarding analyses of global mobility patterns via tweets (Hawelka et 
al. 2014) defines automated tweets, in matters of the research purpose 

and used scale, by a speed over 1000km/h, faster than a passenger 
plane. Another study, “Human diffusion and city influence” (Lenormand 

et al. 2015), defines non-human behaviors also by users traveling 
faster than planes, but set the limit lower, to 750km/h. An even lower 
speed limitation of 120km/h was set in a human mobility study 

(Azmandian et al. 2013) in order to analyze tweets on city scale. This 
research concentrates on refugees, which are most likely moving by 

vehicles, e.g. cars or busses, or by feet. Therefor the speed is limited 
to 200km/h (Figure 21), similar to studies on city scale. 

 
Figure 21: SQL filter condition to get tweets with a speed smaller than 

200km/h 

4.6.2. Filter users per daily activity 

Another method of bot-filtering is to reduce the users by their daily 
tweet activity. A study mentioned by Zhang & Paxson (2011) shows 
that users publishing more than 150 tweets per day are most likely 

bots. As shown in Figure 22 most of the users, already filtered by 
research area, speed and their activity level are showing in average a 

low daily activity. The shown values are calculated as the logarithm of 
the original values in RStudio to make the graphic readable. 
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Figure 22: User count of average tweets per day for a bot-filtered data 

of the research area 

4.7. Text analysis 

As shown in Figure 19 the first part of the methodology is a text 
analysis of affected areas using hashtag extraction. It examines that 

geotagged tweets are reflecting people’s reaction to a certain event. To 
analyze text means to handle words in different languages, mainly 
depending on countries. Figure 23 is showing most used languages on 

Twitter, defining English with 61% as the most frequent one. 

 
Figure 23: Languages used on Twitter (MarketingGum 2016) 

The implementation occurs by observing topic-related tweets and their 
changes in frequency over time. Known refugee flows to affected 

countries can then be compared to this frequencies in order to show 
people’s response to this events. The focus lies on the one hand on 

Austria and Germany, because of their role as countries of asylum, and 
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on the other hand on Italy and Greece, because of their important role 

as part of the main route for refugees from Syria. The research area for 
the text analysis is shown in Figure 24. 

 
Figure 24: Research area for text analysis (Country shapefile: 

gadm.org 2015) 

Therefore this text analysis also focusses on the country specific 
languages German, Italian and Greek, but also English, because 
hashtags are often international defined in English. 

4.7.1. Hashtag extraction 
To follow the procedure of Cerutti et al. (2016), geotagged tweets 

related to a certain event, like a flood or in this case refugee flows, can 
be treated as event data. To get topic-related tweets, a refugee-related 
keyword-based filter is needed (Cerutti et al. 2016). 

Therefor a keyword list has to be created, including all relevant words, 
but also word stem, in relevant languages. Basically the whole text 

could be analyzed, but tweets as a source are already offering 
hashtags, defined as “#keyword”, to easily search for certain topics. 
Figure 25 shows a keyword list used for the hashtag extraction for 

Austria and Germany and Figure 26 a word cloud generated in RStudio 
by using the “wordcloud” library with resulting hashtags for Austria. 

The bigger the text size, but also the more centered the position, the 
higher the occurrence of the hashtags. For Italy and Greece a similar 
keyword list was used with additional Italian (profugo, immigrante, 

rifugiato) and Greek (prósfygas, metanast) words describing refugees. 
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Figure 25: Refugee related 

keyword list for hashtag 

extraction 

 
Figure 26: Most frequent extracted 

keyword-based hashtags for Austria 

In order to use this refugee-related hashtags for analyses, all tweets 

including these hashtags have to be selected with their coordinates and 
time (Table 3). For text search of any kind it is important to eliminate 
distracting symbols like “:” or mutated vowels, and convert all the 

upper case characters to lower case. A part of the resulting data set for 
Austria is shown in Table 3. 

Table 3: Resulting subset of tweets after using the refugee-related 

keyword-based filter 

 

4.7.2. Analysis tools and methods for event data in V-Analytics  
All the tools to analyze events can be found under the menu point 

“explore event data”. In V-Analytics points can be defined as events 
with the tool “create spatial events from spatial objects”. The 
requirement to the data are coordinates, e.g. longitude and latitude, 

and at least an attribute describing the “time moment of event start”. 
The parameters “time moment of event end” and “duration” are 

optional. The time-format can then be defined individually, e.g. “yyyy-
mm-dd hh:tt:ss”. Compared to trajectories, each event describes only 
a single object, which means that the “user_id” as a link is not needed. 

There are two main methods to identify areas that are potentially 
affected by this happening: “Density-based spatio-temporal event 
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clustering by OPTICS” and “Distance-bounded spatio-temporal event 

clustering”. 
Cerutti et al. (2016) are describing their methods as following: 

“1) Density-based clustering detects densely populated regions 
in space-time with arbitrary shape; therefore, density- based 
clusters may indicate the spatial and temporal extent of a flood-

related event. The number of clusters is not pre-determined and 
isolated points are optionally discarded as noise, therefore this 

method is suited for an initial overview and detection of 
(significant) event candidates. … 

2) Distance-bounded spatio-temporal event clustering [9] is 

similar in that it, too, has a notion of point densities defined 
around any given point’s neighbourhood. Unlike density-based 

clustering, it can be applied to time-dynamic data sets (data 
streams) and thus can detect emerging spatio-temporal clusters 
and track their evolution in real-time. This method additionally 

reconstructs trajectories of clusters, i.e. the evolution of the 
centre of a cluster’s spatial footprint over time. This can help to 

reason about how a given complex situation evolved and, 
potentially, predict its future development.” 

For method 1) Cerutti et al. (2016) also used the in V-Analytics 
integrated OPTICS implementation (Ankerst et al. 1999) and for 
method 2) the implementation of Andrienko et al. (2015).  

Cerutti et al. (2016) also operates on country scale, so the same or at 
least similar parameter settings can be used. For the method OPTICS 

the used parameters for all countries of the research area are 10,000m 
distance and 1 day temporal, and 3 as minimum neighborhood distance 
threshold. Resulting clusters are shown in Table 4. 

Table 4: OPTICS, resulting clusters and noise 

country objects total clusters found noise objects noise 

Austria 436 23 137 31.4% 

Germany 2660 127 1289 48.5% 

Greece 312 29 56 17.9% 

Italy 2039 77 1270 62.3% 

 
For the distance-bounded event clustering the parameter settings are 

10,000m maximum event spatial distance and 5 as maximum number 
of events. In contrast to Cerutti et al. (2016), which are using 6h as 

maximum time distance, here a maximum time distance between 
events of 1 day is used, because refugee flows have a longer temporal 

effect and people’s response than a flood. Figure 27 shows the results 
of both methods for Austria and Germany. The different colored circles 
are describing the density-based clusters over time, which means the 

spatial and temporal extent of a refugee-related event. The time period 
is shown at the bottom of the figure. The higher the clusters in y-

direction, the later the included events happened. That means that the 
most refugee-related response from people started around August 
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2015 and got stronger at the end of the year. The red circles of 

different size are describing the distance-bounded clusters and 
therefore the potentially affected areas. 

 

 
Figure 27: Density-based and Distance-bounded spatio-temporal event 

clustering for Austria and Germany visualized in a space-time cube for 

the whole time period of one year (Country shapefile: gadm.org 2015; 

OCM transport basemap: OpenStreetMap 2016) 

4.7.3. Data comparison: Twitter and UNHCR 

In order to compare the data, it has to be checked if the data is 
comparable. In general both data sets, Twitter and UNHCR, have only 
one similar attribute, time in different formats, but the filtered tweet 

table can be easily prepared via SQL statements. Year and month can 
be extracted out of the timestamp “created_at”. To define a user’s 

location in a country, tweets can be intersected with countries of the 
GADM shapefile. UNHCR offers a more or less gap free data set, only 

with missing values in order of privacy protection, but the tweet data 
set is inconsistent and includes some gaps caused by stream stops as 
shown in Figure 28.  
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Figure 28: Streamed tweets per day for the whole time period, already 

bot-filtered 

Although the tweets are bot-filtered, the graphic gives a good overview 
of the data continuity. The data is shown as tweets per day. One can 
note that the first and last days are show fewer tweets than the others, 

which is because only a few hours of these days are covered. The data 
gaps in February, March, September and October result from 

interruptions in the streaming data collection process. The trend line 
shows that the collected data, and though the users activity over time 
in general, remains constant at a value of around 5000 tweets per day 

for bot-filtered data. When comparing this somewhat incomplete data 
set with the reference data offered by UNHCR, the gaps should be kept 

in mind and taken into account. As shown in Figure 29 and Figure 30 
both datasets are showing a similar trend. According to UNHCR the 
number of asylum seekers are continuously rising. The extracted 

hashtags for the same four countries are also showing, that people are 
reacting more and more to the refugee-flows. Because of the different 

number of hashtags for each country, the percentage for all of them is 
shown instead of total numbers. This means that 100% are the total 
number of hashtags of a country. The same was calculated for the 

reference data.  

 
Figure 29: Frequency of asylum seekers in Austria, Germany, Greece 

and Italy for a time period of one year (data represented by a striped 

bar is standing for no data available) (Data source: UNHCR 2016) 
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Figure 30: Refugee-related hashtags for Austria, Germany, Greece and 

Italy for a time period of one year indicating people's response 

4.8. Movement analysis 

The second part of the methodology is the idea of finding refugees by 
analyzing their movement to Europe and to evaluate the result by 

hashtag extraction. 

4.8.1. User activity in general 
In order to analyze the movement data based on geotagged tweets as 

trajectories of each user, the user’s general activity in the available 
time period is an important criteria. Trajectories should consist out of 

minimum five points to form a well recognizable route. Therefore the 
number of tweets of each user should not decrease five. Users with less 

than five tweets can easily be selected by grouping them and counting 
their overall tweets. After this selection a table can be filtered, so that 
all other users with at least five tweets are remaining. 

4.8.2. User location in and outside Europe 
The previous methods are filters to prepare the data as needed for 

movement analyses in general. The following one is more topic specific. 
In order to find refugee flows to Europe a general criteria like at least 
two different locations, one inside and one outside Europe, has to be 

fulfilled. Therefor a polygon with the shape of Europe has to be defined. 
Also an attribute describing the relation is needed. The attribute value 

of “europe” for tweets inside this polygon are set to “1” for true and for 
all other tweets to “0” for false. The condition for potential refugees as 
users is to be at least once outside Europe, which means having once 

the “europe”-value “0” for a tweet and at least once the value “1” 
(Table 5). To show the country names in which each tweet lies, the 

attribute “name_0” from the GADM shapefile is added. 



30 

Table 5: User with at least one tweet inside and one tweet outside 

Europe 

 

4.8.3. Movement direction 
To refine the resulting users, the direction from outside to inside 
Europe is defined as another condition. Therefor users moving once 

from Europe to a Non-European country are discharged. To do that a 
SQL query searching for the lag location as “1” and location “0” is 

needed (Figure 31). 

 
Figure 31: SQL condition to get users moving in the wrong direction, 

from Europe to another Non-European country 

4.8.4. Analysis tools and methods for movement data in V-Analytics 
This bot-, activity-, spatial- and again speed filtered data can be 
visualized as trajectories of each user, expressing individual routes 

formed by the user’s Twitter activity, by geotagged tweets over time. 
In fact the resulting data still shows trajectory segments crossing more 

than three countries, without a stop in between, often between bigger 
cities, most likely holding airports. In order to filter also these, for 
refugees, unrealistic trips, the speed filter can be tightened to a 

minimum of 1000km/day, which is about 41,7km/h, realistic for 
traveling by car including breaks. In addition, a distance filter for 

setting a maximum length of single trajectory segments can be set. 
Figure 32 shows trajectories of four different data sets, filtered with a 
maximum segment length of 1000km (red), 1500km (yellow), 1800km 

(light blue) and 2000km (blue) and visualized in V-Analytics. 
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Figure 32: Trajectories of different maximum segment lengths 

visualized in V-Analytics (OCM transport basemap: OpenStreetMap 

2016) 

This additional filter might be necessary to exempt users that traveled 
most likely per plane, but are not active enough to be caught by the 

speed filter. In Figure 32 it can be seen, that the filters are excluding 
most tweets from Africa and Central Asia, but tweets from the Middle 
East and the coast regions along the Mediterranean Sea are left. To 

lose not too much data, it should be kept in mind that refugees might 
not use Twitter on their whole way to Europe, and thus single 

segments of their formed trajectories might be of a long distance.  
Movement analysis tools can be found under the menu point “explore 

movement data”. Trajectories itself can be easily generated with “build 
a map layer with lines or trajectories of movement”. V-Analytics holds 
two methods for movement analyses of high relevance for this study: 

“generalise and summarise trajectories” and “summarise trajectories as 
moves between existing areas”. To summarise movements is an 

important step to protect user’s privacy and also to give a speaking 
overview. 
This generalization and summarization works in the following way:  

 The space is divided into compartments (Voronoi polygons or 
circles) by grouping characteristic points extracted from the 

trajectories 
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 Trajectories are transformed into moves between these 

compartments 
 Moves with common origins and common destinations are 

aggregated 
 Amongst others, the result can be visualized as a flow map 
(Andrienko & Andrienko 2010) 

It also can be chosen to whether apply interpolation or not (Andrienko 
& Andrienko 2010). For this research an interpolation would be 

counterproductive, because “fake” locations between users’ tweets are 
resulting. Pretended routes are in this case not useful, because they 
might give an incorrect impression about actual movements.  

In addition characteristics like the estimated duration of staying inside 
the cell, the estimated length of the internal path and the average 

speed of the movement are computed by the method. Each trajectory 
is also represented by a sequence of moves, which means, that 
resulting routes are also representing the number of moves that are 

included. Routes can be visualized as arrows of different line thickness, 
proportional to the number of included trajectories (Figure 33) 

(Andrienko & Andrienko 2010). 
 

 
Figure 33: Generalized and summarized trajectories leading at least 

with one point through Austria or Germany (Country shapefile: 

gadm.org 2015; transit basemap: HERE 2016) 

The result for trajectories that are at least once inside Austria or 

Germany are routes of a range of 1-911 users. To make the map 
readable the minimum number of users was set to 10 and the 



33 

maximum to 250. Hence routes used by less than 10 people are 

eliminated. The maximum was also set, because only two routes are 
holding more than 250 trajectories, to foreground the moves to Europe 

and eliminate those within one small area, e.g. a bigger city like 
Istanbul. The parameter setting is a minimum angle of direction change 
of 30°, a minimum duration of a stop of 300 seconds (optional 

parameter for this kind of routes, because stop durations are not 
relevant), a minimum distance to next position of 10,000m and a 

maximum distance of 100,000m. The desired radius of point clusters is 
set to 100,000m and movements within a single area are not ignored. 
Another method to show movements is to create routes between 

countries. This V-Analytics tool uses the same algorithms and methods 
as the “generalise and summarise trajectories”-tool. The only difference 

is, that now trajectories crossing the same countries are simply 
summarized. Here not only start and end points are included, but also 
points in between. The result of the described method “summarise 

trajectories as moves between existing areas in this case countries, is 
shown in Figure 34.  

 
Figure 34: Summarized trajectories as moves between existing areas 

(Country shapefile: gadm.org 2015; transit basemap: HERE 2016) 

To generate such routes a shapefile or table holding polygons can be 
imported to V-Analytics. Both methods are including temporal 
aggregation, and additional filter and division options, like speed-
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filtering or division by time or space gaps. For this research this options 

are not relevant, because all tweets, independent of time or space gaps 
are needed, and the used bot-filtering methods already include a speed 

filter. 

4.8.5. Evaluation of filtered trajectories with hashtag extraction 
The following resulting trajectories are based on a bot-filtered dataset 

limited to the research area of Europe, Africa and the Middle East. Also 
the filter by user activity and the movement direction to Europe were 

applied as seen in Figure 19. Following the green arrow an additional 
speed filter of 1000km/day was used, but the limitation of the 
trajectories’ segment length was relieved. After this filtering methods a 

dataset of 2,076,262 tweets and 46,935 users is left, which matches 
the number of trajectories. It is not possible to mark users and their 

routes as refugee-related without evaluating this found trajectories to 
Europe via text analyses. Therefore a keyword list has to be defined 
again, but this time also including words related to refugee’s home 

countries or political topics. With the strict movement filtering process 
most citizens of Europe should be already excluded, also most 

journalists and tourists. Searching for keywords like “syria”, “iraq”, 
“afghanistan”, “assad” etc. is now more reasonable than before. Most 

people tweeting about Syria, the Syrian president or political instability 
in the Middle East and moving to Europe are potential refugees or 
somehow related to the topic. After a first manual filtering, removing 

users via usernames that are beyond doubt professional users e.g. 
journalists of different news services, a manual classification of users 

was done by reading the tweet text (Figure 35). 5,534 tweets and 
37 users are left after this process. 

 
Figure 35: Classification of users moving to Europe found by refugee-

related hashtag extraction 

A dataset consisting of different user types is resulting and its split into 

different user consistency shown in Figure 36. Most tweets (56.8%) are 
from personal users like tourists or other travelers, visualized in yellow. 
Professional users (29.7%), visualized in dark grey, like free journalists 

are often linking to news service websites, and can be identified 
because of that. A small percentage (5.4%), visualized in light grey, 
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could not be clearly identified, because of their mixed contents. These 

users are discussing refugee-related topics in a professional way, 
without linking to news service websites and giving evidence of being 

personally affected. These users also have a high frequency of tweets, 
which indicates a business or service relation. Here such users are 
simply classified as both, professional and personal users. 8.1% of 

users are definitely only interested in their business and are writing in a 
low frequency about their products. These business users are visualized 

in blue. The class personal users can be separated in three types of 
users. Thirteen users (35.1%), visualized in yellow, are of the type 
tourist, because of their contents describing food, culture, personal 

opinions, feelings and how they like it in which location. The number of 
the type potential refugee counts six users (16.2%), visualized in 

orange. They mainly use the Arabic language and refugee-related but 
not tourist-related English hashtags. Most of them are showing 
evidence of being concerned about the political situation in the Middle 

East. In fact only two users (5.4%), visualized in green, can be clearly 
classified as refugees. 

  
Figure 36: Resulting data set of movement analyses with evaluation 

based on hashtag extraction and its proportion of user groups, 

manually partitioned in user types 

One of them even tweeted that he is a Syrian refugee and also about 

the conditions and events in their refugee camp. The other user’s text 
is not that informative, but is also showing clear evidence of his life 

situation as a refugee from Lebanon. The user is writing about the 
political situation and that he refuses the conditions in the Middle East. 
Both users are using Arabic language mainly in their first tweets and 

also a more or less good English. Arabic contents were not included in 
the text analysis and manual selection because of the additional 

translation effort. Both are reporting about their German lessons and 
one of them even started to write German tweets. In Figure 37 all 
users of the resulting data set by manual selection and typification are 

visualized in V-Analytics with generalized and summarized trajectories 
grouped per user type. The same colors are used as in Figure 36 to 

differ the user type specific routes. 
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Figure 37: Routes to Europe of the user types business (blue), 

journalist (dark grey), discussion (light grey), tourist (yellow), 

potential refugee (orange) and refugee (green) (OCM transport 

basemap: OpenStreetMap 2016) 

 
The width of the route is showing the number of people using it. The 
parameter setting is a minimum angle of direction change of 30°, a 

minimum duration of a stop of 300 seconds, a minimum distance to 
next position of 50km and a maximum distance of 250km. The desired 

radius of point clusters is set to 1,000km and movements within a 
single area are ignored. This setting results much generalized and not 
detailed routes mostly used by more than one person. A different 

setting could be used in order to get a more refined visualization for 
another scale, for example city scale to show details for the country of 

asylum, in this case Germany. 

4.9. Summary  
Starting with several hundred of million geotagged tweets, points and 

polygons, only a few attributes are of relevance. The main pre-
processing steps are to limit the data by clipping it to a general 

research area and to prepare the reference data sets. To get useful 
data to analyze and visualize the use of different bot-filtering methods 
is essential. Once the data is ready, the two main methods can be 

implemented. On the one hand the text analysis based on refugee-
related hashtag extraction of different languages can give an 
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impression of people’s reaction to refugee flows through their home 

countries. On the other hand the movement analysis, by using V-
Analytics tools, is able to show aggregated and generalized moves to 

Europe visualized as routes. One important fact is, that movement 
analysis alone cannot detect potential refugees. Therefore the 
combination of both methods is necessary. In order to evaluate found 

trajectories to Europe, extracting refugee-related hashtags is not 
enough, because refugees might not use them. A new keyword list, 

including terms about political situations in known countries of origin, 
has to be created. Resulting moves can be manually classified and are 
leading to trustworthy results. 

5. Results and Interpretation 

5.1. Exploratory statistic of the used Twitter dataset 

The basic dataset used for both main analyses, movement and text, is 
filtered as seen in Figure 12: Conceptual analysis model, data pre-
processing, and consists out of 297,929,177 tweets posted by 

1,048,575 users, which correlates with 55% of users and 30.8% of the 
data streamed via the Twitter API. The following statistical tests about 

users and their number of tweets were generated in IBM SPSS 
Statistics. The analyzed time period is the maximum available, which 

means a year of data. To prepare the data, all tweets per user were 
summed up and exported as CSV-file and imported to IBM SPSS 
Statistics. Table 6 shows the results of the descriptive statistical 

analysis. It can be seen that the minimum number of tweets per year is 
1 and the maximum 30,381. Because of a high number of users 

tweeting only a few times, as seen in the boxplot in Figure 38, the 
median is 20. The numbers describing single points in Figure 38 are 
representing the number of users tweeting the same number of tweets 

per year. This result also resembles data shown in Figure 22: User 
count of average tweets per day for a bot-filtered data of the research 

area. 

Table 6: Descriptive statistic of users from the bot-filtered dataset of 

the general research area, calculated statistical values 

 Statistik Standardfehler 

VAR00001 

Mittelwert 68,80 ,246 

95% Konfidenzintervall 

des Mittelwerts 

Untergrenze 68,32  

Obergrenze 69,28  

5% getrimmtes Mittel 40,08  

Median 20,00  

Varianz 63539,899  

Standardabweichung 252,071  

Minimum 1  

Maximum 30381  
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Spannweite 30380  

Interquartilbereich 47  

Schiefe 32,209 ,002 

Kurtosis 2002,716 ,005 

 
Figure 38: Boxplot for tweets per user of the time period of one year 

5.2. Text analysis 
For the text analysis a keyword-based hashtag extraction was 

implemented. Figure 39 shows the percentage of these found refugee-
related tweets per county for the research area. It can be seen that 

mostly Germany’s counties have the highest proportion of tweets 
relating to the refugee flow. This might result because of the challenge 
to select suitable keywords in Italian and Greek language, but it is 

more likely that Germany is the most concerned about refugees, 
because according to the UNHCR (2016) it is one of the main countries 

of asylum for refugees from the Middle East. 
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Figure 39: Percentage of refugee-related tweets per county for 

Germany, Austria, Italy and Greece (Country shapefile: gadm.org 

2015) 

5.2.1. Hashtag extraction for Austria 
The following visualization (Figure 40) shows the percentage of 
refugee-related tweets per county in Austria. It can be seen that 

refugee-related tweets found by keyword-based hashtag extraction 
make less than 0.1% of all tweets in Austria for a time period of one 

year (mainly 2015). The most tweets relating to refugees are located in 
Burgenland, Lower Austria and Vienna. Figure 41 shows available beds 
for refugees also in 2015. It can be seen that there is no noticeable 

relation between those two datasets. Only the western part of Austria, 
Vorarlberg and Tyrol, is showing low response to refugee-related topics 

and only a few beds for refugees are prepared. 
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Figure 40: Percentage of refugee-related tweets per county for Austria 

(Country shapefile: gadm.org 2015) 

 
Figure 41: Reference map of the number of beds prepared for refugees 

per county, estimated numbers of September 2015 for Austria (APA 

2015) (Country shapefile: gadm.org 2015) 

The cluster analysis shows a refined spatio-temporal image of the 
twitter dataset. Figure 42 shows the result of the density-based 

clustering method for Austria and indicates higher response of the 
population in areas like cities, mainly Vienna and St. Pölten. This might 

result because the more people, the higher is the general use of Twitter 
in contrast to lower populated regions like the west of Austria. Tweets 
in regions nearby the border are not distinctive, but mainly present at 

the south-east, which indicates a few affected users but classified as 
noise, as seen in Figure 42. The reference map in Figure 43 shows 

marked locations with refugee camps and emergency accommodations 
in Austria. Some locations, like Graz and Schwarzlsee, also locations in 
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the east of Vienna and Vienna itself are showing similar patterns than 

the clusters resulting in Figure 42. 

 
Figure 42: Resulting density-based clusters for Austria with noise 

(Transit basemap: HERE 2016) 

 
Figure 43: Reference map of regions holding refugee camps and 

supportive organizations estimated in September 2015 (APA 2016)  

All in all a clear relation between refugee-related tweets and locations 
prepared for refugees to stay cannot be found with this kind of 

analyses. Although similarities can be seen, especially in Figure 42 and 
Figure 43. Therefore further analyses might show refined results. 
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5.2.2. Hashtag extraction for Germany 

The percentage of refugee-related tweets per county in Germany, 
shown in Figure 44, indicates a high response in Brandenburg but also 

Berlin, Niedersachsen, Thüringen, Sachsen and Bayern. Especially 
Mecklenburg-Vorpommern in the North and Baden-Württemberg are 
showing low refugee-related response on Twitter. The map is showing 

five classes, generated with natural breaks.  

 
Figure 44: Percentage of refugee-related tweets per county in 

Germany (Country shapefile: gadm.org 2015) 

The Deutsche Welle (2016) reports about the refugee related situation 
in Germany. This reference map (Figure 45) is showing all in all 
subdivision of refugees from the Middle East among the counties in 

Germany till 2016. Starting in the north, Schleswig-Holstein, 
Mecklenburg-Vorpommern, Bremen, Sachsen-Anhalt, Rheinland-Pfalz 

and Bayern are showing similar proportions. 
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Figure 45: Subdivision of refugees in Germany (Deutsche Welle 2016) 

Figure 46 shows the result of a density-based clustering thus a more 
detailed picture of affected regions. The higher number of refugee-

related tweets in the west could result from a general higher use of 
Twitter in this regions. But as seen in Figure 44, the proportion of 

tweets relating to refugees are mainly located around Berlin, in the 
east and in central Germany. 
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Figure 46: Resulting density-based clusters for Germany with noise 

(Transit basemap: HERE 2016) 

Figure 47 shows the resulting distance-bounded clustering. This time 

the parameter settings where modified to show results on a refined 
scale. The maximal event radius is set to 50km and the maximal time 

distance to 7 days. Which means, that people tweeting within this time 
period within the same radius are grouped to an event cluster.  
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Figure 47: Result of distance-bounded clusters for Germany (Transit 

basemap: HERE 2016) 

5.2.3. Hashtag extraction for Greece 

The proportion of refugee-related tweets in Greece, shown in Figure 48 
as percentage values per county, indicates especially on the islands in 
the east and in Thessaly and Central Greece a high refugee-related 

response of people located there. 
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Figure 48: Percentage of refugee-related tweets per county for Greece 

(Country shapefile: gadm.org 2015) 

As shown in Figure 49 the resulting clusters of the distance-bounded 
event clustering is mainly focused to the areas around Corfu, Athens 

and Lesbos. In fact, as shown in Figure 50 the main refugee routes 
along the Mediterranean Sea are partly crossing these found potentially 

affected clusters. In Corfu refugees are taking the route on the water 
to reach Central Europe. As known, Lesbos is holding the main refugee 
camps, e.g. Moria Refugee Camp, and Athens several institutions 

related to refugee management. According to this information, the 
tweet data set for Greece gives partly evidence of a relation to real 

happenings in connection to refugees. 
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Figure 49: Result of distance-bounded event clustering for Greece 

(Transit basemap: HERE 2016) 

 
Figure 50: Important refugee routes along the Mediterranean Sea, 

Zoom to Greece (ORF 2016) 

5.2.4. Hashtag extraction for Italy 

As seen in Figure 51 Italy’s most concerned regions seem to be Molise 
and Liguria. 
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Figure 51: Percentage of refugee-related tweets per county for Italy 

(Country shapefile: gadm.org 2015) 

Resulting from the density-based cluster analyses shown in Figure 52, 
Italy’s most concerned regions seem to be the North, including Milan, 

Genoa, Modena, Genoa, Florence, Venice and San Marino. This might 
be caused by the generally high population and thus a higher use of 

Twitter itself. In middle Italy mainly Rome, but also Siena and 
Campobasso are also showing high response. Areas nearby Nuoro and 
Palermo, located on Sardinia and Sicilia, are affected, in contrast to 

Lampedusa, which was expected to be most affected, because of the 
high frequency of refugees coming from Africa via Lampedusa to 
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Europe. But as seen in Figure 53 it is only classified as noise and in 

Figure 51 it is not outstanding with a high proportion of refugee-related 
tweets. 

 
Figure 52: Result of density-based clustering for Italy without noise 

(Transit basemap: HERE 2016)  

 
Figure 53: Result of density-based clustering for Italy with noise, 

focus on Lampedusa (Transit basemap: HERE 2016) 



50 

Figure 54 combines the resulting clusters of the distance-bounded 

event clustering and a reference map showing the most important 
routes through Italy and along the Mediterranean Sea. Almost all found 

clusters are showing a relation to known routes and hot spots, but in 
some important regions like the coast line in the south-east no clusters 
were found. 

 
Figure 54: Important refugee routes along and through the 

Mediterranean Sea visualized in blue and partly striped arrows (ORF 

2016) merged with the resulting map of distance-bounded event 

clustering for Italy visualized in red circles of different radius (Transit 

basemap: HERE 2016) 

5.3. Movement analysis: Refugee-related trajectories to Europe 

These two trajectories shown as blue lines in Figure 55 would not be 
resulting with the tested maximum segment filters shown in Figure 32. 
But by ignoring these filters and instead using the hashtag extraction 

on the entire resulting dataset and an additional speed filter of 
100km/day, these two users could be extracted. Figure 55 also shows 

the individual routes as green arrows, more generalized as the 
trajectories. The assumption that refugees are not tweeting while 
finding their route to Europe seems to be confirmed. On their whole trip 

from the Middle East to Germany, they were not tweeting at all. Their 
tweet text is also giving no evidence about their chosen route. Only 

their home countries are mentioned, Lebanon and Syria. One of the 
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users had his last tweet in the Middle East in the beginning of 

December 2014 and his first tweet in Germany in mid-August, so about 
eight month difference. The other one had his last tweet in the Middle 

East in mid-February 2015 and his first in Germany in mid-April, so two 
month difference.  

 
Figure 55: Two found refugee trajectories and routes to Europe 

visualized in a space-time cube (Transit basemap: HERE 2016) 

The parameter setting for Figure 55 and Figure 56 is a minimum angle 

of direction change of 30° to find similar directions, a minimum 
duration of a stop of 300 (optional parameter for this kind of routes, 
because stop durations are not relevant), a minimum distance to next 

position of 10,000m and a maximum distance of 100,000m. The 
desired radius of point clusters is set to 100,000m and movements 

within a single area are ignored. This setting is suitable for a 
visualization on city scale, but all resulting routes are only used by one 

person, so in that case they are not generalized at all.  



52 

 
Figure 56: Found refugee routes in Germany (Transit basemap: HERE 

2016) 

 
Figure 57: Google Maps search for refugee related locations in 

Germany (Google 2016) 

It was not expected that found refugees are located at the same 
asylum country visiting the same institutions. Most of the routes’ 

stopping points are located at refugee related areas as shown in Figure 
57. First stop in Germany for one user was a location nearby the 
institution “Wohnheim für Flüchtlinge und Asylbewerber Caritasverband 

Nordhessen-Kassel e.V.” after that his next tweet was located near the 
“Migrationszentrum für Stadt und Landkreis Göttingen”, where also the 

second user first tweeted from. The second user was more active and 
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also visited locations nearby “Flüchtlingshilfe Lippe e.V.” and 

“Beratungsdienst für Ausländer und Flüchtlinge”. All this relations found 
by comparing resulting routes and refugee-related locations are giving 

strong evidence that these two users are definitely refugees. 

 
Figure 58: Twitter activity of found refugees moving from the Middle 

East to Germany 

The tweet frequency of these two users typed as refugees over the 
time period of one year is shown in Figure 58. They both have no or 
small activity during their potential time of escape, beginning of 2015 

till July 2015. According to this tweet time pattern, it took them 
between two and eight month to reach their destination country.  

6. Discussion  
Twitter is basically a suitable data source for worldwide applied spatio-temporal 
and sentiment analyses, because of its potentially comprehensive use and the 

various discussed topics by users. In fact data analyses based on geotagged 
tweets are strongly related to single regions, because of the uneven distribution 

of Twitter users all over the world. Research areas like the US or Japan are 
resulting more useable Twitter datasets than Africa or Asia. Also the topic itself 
should be evaluated first in terms of Twitter compatibility. Tweets related to 

current happenings might concern only indirectly affected people, as shown in 
this research. Directly affected people might not have the time or sense for 

sharing their impressions with the world. In case of refugees, which might be in 
their home countries and on their way to Europe in danger to life, it results as 
unrealistic to expect a whole route through the Middle East to Europe 

documented by a refugee’s tweets. To get speaking, refugee-related results by 
analyzing movement patterns from the Middle East has appeared as a 

challenging task, because set filters were too tight for this small amount of data 
available. It also have to be kept in mind that refugees might not tweet while 

running for their lives. The given results are confirming this assumption, because 
the two found refugees have stopped tweeting through their whole journey to 
Europe. After safely arriving at Germany both were sharing their opinions and 

experiences with the world again and more frequent than before. What cannot 
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be assumed is, what happened in between and where exactly their real 

movements were taking place. But even with this result, the question of privacy 
pushes itself in the foreground. One question is what information is portable to 

give to the public. With only two users as a result, a generalization of their 
moves is not reasonable, but would be necessary in order to give them a better 
anonymity. In fact no IDs, user names or text passages were shown, that is why 

the Twitter Developer Policy were followed (Twitter Inc. 2016c). One thing to 
mention is, that the two resulting users were only found by untighten some 

distance filters. The hashtag extraction itself worked out good. For this refugee-
related research the usability was proofed in terms of hashtag and text analyses 
concerning European citizens, or people tweeting from Europe. This arises from a 

moderate use of Twitter in this regions. Not only to identify refugee trajectories, 
but also to visualize peoples’ response to certain topics worked out. The resulting 

hashtag clusters for countries of asylum are showing at least partly relations to 
real happenings. Divers resources are giving evidence that tweets can be used to 
analyze routes not in terms of creating trajectories of single users, but to extract 

refugee-related hashtags and for analyzing the resulting patterns. To create a 
suitable keyword list can be very tricky. It is strongly language dependent and 

should not include words that are too common or used in another relation, e.g. 
the word “asyl” can be also found in hashtags like “#easylife”, which has nothing 

to do with refugees. That is why resulting hashtags have to be evaluated first 
before starting further analyses. Working with tweets itself is a time-consuming, 
challenging process. Furthermore the number of tweets being processed and 

stored is limited. Massive data sets have to be filtered and prepared in order to 
get some results. For refugees it can take several month to reach the country of 

destination. That is why one year of data is at least necessary to analyze such 
long-term topics. For short-term topics like a flood, analyzed by Cerutti et al. 
(2016), only one month of data is enough. 

7. Conclusions and future work 
The hypothesis that Twitter as a source is suitable to give conclusions about the 

refugee flow, mainly from the Middle East, to Europe by analyzing movement 
patterns and single geotagged tweets via text analysis, can be partly accepted. 
The analysis of trajectories in matters of finding refugees adds up to be quite 

challenging and unsatisfying, as the result of two users is indicating. The first 
method, a combined analyses of users’ movements to Europe with a keyword-

based hashtag extraction, has shown evidence that found results, the two 
trajectories formed by refugees’ tweets, are truly related to the refugee flow to 
Europe, at least to Germany. The shown method could be extended by analyzing 

all known routes and using specific keyword lists in given languages. The 
research question to identify spatio-temporal refugee movement patterns based 

on geotagged tweets can be solved by the used methods, but only with a result 
of two users out of several millions. This outcome could be improved by the use 
of more data including tweets from 2016. Therefore an even more challenging 

data processing would be necessary to find single users, possibly active over the 
whole time period, moving to Europe. The extracted hashtags alone, analyzed by 

density-based and distance-bounded clustering methods, are showing barely 
evidence that directly affected areas and users can be found. Hereby a well-
considered keyword list is essential. Not only the response itself also the content 
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could be shown by other methods of text mining and additional sentiment 

analyses. It could assess the population’s emotions (and their change) towards 
the increased numbers of refugees reaching or traversing a country, which could 

include sympathy, fear, or hostility. Example topics for sentiment analyses are 
the Ebola outbreak (Dwibhasi et al. 2015) or to identify the happiest states in US 
(Mitchell et al. 2013). Another conclusion of working with such massive data sets 

is that analyses should be limited to a certain area, e.g. on city scale, or the time 
period could be clipped to show a certain, distinctive event and a change over 

time. The results are also depending on working bot-filter methods. In this case 
only a few journalists and professional users, mainly free journalists and 
business people liking to their products, cannot be classified as real bot, because 

they can neither be classified as bots nor as cyborgs. The bot-filtering methods 
could be extended to such users e.g. by filtering users including a certain 

percentage of URLs in their tweets. All in all, tweets are offering a good basis for 
data mining and are reflecting people’s minds and movements to a small but 
useful amount. 
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