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“The Great MapReduce Debate”

1 “MapReduce: A Major Step Back”, Database Column
Blog, Jan. 17, 2008

A giant step backward in the programming paradigm for
large-scale data intensive applications

A sub-optimal implementation, in that it uses brute force
instead of indexing

Not novel at all -- it represents a specific implementation of
well known techniques developed nearly 25 years ago

Missing most of the features that are routinely included in
current DBMS

Incompatible with all of the tools DBMS users have come to
depend on
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Be lover, no fighter!
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Oracle /DB2/MySQL
1974: System R

1968: IMS (IBM Information Management System)
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1967: LPTF - DBTG (Data Base Task Group)

1959: CODASYL (Conference on Data Systems
Languages)
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! Workfiow Inputs.

[ ati_end_position | [ at_start_position |[ chromosome_name

I = M IEETE < .
ﬁ J :l :: / \ |remve_unip;1l_duplicales|| remove_enn;z._duplu:ahesl crea|repov|

[ merge_uniprot ids | [[merge_entrez genes | [ merge reponts |

[[REMOVE NULLs 2 | [ remove Nuis |

L1 [2
[ add_uniprot to_string | [ add_ncbi_to_string |

Kegg_gene_ids || Kegg gene ids 2

AT A AL ¢ o —

split_for_duplicates

N [} remove._duplicate_kegg_genes.
l Ul" (: Get_pathways

| Workfiof Inputs ¢

o Aflre 0000 == |
(432 b o)

Merge_pathways

[ concat_gene_pathway_ids ]| pathway_desc |

[[Merge_gene pathways | [ Merge_pathway desc |)

.4 h |
[ merge_genes_and_pathways || remove_pathway_duplicates | [ merge_pathway_list_1 ][ gene_descriptions |

kegg_pathway_release || merge_genes_and_pathways 2 | [ merge_pathway_desc | [ merge_pathway_list 2 | [ merge_gene_desc |

getourrentdatabase

. Y Y

! Workflow Outputs "1 Workflow Inputs .

 [An-ouputport | 7 ! & [Ancinput_port | A | [ATocal sewvice | [ Beanshell ][ A Soapiab service | [ String constant ][ A Biomart_Service

FIGURE 1.
A Taverna workflow that connects several internationally distributed datasets to identify candi-
date genes that could be implicated in resistance to African trypanosomiasis [11].
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( provenance )
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FIGURE 4.

Representing provenance as a series of actions that modify a pipeline makes visualizing the differ-
ences between two workflows possible. The difference between two workflows is represented in a
meaningful way, as an aggregation of the two. This is both informative and intuitive, reducing the
time it takes to understand how two workflows are functionally different.
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0 & B3R B+ 4 Ak A4

0 F i T AR E A
4~% “One Size fits All”
% 2 “One Size Fits a Bunch”

0 A F F £ZBenchmark#t £ (#4 F )
#HE A, 2R A . Web# 32

Workload (Performance, Scalability), Data Generator

0 Big Data Appliance

0 Open Source
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Enterprise-oriented Data Analytics Appliance
Consumer-oriented Location-Based Services Support

In-memory, Column Store, Big Data Appliance
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