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 ‘Big-data’ is similar to ‘Small-data’, but bigger 
 

 …but having data bigger it requires different 
approaches: 
◦ techniques, tools, architectures 
 

 …with an aim to solve new problems 
◦ …or old problems in a better way. 



 Volume – 
challenging to load 
and process (how to 
index, retrieve) 

 Variety – different 
data types and 
degree of structure 
(how to query semi-
structured data) 

 Velocity – real-time 
processing 
influenced by rate of 
data arrival 

From “Understanding Big Data” by IBM 



 1. Volume (lots of data = “Tonnabytes”) 
 2. Variety (complexity, curse of 

dimensionality) 
 3. Velocity (rate of data and information flow) 

 
 4. Veracity (verifying inference-based models 

from comprehensive data collections) 
 5. Variability 
 6. Venue (location) 
 7. Vocabulary (semantics) 





Comparing volume of “big data” and “artificial intelligence” queries 

https://trends.google.com/trends/explore?date=all&q=big%20data,artificial%20intelligence 

https://trends.google.com/trends/explore?date=all&q=big data,artificial intelligence


…adding “web 2.0” to “big data” and “data mining” queries volume 







 Key enablers for the appearance and growth 
of “Big Data” are: 

 
◦ Increase of storage capacities 

 
◦ Increase of processing power 

 
◦ Availability of data 























Source: WikiBon report on “Big Data Vendor Revenue and Market Forecast 2012-2017”, 2013 
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 …when the operations on data are complex: 
◦ …e.g. simple counting is not a complex problem 
◦ Modeling and reasoning with data of different kinds 

can get extremely complex 
 

 Good news about big-data: 
◦ Often, because of vast amount of data, modeling 

techniques can get simpler (e.g. smart counting can 
replace complex model-based analytics)… 
◦ …as long as we deal with the scale 



 Research areas (such 
as IR, KDD, ML, NLP, 
SemWeb, …) are sub-
cubes within the data 
cube 

Scalability 

Streaming 

Context 

Quality 

Usage 



 A risk with “Big-Data mining” is that an 
analyst can “discover” patterns that are 
meaningless 

 Statisticians call it Bonferroni’s principle: 
◦ Roughly, if you look in more places for interesting 

patterns than your amount of data will support, you 
are bound to find crap 



Example:  
 We want to find (unrelated) people who at least twice 

have stayed at the same hotel on the same day 
◦ 109 people being tracked. 
◦ 1000 days. 
◦ Each person stays in a hotel 1% of the time (1 day out of 100) 
◦ Hotels hold 100 people (so 105 hotels). 
◦ If everyone behaves randomly (i.e., no terrorists) will the data 

mining detect anything suspicious? 
 Expected number of “suspicious” pairs of people: 
◦ 250,000  
◦ … too many combinations to check – we need to have some 

additional evidence to find “suspicious” pairs of people in 
some more efficient way 

Example taken from: Rajaraman, Ullman: Mining of Massive Datasets 



 Smart sampling of data 
◦ …reducing the original data while not losing the 

statistical properties of data 
 Finding similar items 
◦ …efficient multidimensional indexing 

 Incremental updating of the models  
◦ (vs. building models from scratch) 
◦ …crucial for streaming data 

 Distributed linear algebra 
◦ …dealing with large sparse matrices 



 An excellent overview of the algorithms 
covering the above issues is the book 
“Rajaraman, Leskovec, Ullman: Mining of 
Massive Datasets” 
 

 Downloadable from: 
http://infolab.stanford.edu/~ullman/mmds.html  

http://infolab.stanford.edu/~ullman/mmds.html




 Where processing is hosted? 
◦ Distributed Servers / Cloud (e.g. Amazon EC2) 

 Where data is stored? 
◦ Distributed Storage (e.g. Amazon S3) 

 What is the programming model? 
◦ Distributed Processing (e.g. MapReduce) 

 How data is stored & indexed? 
◦ High-performance schema-free databases (e.g. 

MongoDB) 
 What operations are performed on data? 
◦ Analytic / Semantic Processing 



http://iggyfernandez.wordpress.com/2013/01/21/dilbert-likes-hadoop-clusters/ 

Hadoop 

Hype on Databases from nineties == Hadoop from now 

Hadoop 

Hadoop 
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 “[…] need to solve a problem that relational 
databases are a bad fit for”, Eric Evans 
 

 Motives: 
◦ Avoidance of Unneeded Complexity – many use-case 

require only subset of functionality from RDBMSs (e.g 
ACID properties) 

◦ High Throughput - some NoSQL databases offer 
significantly higher throughput then RDBMSs 

◦ Horizontal Scalability, Running on commodity hardware 
◦ Avoidance of Expensive Object-Relational Mapping – 

most NoSQL store simple data structures 
◦ Compromising Reliability for Better Performance 

Based on “NoSQL Databases”, Christof Strauch http://www.christof-strauch.de/nosqldbs.pdf 
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Infrastructure: 
 Kafka [http://kafka.apache.org/] 
◦ A high-throughput distributed messaging system 

 Hadoop [http://hadoop.apache.org/] 
◦ Open-source map-reduce implementation 

 Storm [http://storm-project.net/] 
◦ Real-time distributed computation system 

 Cassandra [http://cassandra.apache.org/] 
◦ Hybrid between Key-Value and Row-Oriented DB 
◦ Distributed, decentralized, no single point of failure 
◦ Optimized for fast writes 

http://kafka.apache.org/
http://hadoop.apache.org/
http://storm-project.net/
http://cassandra.apache.org/




 Interdisciplinary field using 
techniques and theories from many 
fields, including math, statistics, data 
engineering, pattern recognition and 
learning, advanced computing, 
visualization, uncertainty modeling, 
data warehousing, and high 
performance computing with the goal 
of extracting meaning from data and 
creating data products. 
 

 Data science is a novel term that is 
often used interchangeably with 
competitive intelligence or business 
analytics, although it is becoming 
more common.  

 Data science seeks to use all available 
and relevant data to effectively tell a 
story that can be easily understood by 
non-practitioners. 

http://en.wikipedia.org/wiki/Data_science 
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Analyzing the Analyzers  
An Introspective Survey of Data Scientists and Their Work  
By Harlan Harris, Sean Murphy, Marck Vaisman 
Publisher: O'Reilly Media 
Released: June 2013 

An Introduction to Data  
Jeffrey Stanton, Syracuse University School of Information Studies 
Downloadable from http://jsresearch.net/wiki/projects/teachdatascience 
Released: February 2013 

Data Science for Business: What you need to know about data mining  
and data-analytic thinking  
by Foster Provost and Tom Fawcett  
Released: Aug 16, 2013 
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http://www.amazon.com/Tom-Fawcett/e/B00DWV867I/ref=sr_ntt_srch_lnk_1?qid=1378290063&sr=8-1






 Big-Data is everywhere, we are just not used to 
deal with it 
 

 The “Big-Data” hype is very recent 
◦ …growth seems to be going up 
◦ …evident lack of experts to build Big-Data apps 
 

 Can we do “Big-Data” without big investment? 
◦ …yes – many open source tools, computing machinery is 

cheap (to buy or to rent) 
◦ …the key is knowledge on how to deal with data 
◦ …data is either free (e.g. Wikipedia) or to buy (e.g. 

twitter) 
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