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http://blog.memsql.com/tableau-10-includes-even-more-data-source-options/
http://www.exasol.com/en/solutions/business/tableau/
http://kudu.apache.org/
https://drill.apache.org/
http://phoenix.apache.org/
http://www.tableau.com/about/blog/2016/8/tableau-10-includes-even-more-data-source-options-57505
http://hortonworks.com/blog/llap-enables-sub-second-sql-hadoop/
http://www.tableau.com/about/blog/2013/4/tableau-cloudera-impala-bring-hadoop-data-life
http://www.kyvosinsights.com/kyvos-tableau-integration/
https://jethro.io/tableau-on-hadoop
http://www.atscale.com/tableau-on-hadoop/
http://info.atscale.com/atscale-business-intelligence-on-hadoop-benchmark
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http://www.nielsen.com/us/en/insights/news/2016/uncommon-sense-the-big-data-warehouse.html
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http://newvantage.com/wp-content/uploads/2016/01/Big-Data-Executive-Survey-2016-Findings-FINAL.pdf
http://www.datasciencecentral.com/profiles/blogs/maximizing-data-value-with-a-data-lake
http://www.datasciencecentral.com/profiles/blogs/maximizing-data-value-with-a-data-lake
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http://tclive.tableau.com/Library/Video?vCode=BRK53935
http://tclive.tableau.com/Library/Video?vCode=BRK53935
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http://blogs.gartner.com/doug-laney/files/2012/01/ad949-3D-Data-Management-Controlling-Data-Volume-Velocity-and-Variety.pdf
http://newvantage.com/wp-content/uploads/2016/01/Big-Data-Executive-Survey-2016-Findings-FINAL.pdf
http://blogs.wsj.com/cio/2015/08/27/making-the-case-for-the-long-tail-of-big-data/
http://sloanreview.mit.edu/article/variety-not-volume-is-driving-big-data-initiatives/
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http://spark.apache.org/
http://www.syncsort.com/en/About/News-Center/Press-Release/New-Hadoop-Survey-Identifies-Big-Data-Trends
http://www.infoworld.com/article/3031690/analytics/why-you-should-use-spark-for-machine-learning.html
http://www.infoworld.com/article/3031690/analytics/why-you-should-use-spark-for-machine-learning.html
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http://www.cloudcomputing-news.net/news/2016/jun/27/internet-of-things-machine-learning-robotics-are-high-priorities-for-developers-in-2016/
http://www.cloudcomputing-news.net/news/2016/jun/27/internet-of-things-machine-learning-robotics-are-high-priorities-for-developers-in-2016/
http://www.tableau.com/learn/whitepapers/solving-internet-things-last-mile-problem
http://www.tableau.com/learn/whitepapers/solving-internet-things-last-mile-problem
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http://www.paxata.com/paxata-for-tableau/
https://www.trifacta.com/wrangling-for-tableau/
http://www.alteryx.com/partners/tableau-software
https://en.wikipedia.org/wiki/Technology_adoption_life_cycle
https://en.wikipedia.org/wiki/Technology_adoption_life_cycle
https://en.wikipedia.org/wiki/Technology_adoption_life_cycle
https://www.datanami.com/2016/05/31/self-service-prep-killer-app-big-data/
https://www.datanami.com/2016/05/31/self-service-prep-killer-app-big-data/
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http://hortonworks.com/apache/atlas/
http://hortonworks.com/apache/ranger/
http://data-informed.com/phases-of-hadoop-maturity-where-exactly-is-it-going/
http://data-informed.com/phases-of-hadoop-maturity-where-exactly-is-it-going/
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http://www.waterlinedata.com
https://alation.com
https://www.datanami.com/2016/10/03/data-catalogs-emerge-strategic-requirement-data-lakes/
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