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Entity View of the World

• Data are representations of observations, 
objects, or other entities used as evidence of 
phenomena for the purposes of research or 
scholarship.

(Christine Borgmann 2014)
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Entity View of the World

Data is prevalent

– Business Data:

• Company filings to regulatory bodies 

• Security market (e.g., stock, fund, option) trading data

• News articles, analyst reports,  

– Government Data:

• US federal government spending data, earmarks data

• Congress data (voting, members,  )

Users and applications prefer an entity view of the 
underlying data

– Entities (Companies, People, Securities,  )

– Relationships (Employment, Investment, Ownership,  )

– Events (Mergers, Acquisitions, Bankruptcy, Appointment,  )  



What is Data Integration? 
Data integration is the process of consolidating data from a set of 

heterogeneous data sources into a single uniform data set.

The integrated data set should:

1. Correctly and completely represent the content of all data 

sources. 

2. Use a single data model and a single schema.

3. Only contain a single representation of every real-world entity.

4. Not contain any conflicting data about single entities.
To achieve this data integration needs to resolve different types of 

heterogeneity that exist between data sources.



Data IntegrationOverview: Data Integration
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Data inside platform
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Topology of the Web Today



Data Catalogs and Marketplaces 

• The Document Web traditionally contains structured data in various 
formats: 
– CSV Files, Excel Worksheets
– XML Documents, SQL Dumps 

• Data Catalogs and Data Market Places 
– collect and host data sets plus metadata 
– provide free or payment-based access to the data sets 

• Examples 
– The Data Hub: data catalog containing 6,800 open-lisence data sets 
– Data.gov.uk, Data.gov.us: Thousands of public sector data sets 
– Infochimps, Azure Data Marketplace, Factual: commercial market places
– data.mos.ru,  hubofdata.ru

• List of Data Catalogs and Market Places
– http://www.kdnuggets.com/datasets/api-hub-marketplace-platform.html









Web 2.0 Applications and Web APIs 

• A multitude of Web-based 
applications has sprung up 
which enable users to share 
information.

• These applications form 
separate data spaces that are 
only partly accessible via the 
Web

• HTML interfaces

• Web APIs



Example: Facebook

Users (September 2012)

• 1 billion monthly active users
• including 600 million mobile users
• 140.3 billion friend connections
• 1.13 trillion likes since launch in February 2009 
• 219 billion photos uploaded
• 17 billion location-tagged posts, including check-ins

Data Volume

• over 100 Petabyte
• inluding profile data, communication, usage logs, ...

Sources

• https://s3.amazonaws.com/OneBillionFB/Facebook+1+Billion+Stats.docx
• http://www.technologyreview.com/featuredstory/428150/what-facebook-
knows



Example: Twitter

• 200 million – Monthly active users on Twitter, passed in December.
• 819,000+ – Number of retweets of Barack Obama’s tweet “Four more 

years”, the most retweets ever.
• 327,452 – Number of tweets per minute when Barack Obama was re-

elected, the most ever.
• 729,571 – Number of messages per minute when the Chinese 

microblogging service Sina Weibo saw 2012 finish and 2013 start.
• 9.66 million – Number of tweets during the opening ceremony of the 

London 2012 olympics.
• 175 million – Average number of tweets sent every day throughout 2012.
• 37.3 years – Average age of a Twitter user.
• 307 – Number of tweets by the average Twitter user.
• 51 – Average number of followers per Twitter user.
• 163 billion – the number of tweets since Twitter started, passed in July.
• 123 – Number of heads of state that have a Twitter account.

http://royal.pingdom.com/2013/01/16/internet-2012-in-numbers/



Web APIs
• Provide limited access to the collected data 

– restricted to specific queries (canned queries)
– restrictred number of queries 

• ProgrammableWebAPICatalog
– lists over 9000 Web APIs 
– list over 6800 Mashups



Most Popular Web API 



Mashups

Mashups are based on a fixed set of data sources

Web APIs expose proprietary 

Interfaces

Mashup

Interfaces
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Mashup
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additional data sources

Web
API

Web
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Web APIs expose proprietary interfaces

No single global data space
Not index-able by generic crawlers 
No automatic discovery of additional data 

sources



Web APIs slice the Web into Data Silos
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Twitter API



Twitter API



Twitter Streaming

• We used hbc library to collect tweets



Creating a client



Listening to a message queue



REST API

Returns a collection of relevant Tweets 
matching a specified query.

Resource URL
https://api.twitter.com/1.1/search/tweets.json

Example Request
GET
https://api.twitter.com/1.1/search/tweets.json
?q=%23freebandnames&since_id=240126199
84051000&max_id=250126199840518145&re
sult_type=mixed&count=4



Resource Description Framework 
(RDF) 

• A W3C Standard (2004) 

• Description of arbitrary data 

• “Everything is a resource” 

• View 1: Sentences in Subject-Predicate-Object form 
– „Heiko works at University of Mannheim.” 

• View 2: Directed graphs with edge labels 
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RDF Building Blocks 

• Resources 
– in general, everything (a person, a place, a web site...) is a 

resource 
– identified by a URI 
– may have one or more types (e.g.: “Person”) 

• Literals 
– are data values, e.g., strings and integers 
– may only be objects, not subjects (i.e., no outgoing edges) 
– may have a data type or a language tag (but not both) 

• Properties (Predicates) 
– Connect resources to other resources 
– Connect resources to literals 



Resource vs. Literal 

• A literal is a simple value 

– cannot be a subject 

– i.e., at a literal, a graph always ends 
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Resource vs. Literal

• A literal is a simple value

– cannot be a subject

– i.e., at a literal, a graph always ends

• A resource may be the subject of another statement

http://www.dws.uni-mannheim.de/

teaching/wdi
"Heiko Paulheim"

dc:creator

http://www.dws.uni-mannheim.de/

teaching/wdi
dc:creator http://www.dws.uni-mannheim.de/

people/heiko-paulheim

"Heiko Paulheim"

foaf:name
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Data Types in RDF 

• Examples: 
– :Muenchen :hasName "München"@de .

:Muenchen :hasName "Munich"@en .
:Muenchen :hasPopulation "1356594 "^^xsd:integer . 
:Muenchen :hasFoundingYear "1158-01-
01"^^xsd:date . 

• Be careful: there are no default data types 
• i.e., the following three literals are different:

– "München" 
– "München"@de 
– "München"^^xsd:string . 



RDF Triple Notation 

• A W3C Standard (2004) 
• Triples have a subject, a predicate, and an object 
• All triples in a document are unordered 
• Simple triple: 

<http://www.dws.uni-mannheim.de/teaching/wdi> 
<http://purl.org/dc/elements/1.1/relation> 
<http://www.w3.org/2001/sw/> . 

• Literal with language tag: 
<http://www.dws.uni-mannheim.de/teaching/wdi> 
<http://purl.org/dc/elements/1.1/subject> 
"Web Data Integration"@en . 

• Literal with type: 
<http://www.dws.uni-mannheim.de/teaching/wdi>
<http://www.dws.uni-mannheim.de/teaching/credits> 

"6"^^<http://www.w3.org/2001/XMLSchema#integer> . 

http://www.dws.uni-mannheim.de/teaching/wdi


RDF Example: Dbpedia

• Cross domain knowledge on millions of entities 

• 500 million triples 

• Linked to another 100 datasets 

– The most strongly linked data set in LOD 
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RDF Example: DBpedia

• Cross domain knowledge on millions of entities

• 500 million triples

• Linked to another 100 datasets

– The most strongly linked data set in LOD

Linking Open Data cloud diagram, 
by Richard Cyganiak and Anja Jentzsch. http://lod-cloud.net/



RDF Example: Dbpedia
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RDF Example: DBpedia

{{Infobox Gemeinde in Deutschland

|Art               = Stadt

|Regierungsbezirk  = Darmstadt

|Bundesland        = Hessen

|Breitengrad       = 49/52//N

|Längengrad        = 08/39//E

|Lageplan          = Hesse DA(city).svg

|Höhe              = 144

|Landkreis         = 

|Fläche            = 122.24

|PLZ               = 64283–64297

|PLZ-alt           = 6100

|Kfz               = DA

|Gemeindeschlüssel = 06411000

|LOCODE            = DE DAR

|Gliederung        = 9 [[Stadtteil]]e

|Bürgermeister     = [[Jochen Partsch]]

|Bürgermeistertitel= Oberbürgermeister

|Partei            = Grüne

...

}}



RDF Example: Dbpedia

• Data from various infoboxes

• Redirects and disambiguations

• Cross-language links 

• Links to other web sites 

• Abstracts in various languages 

• Type information according to various 
schemas 

– yet to come 



Linked Data

• Extend the Web with a single global data graph 

– by using RDF to publish structured data on the Web 

– by setting links between data items within different data 
sources. 



Entities are identified with URIs
Entities are identified with HTTP URIs

f f P
rdf:type

pd:cygri

foaf:name

foaf:Person
y

Richard Cyganiak
foaf:name

foaf:based near
dbpedia:Berlin

foaf:based_near

fHTTP URIs take the role of global primary keys.

pd:cygri = http://richard cyganiak de/foaf rdf#cygripd:cygri = http://richard.cyganiak.de/foaf.rdf#cygri

dbpedia:Berlin = http://dbpedia.org/resource/Berlin
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HTTP URIs take the role of global primary keys.
pd:cygri = http://richard.cyganiak.de/foaf.rdf#cygri
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URIs can be looked up on the Web 

By following RDF links application scan 
• navigate the global data graph

• discover new data sources



LOD Datasets: May 2007

Over 500 million RDF triples

Around 120,000 RDF links between data sources



LOD Datasets: September 2011 



Distribution by topic



Get Linked Data

• Download the Billion Triples Challenge Dataset 
– 1.4 billion triples (17 GB gzipped) 
– crawled from the public Web of Linked Data in 

May/June 2012 
– http://km.aifb.kit.edu/projects/btc-2012/ 

• Download the Sindice Dump 
– 12 billion triples (164GB gzipped, ~1,16TB 

uncompressed) 
– Linked Data, RDFa, Microdata, Microformat crawled 

2009-2011 
– http://data.sindice.com/trec2011/download.html



Web Data Formats
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Web Data Formats

• In this lecture

– What are data formats on the web?

– How can we process them?



Simple Tables – CSV files

• Not particularly a web data format 

• But quite widely used (also on the web) 

• Data exported from RDBMs and spreadsheet applications 

• A CSV (comma separated values) file encodes a table 

• First line is often used as header 

Example:
firstname,lastname,matriculation,birthday

thomas,meyer,3298742,15.07.1988

lisa,müller,43287342,21.06.1989

...



Processing CSV Files 

• Apache Commons CSV 

• Provides a simple API 
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Processing CSV Files

• Apache Commons CSV

• Provides a simple API

Reader in = new FileReader("data/data.csv");

Iterable<CSVRecord> parser = CSVFormat.EXCEL.parse(in);

f or  (CSVRecord record : parser) {

  i f (record.getRecordNumber()>1) {

    String firstname = record.get(0);

    String lastname  = record.get(1);

    ...

  }

}

skip headline



Processing CSV Files 

• There is no particular query language for CSV 
files 

• But you can, e.g.,... 

– load a CSV file into a database table 

– and use SQL 

• Example MySQL: 

LOAD DATA LOCAL INFILE 'data.csv' INTO TABLE persons;

SELECT * FROM persons WHERE lastname LIKE '%meyer%';



JavaScript Object Notation (JSON) 

• JavaScript: a popular programming language on the web 

• Embedded in HTML 

• Originally: 
– Simple interactions (e.g., image exchange on mouse over) 

• Nowadays: 
– Also for complex applications 

– Ajax (Asynchronous JavaScript and XML) 
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JavaScript Object Notation (JSON)

• Basics:

– Objects as they are noted in JavaScript

– Objects are enclosed in curly brackets { … }

– Data is organized in key value pairs

• Example:

var obj = { “firstname” : “John” ,

            “lastname” : “Smith” ,

            “age” : 46

          }

• Simple processing in JavaScript:

var obj = eval(jsonString) ;

var name = obj.firstname +  “ “ + obj.lastname ;

this can only work because

JavaScript is a dynamically

typed programming language



JavaScript Object Notation (JSON) 
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JavaScript Object Notation

• Nested objects are possible:

{ “firstname” : “John” , 

  “lastname” : “Smith” , 

  “age” : 46 ,

  “employer” {

    “name” : “Technology Inc.” ,

    “address” : {

      “street” : “Main St.” ,

      “number” : 14,

      “city” : Smalltown

    }

  }       

}

<firstname>John</firstname>

<lastname>Smith</lastname>

<age>46</age>

<employer>

   <name>Technology Inc.</name>

   <address>

     <street>Main St.</street>

     <number>14</number>

     <city>Smalltown</city>

   </address>

</employer>       



JavaScript Object Notation (JSON) 

• JSON is a lot like XML 
– Treestructure
– Opening/closingtags/brackets 

• Differences 
– JSON is not a standard (but widely used) 
– More compact notation than XML 
– No id/ref – JSON data is strictly tree shaped 
– Less data types (only strings and numbers) 
– No schema* 
– No query language* 

*although people are working on that 



Processing JSON in Java 

• Things were easy in JavaScript: 
var obj = eval(jsonString) ; 

var name = obj.firstname + “ “ + obj.lastname ;

• But that only works in dynamically typed programming 
languages 

• Java uses static typing 
– thus, we have to define the classes in advance 

• And it's not built in 
– we need a particular library 
– e.g., gson



Processing JSON in Java 
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Processing JSON in Java

• Class definition

public class Person {

  private String firstname;

  private String lastname;

  private int age;

}

• Object serialization

Person person;

String json = gson.toJson(obj);

• Object deserialization

Person person = gson.fromJson(jsonString,     

                              Person.class);

{ “firstname” : “John” , 

  “lastname” : “Smith” , 

  “age” : 46   

}      



Motivating example

SIGMA, DBPEDIA, 
WIKIPEDIA



Motivating example

collective mood states derived from large-scale 
Twitter feeds are correlated to the value of the 
Dow Jones Industrial Average (DJIA) over time. ... 
We find an accuracy of 87.6% in predicting the 
daily up and down changes in the closing values 
of the DJIA

Johan Bollen et al paper Twitter mood predicts 
the stock market (Oct 2010)



Motivating example

lol, had $TSLA june 65's at $2.6 - sold $21, 
now $42 - incredible to look back

$TSLA is probably an awesome buy right 
here at $110.

Here's What Sent Tesla's Shares to Record 
Highs t.co/6ASSzAA3o5#Tesla $TSLA

http://t.co/6ASSzAA3o5


lol, had $TSLA june 65's at $2.6 - sold $21, now $42 -
incredible to look back

$TSLA is probably an awesome buy right here at $110.

Here's What Sent Tesla's Shares to Record 
Highs t.co/6ASSzAA3o5#Tesla $TSLA

http://t.co/6ASSzAA3o5


Integrated entity

company: {

name : “ Tesla Motors”;

owner: “Elon Musk”;

CEO: “Elon Musk”;

financial_stats: { sharpe_ratio: 0.17;

beta: 3.9;

..}

tweets: [..];

positive tweets : 0.7;

recommendation: strong_buy}



Analysis example

• Collect data on thousands of companies

• Find the diversified portfolios of securities;

• Choose the one to invest in according to 
financial stats and twitter recommendations;



Essentially all models are wrong, 

but some are useful

That if the model is going to be wrong anyway, 

why not see if you can get the computer to quickly

learn a model from the data, rather than have a

human laboriously derive a model from a lot of

thought.







Variance or Bias?

 model that is too complicated for the amount of

data we have - high variance (leads to model

overfitting)
 High variance problems can be addressed by

reducing the number of features, and by increasing

the number of data points.



Variance or Bias?

 We might have a model that is too simple to

explain the data we have - high bias (adding

more data will not help)





Theory has not ended, it is expanding into new

forms. Sure, we all love succinct theories like F = m

a. But social science domains and even biology

appear to be inherently more complex than physics. 

Let's stop expecting to find a simple theory, and

instead embrace complexity, and use as much data as

well as we can to help define (or estimate) the

complex models we need for these complex

domains.

P. Norvig


