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Relational DBMS market (IDC/Gartner)

2011: US$24B

1994: US$ 7B

2010-2011 growth 16.3%

2010-2017 growth 143.2%
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But...
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But...

RDBMS Key-value Document Graph Wide Other
0

20

40 37.7

18.6

12.8 11.3

2

17.7

34.8

16.9
11.6 12.7

3

21.2%

2013 2018

Source: https://db-engines.com
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What is Happening?

Technology push/Application Pull

Many technological changes

Networks
Parallelism (Cluster computing & Multicore)
Storage systems
Processor technology
. . .

New applications
“Big data” applications

IoT
Recommender systems
Personalized health systems
. . .
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Big Data

Data-driven approaches to solving big problems

Example

Voice recognition

Google voice accuracy 90
Model-driven approach 60

Question-Answering systems

Confusion set disambiguation
(e.g., to, two, too) [Banko &
Brill, 2001]
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Big Data Characteristics – Four Vs
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Big Data Characteristics – Four Vs

Volume
Almost every dataset we use is high volume and volume is increasing

,
but consider these
Google: in 2016, user uploads to YouTube required 1PB of new storage
capacity per day
Alibaba: in 2017, 320 PB of log data was generated in a six hour
period as a result of customer purchase activity

Variety

Data are multi-modal

Velocity

Streaming data
Facebook: 900 million photo uploads per day
Alibaba: During 2017/11/11 470 million event logs per second

Veracity

Data quality & cleaning
Managing uncertain data
Search under uncertainty
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Big Data Software Stack

Distributed Data Storage

Data Processing
Framework

Script, SQLNoSQL
Search

Streaming

Data Analysis

Resource
Management

ShardShard Shard
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Outline

1 Distributed Storage Systems

2 Main Memory Systems

3 Big Data Processing
MapReduce [Li et al., 2014]
Spark [Zaharia, 2016]

4 Stream Data Processing

5 Graph Processing

6 RDF Data Management
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Big Data Storage

Two basic solutions to store big data

Objects
Files

Different goals

Complementary solutions
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Object Storage

Objectives

Very large amounts of unstructured data
Object transfer over a long-distance network
Access with REST Internet protocols

Approach

An object includes its data, metadata and an identifier
Flat object space: no hierarchy of objects to manage

OSD (object storage device): to store objects on disk
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Object

Object = triple (oid, data, metadata)

Oid: unique, permanent identifier

Once created, an object can be directly accessed by its oid

Data: unstructured data (text, binary, . . . )

Easy to move over the network

Metadata: understand the data
Much flexibility in defining an object’s properties

Protection, replication, lifetime, etc.
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Amazon Simple Storage Service (S3)

Bucket 1 Bucket N

· · ·

Amazon S3

Client

Put object Get object

Online storage service

Simple and easy
Put/get object in a
bucket (an online
directory) using a unique
key given by the user
Very big objects

Max size: 5TB
Get/put: 5GB

Access via REST or SOAP

Use cases: images, videos
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Object Stores

Cloud services

Amazon S3
Rackspace Files
Microsoft Azure Vault Storage
Google Cloud Storage

Enterprise systems

Swift, OpenStack.org
IBM Spectrum Scale Object
Quantum Lattus
Caringo Swarm
EMC Atmos
Hitachi HCP
Scality RING
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File Storage

Objectives
Storage of unstructured data (byte stringes)

Can also be organized as fixed or variable size records

Managed in a directory hierarchy
Sharing in a data center

NAS (network attached storage) or SAN (storage area network)

Approach
Separation of data (file content) from metadata

First read the metadata (in the directory) to locate the content
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Distributed Files

Objectives

Very big files, with many records

Capabilities

Scalability
Fault-tolerance

Approaches

Block-based: GFS
Object-based: Lustre
Hybrid: Ceph
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Google File System (GFS)

Used by many Google applications

Search engine, Bigtable, Mapreduce, etc.
Proprietary

The basis for open source solutions

Hadoop Distributed File System (HDFS)

Objectives

Very big files, of typically several Terabytes, containing many elements
such as web documents
Shared-nothing cluster of thousands of nodes, built from inexpensive
hardware

Node failure is the norm, not the exception

Performance, fault-tolerance and high-availability

Using partitioning and replication
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GFS: Design Choices

Files are divided in fixed-size partitions, called chunks, of large size,
i.e. 64 MB

Partitions are distributed across multiple nodes
Each partition is replicated at several nodes (2 by default)

Optimized for read and append

Random updates are rare
Large reads of bulk data (e.g. 1 MB) and small random reads (e.g. 1
KB)
Append operations are also large and there may be many concurrent
clients that append the same file
High throughput (for bulk data) more important than low latency
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GFS: Capabilities

Traditional file system interface (create, open, read, write, close, and
delete file)

Two additional operations: snapshot and record append
No update: need to do read and write

Relaxed consistency, with atomic record append

No need for distributed lock management
Up to the application to use techniques such as checkpointing and
writing self-validating records

Single GFS master

Maintains file metadata such as namespace, access control information,
and data placement information
Simple, lightly loaded, fault-tolerant

Fast recovery and replication strategies
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GFS: Capabilities

Application

GFS Client
Master

Chunk Server Chunk Server

Get chunk location

Get chunk
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Lustre

Object-based

Used a lot in High Performance Computing (HPC) and scientific
applications in the cloud

Intel Cloud Edition for Lustre

2 types of servers

Metadata servers
Object servers: store file contents in object storage targets (OSTs)

Shared-disk cluster
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Distributed File Systems

Block-based

Google File System (GFS)
Hadoop Distributed File System (HDFS)
GlusterFS, Red Hat, for shared-nothing cluster
Global File System 2 (GFS2), Red Hat, for shared-disk cluster

Object-based

Lustre, Intel
XtreemFS, Xtreem European Project

Hybrid

Ceph, Red Hat
Microsoft Azure HDInsight: integration of HDFS within Azure Blob
Storage
Ozone, Hortonworks: extension of HDFS with object-based level
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Outline

1 Distributed Storage Systems

2 Main Memory Systems

3 Big Data Processing
MapReduce [Li et al., 2014]
Spark [Zaharia, 2016]

4 Stream Data Processing

5 Graph Processing

6 RDF Data Management
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Database Systems and Technological Changes

Database systems were architected for the following typical
environment:

1-7 MIPS CPU with about 1KB cache
Less than 10MB RAM
About 80MB hard disk with 1MB/sec transfer rate

But the technology has changed enormously. Each large server on our
cluster:

Intel Xeon E5-4600 (Ivy Bridge) CPU: > 80,000 MIPS with 8 cores,
20MB L3 cache shared among cores, 256KB and 64KB per core of L2
and L1 caches

CPU speeds are now ∼ 300, 000 MIPS

32GB RAM
Big servers can now have >1TB of RAM

1TB of hard disk with 6GB/s transfer rate
Hard disks of 6TB are coming onto market

Database architectures have not changed since their introduction at
the beginning of 1980s (until recently)

© M. Tamer Özsu CS848 - Winter 2019 25 / 137



Typical DBMS Architecture

data files, indices, . . .

Disk Space Manager

Buffer Manager

Files and Access Methods
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Recall the Developments in RAM
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Memory Hierarchy

CPU
(with registers)

caches

main memory

solid state memory

hard disks

tape library

capacity

bytes

kilo-/megabytes

gigabytes

gigabytes

terabytes

petabytes

latency

< 1 ns

< 10 ns

70–100 ns

∼ 5µsec

3–10 ms

varies

Fast, but expensive and small, memory close to CPU

Larger, slower memory at the periphery

Increasing gap between CPU and memory speeds

Latency is hidden by using the fast memory as a cache.
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Main Memory (In-Memory) DBMS

Fundamental characteristic

Store the entire database in main memory for processing, possibly using
the hard disk for persistence.

Not a new idea – but
increasing memory sizes allow
accommodating bigger
databases

Usually goes with
column-oriented storage, but
not always (e.g., SQL Server
Hekaton works on rows)

Can target OLTP or OLAP
workloads or both

Requires rethinking of many
functions, but there are
simplifications
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Design Decisions

Access patterns
Random access in memory is still more expensive than sequential access
Partly due to cache lines capacity and cache misses

Main memory optimized storage
No page structure necessary
No secondary indexes, only main memory index
Try to use latch-free data structures

Data organization
Partitioned vs non-partitioned vs multi-versioned vs row/column

Concurrency
Lock managers are performance bottlenecks
Very lightweight locking or optimistic

Durability
Checkpointing gives “light” durability
Transaction logging either to disk or non-volatile memory
Replication
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Data Organization in Disk-based Systems

Classical disk-based relational systems
page data to and from disk on demand
(fixed-size blocks, e.g., 8KB)

Storage engine manages buffer pool

Page frames are in-memory
representation of page
Hash table maps page id to location in
pool
If page is not in memory, disk I/O
needed to populate a target page
frame

Logical record identifiers:
(page id, offset)

Frame1 Frame2 Frame3

Frame4 Frame5 Frame6

Frame7 Frame8 Frame9

Buffer pool with page frames

Hash table

Elegant solution for abstracting disk away from other layers of the
database stack

Too much overhead for main-memory systems
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Data Organization in Main Memory Systems

Data lives in RAM in main-memory
databases; no need to page from disk

Modern systems avoid page indirection
through buffer pool

Avoid logical record identifiers: (page

id, offset)

Avoid two-level indirection: Hash
table access to resolve page frame in
buffer pool and Calculate pointer to
record using offset within page
Common practice to use in-memory
pointers for direct record access

Can result in order of magnitude
performance improvements

Avoids page-based indirection to
resolve record pointer
Avoids page latch overhead

Frame1 Frame2 Frame3

Frame4 Frame5 Frame6

Frame7 Frame8 Frame9

Buffer pool with page frames
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Organization

Partitioned
Disjoint partitioning of the database, assign partition to node, core, etc.

I Simple per-node implementation (serial execution, no concurrent data
structures)

I Partition management burden: rebalance for hotspots
I Unpredictable behavior if too many cross-partition transactions

Non-partitioned

Any thread/core can access any record in the database

I Self-balancing system: no need to worry about partition management
I Increased implementation complexity (e.g., concurrent data structures)
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Organization

Multi-Versioned
I Allows for high concurrency; important in multi-core environments
I Readers allow to execute uncontested, do not block writers

Row/Columnar Layout

I Reasonable OLTP performance on in-memory columnar layout; not true for
disk-based column stores
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System Organization Choices

Partitioned Multi-Versioned Row/Columnar
Hekaton No Yes Row
HyPer No Yes Hybrid
SAP HANA No Yes Hybrid
H-Store/VoltDB Yes No Row
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Outline

1 Distributed Storage Systems

2 Main Memory Systems

3 Big Data Processing
MapReduce [Li et al., 2014]
Spark [Zaharia, 2016]

4 Stream Data Processing

5 Graph Processing

6 RDF Data Management
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MapReduce Basics [Li et al., 2014]

For data analysis of very large data sets

Highly dynamic, irregular, schemaless, etc.
SQL too heavy

“Embarrassingly parallel problems”

New, simple parallel programming model
Data structured as (key, value) pairs

E.g. (doc-id, content), (word, count), etc.

Functional programming style with two functions to be given:

Map(k1,v1) → list(k2,v2)

Reduce(k2, list (v2)) → list(v3)

Implemented on a distributed file system (e.g., Google File System)
on very large clusters
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Map Function

User-defined function

Processes input key/value pairs
Produces a set of intermediate key/value pairs

Map function I/O

Input: read a chunk from distributed file system (DFS)
Output: Write to intermediate file on local disk

MapReduce library

Executes map function
Groups together all intermediate values with the same key (i.e.,
generates a set of lists)
Passes these lists to reduce functions

Effect of map function

Processes and partitions input data
Builds a distributed map (transparent to user)
Similar to “group by” operator in SQL
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Reduce Function

User-defined function

Accepts one intermediate key and a set of values for that key (i.e., a
list)
Merges these values together to form a (possibly) smaller set
Typically, zero or one output value is generated per invocation

Reduce function I/O

Input: read from intermediate files using remote reads on local files of
corresponding mapper nodes
Output: Each reducees writes its output as a file back to DFS

Effect of map function

Similar to aggregation operaton in SQL
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MapReduce Processing
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Example 1

Assume you are reading the monthly average temperatures for each of the
12 months of a year for a bunch of cities, i.e., each input is the name of
the city (key) and the average monthly temperature. Compute the average
annual temperature for each city.

Map:
Input: 〈City, Month, MonthAvgTemp〉

1 Create key/value pairs

Output: 〈City, MonthAvgTemp〉
Reduce:
Input: 〈City, MonthAvgTemp〉

1 Sort to get 〈City, list(MonthAvgTemp)〉 (i.e., it combines in a list
the monthly average temperatures for a given city)

2 Compute average over list(MonthAvgTemp)

Output: 〈City, AnnualAvgTemp〉
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Example 2

Consider EMP (ENAME, TITLE, CITY)

Query:

SELECT CITY , COUNT(∗ )
FROM EMP
WHERE ENAME LIKE ”\%Smith ”
GROUP BY CITY

Map:

I n p u t : ( TID , emp ) , Output : ( CITY , 1 )
i f emp .ENAME l i k e ”\%Smith ” return ( CITY , 1 )

Reduce:

I n p u t : ( CITY , l i s t ( 1 ) ) , Output : ( CITY ,SUM( l i s t ( 1 ) ) )
return ( CITY ,SUM( 1∗ ) )

© M. Tamer Özsu CS848 - Winter 2019 42 / 137



MapReduce Architecture

Scheduler

Master

Input Module

Map Module

Combine Module

Partition Module

Map Process

Worker

Input Module

Map Module

Combine Module

Partition Module

Map Process

Worker

Input Module

Map Module

Combine Module

Partition Module

Map Process

Worker

Group Module

Reduce Module

Output Module

Reduce Process

Worker

Group Module

Reduce Module

Output Module

Reduce Process

Worker

© M. Tamer Özsu CS848 - Winter 2019 43 / 137



Execution Flow with Architecture [Dean and Ghemawat, 2008]
MapReduce: Simplified Data Processing on Large Clusters

7. When all map tasks and reduce tasks have been completed, the mas-
ter wakes up the user program. At this point, the MapReduce call
in the user program returns back to the user code.

After successful completion, the output of the mapreduce execution
is available in the R output files (one per reduce task, with file names
specified by the user). Typically, users do not need to combine these R
output files into one file; they often pass these files as input to another
MapReduce call or use them from another distributed application that
is able to deal with input that is partitioned into multiple files.

3.2 Master Data Structures
The master keeps several data structures. For each map task and
reduce task, it stores the state (idle, in-progress, or completed) and the
identity of the worker machine (for nonidle tasks).

The master is the conduit through which the location of interme-
diate file regions is propagated from map tasks to reduce tasks. There -
fore, for each completed map task, the master stores the locations and
sizes of the R intermediate file regions produced by the map task.
Updates to this location and size information are received as map tasks
are completed. The information is pushed incrementally to workers
that have in-progress reduce tasks.

3.3 Fault Tolerance
Since the MapReduce library is designed to help process very large
amounts of data using hundreds or thousands of machines, the library
must tolerate machine failures gracefully.

Handling Worker Failures
The master pings every worker periodically. If no response is received
from a worker in a certain amount of time, the master marks the worker
as failed. Any map tasks completed by the worker are reset back to their
initial idle state and therefore become eligible for scheduling on other
workers. Similarly, any map task or reduce task in progress on a failed
worker is also reset to idle and becomes eligible for rescheduling.

Completed map tasks are reexecuted on a failure because their out-
put is stored on the local disk(s) of the failed machine and is therefore
inaccessible. Completed reduce tasks do not need to be reexecuted
since their output is stored in a global file system.

When a map task is executed first by worker A and then later exe-
cuted by worker B (because A failed), all workers executing reduce
tasks are notified of the reexecution. Any reduce task that has not
already read the data from worker A will read the data from worker B.

MapReduce is resilient to large-scale worker failures. For example,
during one MapReduce operation, network maintenance on a running
cluster was causing groups of 80 machines at a time to become unreach-
able for several minutes. The MapReduce master simply re executed the
work done by the unreachable worker machines and continued to make
forward progress, eventually completing the MapReduce operation.

Semantics in the Presence of Failures
When the user-supplied map and reduce operators are deterministic
functions of their input values, our distributed implementation pro-
duces the same output as would have been produced by a nonfaulting
sequential execution of the entire program.

split 0

split 1

split 2

split 3

split 4

(1) fork

(3) read
(4) local write

(1) fork
(1) fork

(6) write

worker

worker

worker

Master

User
Program

output
file 0

output
file 1

worker

worker

(2)
assign
map

(2)
assign
reduce

(5) remote 

(5) read

Input
files

Map
phasr

Intermediate files
(on local disks)

Reduce
phase

Output
files

Fig. 1. Execution overview.

COMMUNICATIONS OF THE ACM January  2008/Vol. 51, No. 1 109
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Characteristics

Flexibility
User can write any map and reduce function code
No need to know how to parallelize

Scalability
Elastic scalability
Automatic load balancing

Efficiency
Simple: parallel scan
No database loading

Fault tolerance
Worker failure

Master pings workers periodically; assumes failure if no response
Tasks (both map and reduce) on failed workers scheduled on a different
worker node

Master failure
Checkpoints of master state
Recovery after failure → progress can halt

Replication on distributed data store
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Hadoop

Most popular MapReduce implementation – developed by Yahoo!
Two components

Processing engine
HDFS: Hadoop Distributed Storage System – others possible
Can be deployed on the same machine or on different machines

Processes
Job tracker: hosted on the master node and implements the schedule
Task tracker: hosted on the worker nodes and accepts tasks from job tracker
and executes them

HDFS
Name node: stores how data are partitioned, monitors the status of data
nodes, and data dictionary
Data node: Stores and manages data chunks assigned to it

Task Tracker Job Tracker Task Tracker

Data Node Name Node Data Node

Worker 1 Name Node Worker n

MapReduce

HDFS
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Hadoop UDF Functions

Phase Name Function

Map

InputFormat::getSplit Partition the input data into different
splits. Each split is processed by a map-
per and may consist of several chunks.

RecordReader::next Define how a split is divided into items.
Each item is a key/value pair and used as
the input for the map function.

Mapper::map Users can customize the map function to
process the input data. The input data
are transformed into some intermediate
key/value pairs.

WritableComparable::compareTo The comparison function for the key/-
value pairs.

Job::setCombinerClass Specify how the key/value pair are aggre-
gated locally.

Shuffle Job::setPartitionerClass Specify how the intermediate key/value
pairs are shuffled to different reducers.

Reduce
Job::setGroupingComparatorClass Specify how the key/value pairs are

grouped in the reduce phase.
Reducer::reduce Users write their own reduce functions

to perform the corresponding jobs.
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MapReduce Implementations

Name Language File System Index Master Server Multiple
Job
Support

Hadoop Java HDFS No Name Node and Job
Tracker

Yes

Disco Python
and
Erlang

Distributed
Index

Disco
Server

No No

Skynet Ruby MySQL or
Unix File
System

No Any node in the cluster No

FileMap Shell
and Perl
Scripts

Unix File
System

No Any node in the cluster No

Twister Java Unix File
System

No One master node in broker
network

Yes

Cascading Java HDFS No Name Node and Job
Tracker

Yes
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MapReduce Languages

Hive Pig

Language Declarative SQL-like Dataflow

Data model Nested Nested

UDF Supported Supported

Data partition Supported Not supported

Interface Command line, web,
JDBC/ODBC server

Command line

Query optimization Rule based Rule based

Metastore Supported Not supported
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MapReduce Implementations of Database Operators

Select and Project can be easily implemented in the map function

Aggregation is not difficult (see next slide)

Join requires more work

MapReduce join implementations

θ-join

Equijoin

Repartition
join

Semi-join Map-only join

Broadcast join Trojan join

Similarity join Multiway join

Multiple
MapReduce

jobs

Replicated
join
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Aggregation

Key Value
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Reducer 1

Grouping by
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Applying the aggregation
function for the tuples with
the same Aid
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2, f(R2, R4)

Reducer 2

Reduce Phase
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θ-Join

Baseline implementation of R(A,B) on S(B,C )

1 Partition R and assign each partition to mappers

2 Each mapper takes 〈a, b〉 tuples and converts them to a list of
key/value pairs of the form (b, 〈a,R〉)

3 Each reducer pulls the pairs with the same key

4 Each reducer joins tuples of R with tuples of S
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DBMS on MapReduce

HadoopDB Llama Cheetah

Language SQL-like Simple interface SQL

Storage Row store Column store Hybrid store

Data com-
pression

No Yes Yes

Data parti-
tion

Horizontally parti-
tioned

Vertically partitioned Horizontally par-
titioned at chunk
level

Indexing Local index in each
database instance

No index Local index for each
data chunk

Query op-
timization

Rule based optimiza-
tion plus local op-
timization by Post-
greSQL

Column-based op-
timization, late
materialization and
processing multiway
join in one job

Multi-query optimiza-
tion, materialized
views
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Spark System

MapReduce does not perform well in iterative computations

Workflow model is acyclic
Have to write to HDFS after each iteration and have to read from
HDFS at the beginning of next iteration

Spark objectives

Better support for iterative programs
Provide a complete ecosystem
Similar abstraction (to MapReduce) for programming
Maintain MapReduce fault-tolerance and scalability

Fundamental concepts

RDD: Reliable Distributed Datasets
Caching of working set
Maintaining lineage for fault-tolerance
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MapReduce Ecosystem [Michiardi, 2015]

MapReduce Storm Mahout Pig Giraph

S4 Hive

Samza Drill

Impala

General
Batching

Streaming Iterative Ad hoc/SQL Graph

Specialized Systems

© M. Tamer Özsu CS848 - Winter 2019 55 / 137



Spark Ecosystem [Michiardi, 2015]

Native
Spark
Apps

Spark
SQL

Spark
Streaming

MLlib
(machine
learning)

GraphX
(graph

processing)

Apache Spark
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Spark Programming Model [Zaharia et al., 2010, 2012]

HDFS

Create RDD

· · ·

RDD

Cache? Cache
Yes

Transform
RDD?

No

Process

No

Transform
Yes

HDFS

Each transform generates a
new RDD that may also be
cached or processed

Created from HDFS or parallelized arrays;
Partitioned across worker machines;
May be made persistent lazily;

Processing done on one of the RDDs;
Done in parallel across workers;
First processing on a RDD is from disk;
Subsequent processing of the same RDD from cache
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Example – Log Mining [Zaharia et al., 2010, 2012]

Load log messages from a file system, create a new file by filtering the
error messages, read this file into memory, then interactively search for
various patterns

lines = spark.textFile(hdfs://...)

CreateRDD

errors = lines.filter( .startsWith(\ERROR"))

Transform RDD

messages = errors.map( .split(‘\t ’)(2))

Another transform

cachedMsgs = messages.cache()

Cache results

cachedMsgs.filter( .contains(\foo")).count

Action

cachedMsgs.filter( .contains(\bar")).count

Another Action

accesses cache

Driver

WorkerWorkerWorker

Block 1 Block 2 Block 3

TasksResults

Cache Cache Cache
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Example Transform Functions

Function Meaning
map(func) Return a new RDD formed by passing each element of

the source through a function func

filter(func) Return a new RDD formed by selecting those elements of
the source on which func returns true

flatMap(func) Similar to map, but each input item can be mapped to 0
or more output items (func should return a Seq not a
single item)

mapPartitions(func) Similar to map, but runs separately on each partition
(block) of the RDD, so func must be of type Iterator

sample(repl , fraction,
seed)

Sample a fraction fraction of the data, with or without
replacement (set repl accordingly), using a given random
number generator seed

union(otherDataset)
intersection()

Return a new RDD that contains the union/intersection
of the elements in the source RDD and the argument

groupByKey() Operates on a RDD of (K, V) pairs, returns a RDD of
(K, Iterable<V>) pairs

reduceByKey(func, . . .) Operates on a RDD of (K, V) pairs, returns a RDD of
(K, V) pairs where the values for each key are aggregated
using the given reduce function func
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Example Actions

Action Meaning
collect() Return all the elements of the dataset as an array at the

driver program.

count()

take(n) Return an array with the first n elements of the dataset

first(func) Return the first element of the dataset (similar to
take(1))

takeSample(repl , num,
[seed ])

Return an array with a random sample of num elements
of the dataset, with or without replacement, optionally
pre-specifying a random number generator seed

takeOrdered(n, [ordering ]) Return the first n elements of the RDD using either their
natural order or a custom comparator

saveAsTextFile(path) Write the elements of the RDD as a text file (or set of
text files) in a given directory in the local filesystem,
HDFS or any other Hadoop-supported file system

countByKey() Only available on RDDs of type (K, V). Returns a
hashmap of (K, Int) pairs with the count of each key

foreach(func) Run a function func on each element of the dataset
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RDD Fault Tolerance

RDDs maintain lineage information that can be used to reconstruct
lost partitions

Lineage is constructed as an object and stored persistently for
recovery

Example

messages = spark.textFile(\hdfs://...")

.lines.filter( .startsWith(\ERROR"))

.errors.map( .split(‘\t ’)(2))

HDFS File Filtered RDD
filter

(func= .contains(...))

Mapped RDD
map

(func= .split(...))

© M. Tamer Özsu CS848 - Winter 2019 61 / 137



Outline

1 Distributed Storage Systems

2 Main Memory Systems

3 Big Data Processing
MapReduce [Li et al., 2014]
Spark [Zaharia, 2016]

4 Stream Data Processing

5 Graph Processing

6 RDF Data Management
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Stream System Inputs & Outputs

Inputs

One or more sources generate data continuously, in real time, and in fixed
order (by timestamp)

I Sensor networks – weather monitoring, road traffic monitoring
I Web data – financial trading, news/sports tickers
I Scientific data – experiments in particle physics
I Transaction logs – point-of-sale purchases
I Network traffic analysis – IP packet headers

Outputs

Want to collect and process data in real-time; up-to-date answers
generated continuously or periodically

I Environment monitoring
I Location monitoring
I Correlations across stock prices
I Denial-of-service attack detection
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DBMS versus DSS

Traditional DBMS:

Transient query

Persistent data

One-time result

Data Stream System (DSS):

Transient data

Persistent queries

Continuous results

Other differences of DSS
I Push-based (data-driven)

I Unbounded stream; query execution as data arrives at the system –
one look

I System conditions may not be stable – arrival rates fluctuate,
workload may change
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DSS System Architecture

Working

Storage

Summary

Storage

Static

Storage

Query

Repository

Query

Processor
Output

Buffer

Input

Monitor

Streaming

inputs Updates to

static data

User

queries

Streaming

outputs
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Processing Models

Continuous processing

Each new data item is processed as soon as it arrives in the system.
Examples: Apache Storm, Heron

Windowed processing

Incoming data items are batched in windows and executed as a batch.
For user, recently arrived data may be more interesting and useful.
Examples: Aurora, STREAM, Spark Streaming
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Stream Data Models

Append-only sequence of timestamped items that arrive in some order.

〈timestamp, payload〉

What is the payload?

Relational tuples

Revision tuples

Sequence of events (as in publish/subscribe systems)

Sequence of sets (or bags) of elements with each set storing elements
that have arrived during the same unit of time
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Window Definition

According to the direction of endpoint movement
I Fixed window: both endpoints are fixed
I Sliding window: both endpoints can slide (backward or forward)
I Landmark window: one endpoint fixed, the other sliding

According to definition of window size
I Logical window: time-based – window length measured in time units
I Physical window: count-based – window length measured in number of data

items
I Partitioned window: split a window into multiple count-based windows
I Predicate window: arbitrary predicate defines the contents of the window

Most common ones
I Time-based sliding window
I Count-based sliding window

© M. Tamer Özsu CS848 - Winter 2019 68 / 137



Window Definition

According to the direction of endpoint movement
I Fixed window: both endpoints are fixed
I Sliding window: both endpoints can slide (backward or forward)
I Landmark window: one endpoint fixed, the other sliding

According to definition of window size
I Logical window: time-based – window length measured in time units
I Physical window: count-based – window length measured in number of data

items
I Partitioned window: split a window into multiple count-based windows
I Predicate window: arbitrary predicate defines the contents of the window

Most common ones
I Time-based sliding window
I Count-based sliding window
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Stream Query Models

Recall that queries are persistent

They may be monotonic or non-monotonic

Monotonic: result set always grows

If Q(t) is the result of a query at time t, given two
executions at time ti and tj , Q(ti ) ⊆ Q(tj) for all ti > tj

Non-monotonic: deletions from the result set is possible
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Streaming Operators

Stateless operators are no problem:
e.g., selection, projection

Stateful operators (e.g., nested loop
join) are blocking

You need to see the entire inner
operand

For some blocking operators,
non-blocking versions exist

Symmetric hash join

Windowed execution otherwise

σ
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Stateful operators (e.g., nested loop
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You need to see the entire inner
operand

For some blocking operators,
non-blocking versions exist

Symmetric hash join

Windowed execution otherwise

for each tuple r ∈ R do
for each tuple s ∈ S do

if r == s then
add 〈r , s〉 to result

end for
end for
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Operators over Sliding Windows

Joins and aggregation may require unbounded state, so they typically
operate over sliding windows

Example: track the maximum value in an on-line sequence over a
sliding window of the last N time units

75 53 67 71 68 67 73 70 68 65 64 62 61

time

Max=75
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Load Management

What to do when the data arrival rate is higher than the system’s
processing capacity?

Random load shedding

Randomly drop a fraction of arriving data items

Semantic load shedding

Examine the payload (contents) of a data item before deciding whether
or not to drop it
Some data items may have more value than others

Or, rather than dropping tuples:

Spill to disk and process during idle times
Shorten the windows
Update the answer less often
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Outline

1 Distributed Storage Systems

2 Main Memory Systems

3 Big Data Processing
MapReduce [Li et al., 2014]
Spark [Zaharia, 2016]

4 Stream Data Processing

5 Graph Processing

6 RDF Data Management

© M. Tamer Özsu CS848 - Winter 2019 73 / 137



Graph Data are Very Common

Internet
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Graph Data are Very Common

Social
networks

© M. Tamer Özsu CS848 - Winter 2019 74 / 137



Graph Data are Very Common

Trade volumes
and

connections
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Graph Data are Very Common

Biological
networks
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Graph Data are Very Common
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Graph Types

Property graph

film 2014
(initial release date, “1980-05-23”)

(label, “The Shining”)
(music contributor, music contributor/4110)

(language, (iso639 3/eng)
(label, “English”)

(usedIn, iso3166/CA)
(usesScript, script/latn))

books 0743424425
(rating, 4.7)

StephenKing

(creator)

offers 0743424425amazonOffer

geo 2635167
(name, “United Kingdom”)

(population, 62348447)

UnitedKingdom

(wikipediaArticle)

actor 29704
(actor name, “Jack Nicholson”)

film 3418
(label, “The Passenger”)

film 1267
(label, “The Last Tycoon”)

director 8476
(director name, “Stanley Kubrick”)

film 2685
(label, “A Clockwork Orange”)

film 424
(label, “Spartacus”)

actor 30013
(actor name, “Shelley Duvall”)

(relatedBook)

(hasOffer)

(based near)
(actor)

(director) (actor)

(actor) (actor)

(director) (director)
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Graph Types

RDF graph

mdb:film/2014

“1980-05-23”

movie:initial release date

“The Shining”
refs:label

mob:music contributor
music contributor

lexvo:iso639 3/eng

language

bm:books/0743424425

4.7

rev:rating

bm:persons/StephenKing
dc:creator

bm:offers/0743424425amazonOffer

geo:2635167

“United Kingdom”

gn:name

62348447

gn:population

wp:UnitedKingdom

gn:wikipediaArticle

mdb:actor/29704

“Jack Nicholson”

movie:actor name

mdb:film/3418

“The Passenger”

refs:label

mdb:film/1267

“The Last Tycoon”

refs:label

mdb:director/8476

“Stanley Kubrick”

movie:director name

mdb:film/2685

“A Clockwork Orange”

refs:label

mdb:film/424

“Spartacus”

refs:label

mdb:actor/30013

“Shelley Duvall”

movie:actor name
“English”

rdf:label

lexvo:iso3166/CA

lvont:usedIn
lexvo:script/latin

lvont:usesScript

movie:relatedBook

scam:hasOffer

foaf:based near
movie:actor

movie:director

movie:actor

movie:actor movie:actor

movie:director movie:director
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Graph Types
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(actor name, “Shelley Duvall”)

(relatedBook)

(hasOffer)

(based near)
(actor)

(director) (actor)

(actor) (actor)

(director) (director)

Workload: Online queries and
analytic workloads

Query execution: Varies

RDF graph

mdb:film/2014

“1980-05-23”

movie:initial release date

“The Shining”
refs:label

bm:books/0743424425

4.7

rev:rating

bm:offers/0743424425amazonOffer

geo:2635167

“United Kingdom”

gn:name

62348447

gn:population

mdb:actor/29704

“Jack Nicholson”

movie:actor name

mdb:film/3418

“The Passenger”

refs:label

mdb:film/1267

“The Last Tycoon”

refs:label

mdb:director/8476

“Stanley Kubrick”

movie:director name

mdb:film/2685

“A Clockwork Orange”

refs:label

mdb:film/424

“Spartacus”

refs:label

mdb:actor/30013

movie:relatedBook

scam:hasOffer

foaf:based near
movie:actor

movie:director
movie:actor

movie:actor movie:actor

movie:director movie:director

Workload: SPARQL queries

Query execution: subgraph
matching by homomorphism
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Property Graph Processing Systems

System
Memory/

Disk
Architecture

Computing
paradigm

Supported
Workloads

Hadoop Disk Parallel/Distributed MapReduce Analytical

Haloop Disk Parallel/Distributed MapReduce Analytical

Pegasus Disk Parallel/Distributed MapReduce Analytical

GraphX Disk Parallel/Distributed
MapReduce

(Spark)
Analytical

Pregel/Giraph Memory Parallel/Distributed Vertex-Centric Analytical

GraphLab Memory Parallel/Distributed Vertex-Centric Analytical

GraphChi Disk Single machine Vertex-Centric Analytical

Stream Disk Single machine Edge-Centric Analytical

Trinity Memory Parallel/Distributed
Flexible using K-V

store on DSM
Online &
Analytical

Titan Disk Parallel/Distributed
K-V store

(Cassandra)
Online

Neo4J Disk Single machine
Procedural/
Linked-list

Online
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Scale-up or Scale-out? [Lin, 2018]

Scale-up: Single machine execution

Graph datasets are small and can fit in a single machine – even in main
memory
Single machine avoids parallel execution complexities

Scale-out: Parallel execution

Graph data sets grow when they are expanded to their storage formats
Workstations big enough to handle even smaller datasets are still
expensive
Some graphs are very large: Alibaba: several billion vertices, > 100
million edges
Dataset size may not be the determinant ⇒ parallelizing computation
is important

Dataset |V | |E | Regular size Single Machine∗

Live Journal 4,847,571 68,993,773 1.08GB 6.3GB
USA Road 23,947,347 58,333,344 951MB 9.09GB
Twitter 41,652,230 1,468,365,182 26GB 128 GB
UK0705 82,240,700 2,829,101,180 48GB 247GB
World Road 682,496,072 717,016,716 15GB 194GB
CommonCrawl2014 1,727,000,000 64,422,000,000 1.3TB Out of memory

∗ Using (PowerLyra)

We focus on parallel graph analytics systems
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Graph Partitioning

Edge-cut (vertex-disjoint)
Achieve disjoint partitions by allocating each vertex to a partition
Objective 1: Partitions should be balanced
Objective 2: Minimize edge-cuts (to reduce communication)
Good for graphs with low-degree vertices, not for power-law graphs
Examples: Hashing, METIS [Karypis and Kumar, 1995], label
propagation algorithms [Ugander and Backstrom, 2013]

Vertex-cut (edge-disjoint)
Achieve disjoint partitions by allocating each edge to a partition and
replicating vertices as necessary
Objective 1: Partitions should be balanced
Objective 2: Minimize vertex-cuts (to reduce replica cost)
Perform better on power-law graphs
Examples: Hashing, greedy algorithms [Gonzalez et al., 2012]

Hybrid
Edge-cut for low-degree vertices/vertex-cut for high-degree ones
PowerLyra [Chen et al., 2015]
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Graph Partitioning

Edge-cut (vertex-disjoint)
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Graph Workloads

Online graph querying

Reachability

Single source shortest-path

Subgraph matching

SPARQL queries

Offline graph analytics

PageRank

Clustering

Connected components

Diameter finding

Graph colouring

All pairs shortest path

Graph pattern mining

Machine learning algorithms
(Belief propagation, Gaussian
non-negative matrix
factorization)
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Graph Workloads

Online graph querying

Reachability

Single source shortest-path

Subgraph matching

SPARQL queries

Offline graph analytics

PageRank

Clustering

Connected components

Diameter finding

Graph colouring

All pairs shortest path

Graph pattern mining

Machine learning algorithms
(Belief propagation, Gaussian
non-negative matrix
factorization)
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Reachability Queries

film 2014
(initial release date, “1980-05-23”)

(label, “The Shining”)
(music contributor, music contributor/4110)

(language, (iso639 3/eng)
(label, “English”)

(usedIn, iso3166/CA)
(usesScript, script/latn))

books 0743424425
(rating, 4.7)

StephenKing

(creator)

offers 0743424425amazonOffer

geo 2635167
(name, “United Kingdom”)

(population, 62348447)

UnitedKingdom

(wikipediaArticle)

actor 29704
(actor name, “Jack Nicholson”)

film 3418
(label, “The Passenger”)

film 1267
(label, “The Last Tycoon”)

director 8476
(director name, “Stanley Kubrick”)

film 2685
(label, “A Clockwork Orange”)

film 424
(label, “Spartacus”)

actor 30013
(actor name, “Shelley Duvall”)

(relatedBook)

(hasOffer)

(based near)
(actor)

(director) (actor)

(actor) (actor)

(director) (director)
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Reachability Queries

film 2014
(initial release date, “1980-05-23”)

(label, “The Shining”)
(music contributor, music contributor/4110)
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books 0743424425
(rating, 4.7)

StephenKing

(creator)
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UnitedKingdom

(wikipediaArticle)

actor 29704
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film 3418
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film 1267
(label, “The Last Tycoon”)

director 8476
(director name, “Stanley Kubrick”)

film 2685
(label, “A Clockwork Orange”)

film 424
(label, “Spartacus”)

actor 30013
(actor name, “Shelley Duvall”)

(relatedBook)

(hasOffer)

(based near)
(actor)

(director) (actor)

(actor) (actor)

(director) (director)

Can you reach film 1267 from film 2014?

© M. Tamer Özsu CS848 - Winter 2019 81 / 137



Reachability Queries

film 2014
(initial release date, “1980-05-23”)

(label, “The Shining”)
(music contributor, music contributor/4110)

(language, (iso639 3/eng)
(label, “English”)

(usedIn, iso3166/CA)
(usesScript, script/latn))

books 0743424425
(rating, 4.7)

StephenKing

(creator)

offers 0743424425amazonOffer
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UnitedKingdom

(wikipediaArticle)

actor 29704
(actor name, “Jack Nicholson”)

film 3418
(label, “The Passenger”)

film 1267
(label, “The Last Tycoon”)

director 8476
(director name, “Stanley Kubrick”)

film 2685
(label, “A Clockwork Orange”)

film 424
(label, “Spartacus”)

actor 30013
(actor name, “Shelley Duvall”)

(relatedBook)

(hasOffer)

(based near)
(actor)

(director) (actor)

(actor) (actor)

(director) (director)

Is there a book whose rating is > 4.0 associated with a film that
was directed by Stanley Kubrick?
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Reachability Queries

Think of Facebook graph and finding friends of friends.
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Subgraph Matching

?m ?d
movie:director

?name

rdfs:label

?b

movie:relatedBook

“Stanley Kubrick”

movie:director name

?r
rev:rating

FILTER(?r > 4.0)

mdb:film/2014

“1980-05-23”

movie:initial release date

“The Shining”
refs:label

bm:books/0743424425

4.7

rev:rating

bm:offers/0743424425amazonOffer

geo:2635167

“United Kingdom”

gn:name

62348447

gn:population

mdb:actor/29704

“Jack Nicholson”

movie:actor name

mdb:film/3418

“The Passenger”

refs:label

mdb:film/1267

“The Last Tycoon”

refs:label

mdb:director/8476

“Stanley Kubrick”

movie:director name

mdb:film/2685

“A Clockwork Orange”

refs:label

mdb:film/424

“Spartacus”

refs:label

mdb:actor/30013

movie:relatedBook

scam:hasOffer

foaf:based near
movie:actor

movie:director
movie:actor

movie:actor movie:actor

movie:director movie:director

Subgraph
M

atching
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PageRank Computation

A web page is important if it is pointed to by other important
pages.

P1 P2

P3

P5P6

P4

r(Pi ) = (1− d) + d
∑

Pj∈BPi

r(Pj)

|FPj
|

(let d = 1)

r(P2) =
r(P1)

2
+

r(P3)

3

rk+1(Pi ) =
∑

Pj∈BPi

rk(Pj)

|FPj
|

BPi
: in-neighbours of Pi

FPi
: out-neighbours of Pi
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PageRank Computation

A web page is important if it is pointed to by other important
pages.

P1 P2

P3

P5P6

P4

rk+1(Pi ) =
∑

Pj∈BPi

rk(Pj)

|FPj
|

Iteration 0 Iteration 1 Iteration 2
Rank at
Iter. 2

r0(P1) = 1/6 r1(P1) = 1/18 r2(P1) = 1/36 5
r0(P2) = 1/6 r1(P2) = 5/36 r2(P2) = 1/18 4
r0(P3) = 1/6 r1(P3) = 1/12 r2(P3) = 1/36 5
r0(P4) = 1/6 r1(P4) = 1/4 r2(P4) = 17/72 1
r0(P5) = 1/6 r1(P5) = 5/36 r2(P5) = 11/72 3
r0(P6) = 1/6 r1(P6) = 1/6 r2(P6) = 14/72 2

Iterative processing
Touch each vertex
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Can MapReduce be Used for Graph Analytics?

Yes; map and reduce functions can be written for graph analytics
workloads

Scalable Graph processing Class SGC [Qin et al., 2014]
Connected component computation [Kiveris et al., 2014; Rastogi et al.,
2013]

Not suitable for iterative processing due to data movement at each
stage

No guarantee that computation will be assigned to the same worker
nodes in the next round

High I/O cost

Need to save in storage system (HDFS) intermediate results of each
iteration
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Can MapReduce be Used for Graph Analytics?

Yes; map and reduce functions can be written for graph analytics
workloads

Scalable Graph processing Class SGC [Qin et al., 2014]
Connected component computation [Kiveris et al., 2014; Rastogi et al.,
2013]

Not suitable for iterative processing due to data movement at each
stage

No guarantee that computation will be assigned to the same worker
nodes in the next round

High I/O cost
Need to save in storage system (HDFS) intermediate results of each
iteration

There are systems that address these concerns
HaLoop [Bu et al., 2010, 2012]
GraphX over Spark [Gonzalez et al., 2014]
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GraphX [Gonzalez et al., 2014]

Built on top of Spark

Objective is to combine data analytics with graph processing

Unify computation on tables and graphs

Carefully convert graph to tabular representation

Native GraphX API or can accommodate vertex-centric computation

Native
Spark
Apps

Spark
SQL

Spark
Streaming

MLlib
(machine
learning)

GraphX
(graph

processing)

Apache Spark

Vertex-
centric API

AppApp

App App
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GraphX: Representation of Graphs as Tables

A

B

C

D

E

F

G

H

I

J
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GraphX: Representation of Graphs as Tables

Partition 1

Partition 2

A

B

C

D

E

F

G

H

I

J

Edge-disjoint
partitioning
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GraphX: Representation of Graphs as Tables

Partition 1

Partition 2

M
ac

h
in

e
1

M
ac

h
in

e
2

Vertex Table

(RDD)
v-prop:vertex prop.

A

B

C

D

E

F

G

H

I

J

Edge-disjoint
partitioning

A v-prop

B v-prop

...

I v-prop

D v-prop

E v-prop

F v-prop

J v-prop
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GraphX: Representation of Graphs as Tables

Partition 1

Partition 2
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Vertex Table

(RDD)
v-prop:vertex prop.

Edge Table

(RDD)
e-prop:edge prop.

A

B

C

D

E

F

G

H

I

J

Edge-disjoint
partitioning

A v-prop

B v-prop

...

I v-prop

D v-prop

E v-prop

F v-prop

J v-prop

A e-prop B

A e-prop C

...

F e-prop G

A e-prop D

A e-prop E
...

E e-prop F
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GraphX: Representation of Graphs as Tables

Partition 1

Partition 2

M
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Vertex Table

(RDD)
v-prop:vertex prop.

Edge Table

(RDD)
e-prop:edge prop.

A

B

C

D

E

F

G

H

I

J

Edge-disjoint
partitioning

A v-prop

B v-prop

...

I v-prop

D v-prop

E v-prop

F v-prop

J v-prop

A e-prop B

A e-prop C

...

F e-prop G

A e-prop D

A e-prop E
...

E e-prop F
Joining vertices

and edges
Move vertices to edges
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GraphX: Representation of Graphs as Tables

Partition 1

Partition 2

M
ac

h
in

e
1

M
ac
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in

e
2

Vertex Table

(RDD)
v-prop:vertex prop.

Edge Table

(RDD)
e-prop:edge prop.

Routing
Table

(RDD)

A

B

C

D

E

F

G

H

I

J

Edge-disjoint
partitioning

A v-prop

B v-prop

...

I v-prop

D v-prop

E v-prop

F v-prop

J v-prop

A e-prop B

A e-prop C

...

F e-prop G

A e-prop D

A e-prop E
...

E e-prop F

A 1 2

B 1

...

I 1

F 1 2

D 2

E 2

J 2
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Classification of Graph Processing Systems [Han, 2015]

Programming model

Computation model
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Classification of Graph Processing Systems [Han, 2015]

Programming model
Computation model

Vertex-centric Partition-centric Edge-centric
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Classification of Graph Processing Systems [Han, 2015]

Programming model
Computation model
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Asynchronous

Vertex-centric

GAS
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BSP

???
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Edge-centric

BSP

???

???
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Programming Models

Vertex-centric

Computation on a vertex is the
focus
“Think like a vertex”
Vertex computation depends on
its own state + states of its
neighbors
Compute(vertex v)

GetValue(), WriteValue()

Partition-centric (Block-centric)

Edge-centric

?
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Programming Models

Vertex-centric

Partition-centric (Block-centric)

Computation on an entire
partition is specified
“Think like a block” or “Think
like a graph”
Aim is to reduce the
communication cost among
vertices

Edge-centric
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Programming Models

Vertex-centric

Partition-centric (Block-centric)

Edge-centric

Computation is specified on each
edge rather than on each vertex or
block
Compute(edge e)
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Computational Models

Block Synchronous Parallel (BSP) [Valiant, 1990]

Asynchronous Parallel

Gather-Apply-Scatter (GAS)

Similar to BSP, but pull-based
Gather: pull state
Apply: Compute function
Scatter: Update state
Updates of states separated from scheduling
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Machine 1

Machine 2

Machine 3
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Communication
Barrier

Each machine performs
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on its graph partition

At the end of each superstep
results are pushed to other
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Superstep 1 Superstep 2 Superstep 3
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Computational Models

Block Synchronous Parallel (BSP) [Valiant, 1990]
Asynchronous Parallel

No communication barriers. 3
Uses the most recent values. 3
Implemented via distributed locking

Consider vertex-centric program

Machine 1

Machine 2

Machine 3

Machine 1

Machine 2

Machine 3

v0

v1 v2

v3 v4

Compute State

Gather-Apply-Scatter (GAS)
Similar to BSP, but pull-based
Gather: pull state
Apply: Compute function
Scatter: Update state
Updates of states separated from scheduling

© M. Tamer Özsu CS848 - Winter 2019 89 / 137



Computational Models

Block Synchronous Parallel (BSP) [Valiant, 1990]
Asynchronous Parallel

No communication barriers. 3
Uses the most recent values. 3
Implemented via distributed locking
Consider vertex-centric program

Machine 1

Machine 2

Machine 3

Machine 1

Machine 2

Machine 3

v0

v1 v2

v3 v4

Compute State

Gather-Apply-Scatter (GAS)
Similar to BSP, but pull-based
Gather: pull state
Apply: Compute function
Scatter: Update state
Updates of states separated from scheduling
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Computational Models

Block Synchronous Parallel (BSP) [Valiant, 1990]

Asynchronous Parallel

Gather-Apply-Scatter (GAS)

Similar to BSP, but pull-based
Gather: pull state
Apply: Compute function
Scatter: Update state
Updates of states separated from scheduling
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Vertex-Centric Asynchronous Systems

“Think like a vertex”

Compute(vertex v)

Supersteps exist along with
synchronization barriers, but ...

Compute(vertex v) function can
see messages it was sent in the same
superstep as well as those that come
at the end of the previous superstep

Consistency of vertex states:
distributed locking

Consistency issues: no guarantee
about input to Compute()

Example systems: GRACE [Wang
et al., 2013], GiraphCU [Han and
Daudjee, 2015]

?

Machine 1

Machine 2

Machine 3

Machine 1

Machine 2

Machine 3
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Partition- (Block-)Centric BSP Systems

Blogel [Yan et al., 2014]: “Think like a block”; also “think like a
graph” [Tian et al., 2013]

Better handles the characteristics of real-world graphs by reducing
communication

Exploit the partitioning of the graph

Message exchanges only among blocks

Within a block, run a serial in-memory algorithm; BSP between
partitions
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Blogel Principles

Exploit the partitioning of the graph

Message exchanges only among blocks

Block: a connected subgraph of the graph

Within a block, run a serial in-memory algorithm; no need to follow a
BSP model
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Benefits of Partition- (Block-)Centric BSP

High-degree vertices inside a block send no messages

Fewer number of supersteps

Fewer number of blocks than vertices
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Edge-Centric BSP Systems

“Think like an edge”

Compute(edge e)

Number of edges � number of vertices

More computation but perhaps fewer messages
Operate on unsorted sequence of edges ⇒ no random access

X-Stream [Roy et al., 2013]
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OLAP Over Graphs

OLAP in RDBMS

Usage: Data Warehousing + Business Intelligence
Model: Multidimensional cube
Operations: Roll-up, drill-down, and slice and dice

Analytics that we discussed over graphs is much different

Can we do OLAP-style analytics over graphs?
There is some work

Graph summarization [Tian et al., 2008]
Snapshot-based Aggregation [Chen et al., 2008]
Graph Cube [Zhao et al., 2011]
Pagrol [Wang et al., 2014]
Gagg Model [Maali et al., 2015]
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Outline

1 Distributed Storage Systems

2 Main Memory Systems

3 Big Data Processing
MapReduce [Li et al., 2014]
Spark [Zaharia, 2016]

4 Stream Data Processing

5 Graph Processing

6 RDF Data Management
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RDF Introduction

Everything is an uniquely named
resource

Prefixes can be used to shorten the
names

Properties of resources can be defined

Relationships with other resources can
be defined

Resource descriptions can be
contributed by different people/groups
and can be located anywhere in the web

Integrated web “database”

http://data.linkedmdb.org/resource/actor/JN29704

xmlns:y=http://data.linkedmdb.org/resource/actor/

y:JN29704

y:JN29704 hasName “Jack Nicholson”

y:JN29704 BornOnDate “1937-04-22”

y:TS2014 title “The Shining”

y:TS2014 releaseDate “1980-05-23”

y:TS2014

movieActor
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be defined

Resource descriptions can be
contributed by different people/groups
and can be located anywhere in the web

Integrated web “database”

http://data.linkedmdb.org/resource/actor/JN29704

xmlns:y=http://data.linkedmdb.org/resource/actor/

y:JN29704

y:JN29704 hasName “Jack Nicholson”

y:JN29704 BornOnDate “1937-04-22”

y:TS2014 title “The Shining”

y:TS2014 releaseDate “1980-05-23”

y:TS2014

movieActor
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RDF Data Model

Triple: Subject, Predicate (Property), Object
(s, p, o)

Subject: the entity that is described (URI
or blank node)

Predicate: a feature of the entity (URI)
Object: value of the feature (URI, blank

node or literal)

(s, p, o) ∈ (U ∪ B)× U × (U ∪ B ∪ L)

Set of RDF triples is called an RDF graph

U

Subject Object

U B U B L

U: set of URIs
B: set of blank nodes
L: set of literals

Predicate

Subject Predicate Object
http://...imdb.../film/2014 rdfs:label “The Shining”
http://...imdb.../film/2014 movie:releaseDate “1980-05-23”
http://...imdb.../29704 movie:actor name “Jack Nicholson”
. . . . . . . . .
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RDF Example Instance
Prefixes: mdb=http://data.linkedmdb.org/resource/; geo=http://sws.geonames.org/

bm=http://wifo5-03.informatik.uni-mannheim.de/bookmashup/
lexvo=http://lexvo.org/id/;wp=http://en.wikipedia.org/wiki/

Subject Predicate Object

mdb: film/2014 rdfs:label “The Shining”
mdb:film/2014 movie:initial release date “1980-05-23”’
mdb:film/2014 movie:director mdb:director/8476
mdb:film/2014 movie:actor mdb:actor/29704
mdb:film/2014 movie:actor mdb: actor/30013
mdb:film/2014 movie:music contributor mdb: music contributor/4110
mdb:film/2014 foaf:based near geo:2635167
mdb:film/2014 movie:relatedBook bm:0743424425
mdb:film/2014 movie:language lexvo:iso639-3/eng
mdb:director/8476 movie:director name “Stanley Kubrick”
mdb:film/2685 movie:director mdb:director/8476
mdb:film/2685 rdfs:label “A Clockwork Orange”
mdb:film/424 movie:director mdb:director/8476
mdb:film/424 rdfs:label “Spartacus”
mdb:actor/29704 movie:actor name “Jack Nicholson”
mdb:film/1267 movie:actor mdb:actor/29704
mdb:film/1267 rdfs:label “The Last Tycoon”
mdb:film/3418 movie:actor mdb:actor/29704
mdb:film/3418 rdfs:label “The Passenger”
geo:2635167 gn:name “United Kingdom”
geo:2635167 gn:population 62348447
geo:2635167 gn:wikipediaArticle wp:United Kingdom
bm:books/0743424425 dc:creator bm:persons/Stephen+King
bm:books/0743424425 rev:rating 4.7
bm:books/0743424425 scom:hasOffer bm:offers/0743424425amazonOffer
lexvo:iso639-3/eng rdfs:label “English”
lexvo:iso639-3/eng lvont:usedIn lexvo:iso3166/CA
lexvo:iso639-3/eng lvont:usesScript lexvo:script/Latn

URI Literal

URI
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RDF Graph

mdb:film/2014

“1980-05-23”

movie:initial release date

“The Shining”
refs:label

mob:music contributor
music contributor

lexvo:iso639 3/eng

language

bm:books/0743424425

4.7

rev:rating

bm:persons/StephenKing
dc:creator

bm:offers/0743424425amazonOffer

geo:2635167

“United Kingdom”

gn:name

62348447

gn:population

wp:UnitedKingdom

gn:wikipediaArticle

mdb:actor/29704

“Jack Nicholson”

movie:actor name

mdb:film/3418

“The Passenger”

refs:label

mdb:film/1267

“The Last Tycoon”

refs:label

mdb:director/8476

“Stanley Kubrick”

movie:director name

mdb:film/2685

“A Clockwork Orange”

refs:label

mdb:film/424

“Spartacus”

refs:label

mdb:actor/30013

“Shelley Duvall”

movie:actor name
“English”

rdf:label

lexvo:iso3166/CA

lvont:usedIn
lexvo:script/latin

lvont:usesScript

movie:relatedBook

scam:hasOffer

foaf:based near
movie:actor

movie:director

movie:actor

movie:actor movie:actor

movie:director movie:director
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UniProt in RDF http://www.uniprot.org

UniProt collects data from >150 biological resources

Claim: “lack of a common standard to represent and link information
makes data integration an expensive business” ⇒ RDF can help
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UniProt in RDF – What does the data look like?

UniProt accession for the human CYP51 protein – Q16850

Encode it as RDF:

XML/RDF format
<rdf:Description rdf:about=”http://purl.uniprot.org/citations/8619637”>
<rdf:type rdf:resource=”http://purl.uniprot.org/core/Journal Citation”/>
<title>The ubiquitously expressed human CYP51 encodes lanosterol 14 alpha-demethylase, a cytochrome
P450 whose expression is regulated by oxysterols.</title>
<author>Stroemstedt M.</author>
<author>Rozman D.</author>
<author>Waterman M.R.</author>
<skos:exactMatch rdf:resource=”http://purl.uniprot.org/pubmed/8619637”/>
<foaf:primaryTopicOf rdf:resource=”https://www.ncbi.nlm.nih.gov/pubmed/8619637”/>
<dcterms:identifier>doi:10.1006/abbi.1996.0193</dcterms:identifier>
<date rdf:datatype=”http://www.w3.org/2001/XMLSchema#gYear”>1996</date>
<name>Arch. Biochem. Biophys.</name>
<volume>329</volume>
<pages>73-81</pages>
</rdf:Description>

This can be shown as a table <Subject, Predicate, Object >
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 true
 1997-11-01
 2017-02-15
 162
 CP51A_HUMAN
 CP51_HUMAN
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 The ubiquitously expressed human CYP51 encodes lanosterol 14 alpha-demethylase, a cytochrome P450 whose expression is regulated by oxysterols.
 Stroemstedt M.
 Rozman D.
 Waterman M.R.
 
 
 doi:10.1006/abbi.1996.0193
 1996
 Arch. Biochem. Biophys.
 329
 73-81

 
 
 NUCLEOTIDE SEQUENCE [MRNA] (ISOFORM 1)
 TISSUE SPECIFICITY
 

 
 
 Liver

 
 
 Sterol 14-demethylase P450 (P45014DM*) is one of the most ancient and conserved P450 species.
 Aoyama Y.
 Noshiro M.
 Gotoh O.
 Imaoka S.
 Funae Y.
 Kurosawa N.
 Horiuchi T.
 Yoshida Y.
 
 
 doi:10.1093/oxfordjournals.jbchem.a021331
 1996
 J. Biochem.
 119
 926-933

 
 
 NUCLEOTIDE SEQUENCE [MRNA] (ISOFORM 1)
 

 
 
 The three human cytochrome P450 lanosterol 14 alpha-demethylase (CYP51) genes reside on chromosomes 3, 7, and 13: structure of the two retrotransposed pseudogenes, association with a line-1 element, and evolution of the human CYP51 family.
 Rozman D.
 Stroemstedt M.
 Waterman M.R.
 
 
 doi:10.1006/abbi.1996.0416
 1996
 Arch. Biochem. Biophys.
 333
 466-474

 
 
 NUCLEOTIDE SEQUENCE [GENOMIC DNA]
 

 
 
 Structure and mapping of the human lanosterol 14alpha-demethylase gene (CYP51) encoding the cytochrome P450 involved in cholesterol biosynthesis; comparison of exon/intron organization with other mammalian and fungal CYP genes.
 Rozman D.
 Stroemstedt M.
 Tsui L.-C.
 Scherer S.W.
 Waterman M.R.
 
 
 doi:10.1006/geno.1996.0640
 1996
 Genomics
 38
 371-381

 
 
 NUCLEOTIDE SEQUENCE [GENOMIC DNA]

 
 
 Complete sequencing and characterization of 21,243 full-length human cDNAs.
 Ota T.
 Suzuki Y.
 Nishikawa T.
 Otsuki T.
 Sugiyama T.
 Irie R.
 Wakamatsu A.
 Hayashi K.
 Sato H.
 Nagai K.
 Kimura K.
 Makita H.
 Sekine M.
 Obayashi M.
 Nishi T.
 Shibahara T.
 Tanaka T.
 Ishii S.
 Yamamoto J.
 Saito K.
 Kawai Y.
 Isono Y.
 Nakamura Y.
 Nagahari K.
 Murakami K.
 Yasuda T.
 Iwayanagi T.
 Wagatsuma M.
 Shiratori A.
 Sudo H.
 Hosoiri T.
 Kaku Y.
 Kodaira H.
 Kondo H.
 Sugawara M.
 Takahashi M.
 Kanda K.
 Yokoi T.
 Furuya T.
 Kikkawa E.
 Omura Y.
 Abe K.
 Kamihara K.
 Katsuta N.
 Sato K.
 Tanikawa M.
 Yamazaki M.
 Ninomiya K.
 Ishibashi T.
 Yamashita H.
 Murakawa K.
 Fujimori K.
 Tanai H.
 Kimata M.
 Watanabe M.
 Hiraoka S.
 Chiba Y.
 Ishida S.
 Ono Y.
 Takiguchi S.
 Watanabe S.
 Yosida M.
 Hotuta T.
 Kusano J.
 Kanehori K.
 Takahashi-Fujii A.
 Hara H.
 Tanase T.-O.
 Nomura Y.
 Togiya S.
 Komai F.
 Hara R.
 Takeuchi K.
 Arita M.
 Imose N.
 Musashino K.
 Yuuki H.
 Oshima A.
 Sasaki N.
 Aotsuka S.
 Yoshikawa Y.
 Matsunawa H.
 Ichihara T.
 Shiohata N.
 Sano S.
 Moriya S.
 Momiyama H.
 Satoh N.
 Takami S.
 Terashima Y.
 Suzuki O.
 Nakagawa S.
 Senoh A.
 Mizoguchi H.
 Goto Y.
 Shimizu F.
 Wakebe H.
 Hishigaki H.
 Watanabe T.
 Sugiyama A.
 Takemoto M.
 Kawakami B.
 Yamazaki M.'
 Watanabe K.
 Kumagai A.
 Itakura S.
 Fukuzumi Y.
 Fujimori Y.
 Komiyama M.
 Tashiro H.
 Tanigami A.
 Fujiwara T.
 Ono T.
 Yamada K.
 Fujii Y.
 Ozaki K.
 Hirao M.
 Ohmori Y.
 Kawabata A.
 Hikiji T.
 Kobatake N.
 Inagaki H.
 Ikema Y.
 Okamoto S.
 Okitani R.
 Kawakami T.
 Noguchi S.
 Itoh T.
 Shigeta K.
 Senba T.
 Matsumura K.
 Nakajima Y.
 Mizuno T.
 Morinaga M.
 Sasaki M.
 Togashi T.
 Oyama M.
 Hata H.
 Watanabe M.'
 Komatsu T.
 Mizushima-Sugano J.
 Satoh T.
 Shirai Y.
 Takahashi Y.
 Nakagawa K.
 Okumura K.
 Nagase T.
 Nomura N.
 Kikuchi H.
 Masuho Y.
 Yamashita R.
 Nakai K.
 Yada T.
 Nakamura Y.'
 Ohara O.
 Isogai T.
 Sugano S.
 
 
 doi:10.1038/ng1285
 2004
 Nat. Genet.
 36
 40-45

 
 
 NUCLEOTIDE SEQUENCE [LARGE SCALE MRNA] (ISOFORMS 1 AND 2)

 
 
 The DNA sequence of human chromosome 7.
 Hillier L.W.
 Fulton R.S.
 Fulton L.A.
 Graves T.A.
 Pepin K.H.
 Wagner-McPherson C.
 Layman D.
 Maas J.
 Jaeger S.
 Walker R.
 Wylie K.
 Sekhon M.
 Becker M.C.
 O'Laughlin M.D.
 Schaller M.E.
 Fewell G.A.
 Delehaunty K.D.
 Miner T.L.
 Nash W.E.
 Cordes M.
 Du H.
 Sun H.
 Edwards J.
 Bradshaw-Cordum H.
 Ali J.
 Andrews S.
 Isak A.
 Vanbrunt A.
 Nguyen C.
 Du F.
 Lamar B.
 Courtney L.
 Kalicki J.
 Ozersky P.
 Bielicki L.
 Scott K.
 Holmes A.
 Harkins R.
 Harris A.
 Strong C.M.
 Hou S.
 Tomlinson C.
 Dauphin-Kohlberg S.
 Kozlowicz-Reilly A.
 Leonard S.
 Rohlfing T.
 Rock S.M.
 Tin-Wollam A.-M.
 Abbott A.
 Minx P.
 Maupin R.
 Strowmatt C.
 Latreille P.
 Miller N.
 Johnson D.
 Murray J.
 Woessner J.P.
 Wendl M.C.
 Yang S.-P.
 Schultz B.R.
 Wallis J.W.
 Spieth J.
 Bieri T.A.
 Nelson J.O.
 Berkowicz N.
 Wohldmann P.E.
 Cook L.L.
 Hickenbotham M.T.
 Eldred J.
 Williams D.
 Bedell J.A.
 Mardis E.R.
 Clifton S.W.
 Chissoe S.L.
 Marra M.A.
 Raymond C.
 Haugen E.
 Gillett W.
 Zhou Y.
 James R.
 Phelps K.
 Iadanoto S.
 Bubb K.
 Simms E.
 Levy R.
 Clendenning J.
 Kaul R.
 Kent W.J.
 Furey T.S.
 Baertsch R.A.
 Brent M.R.
 Keibler E.
 Flicek P.
 Bork P.
 Suyama M.
 Bailey J.A.
 Portnoy M.E.
 Torrents D.
 Chinwalla A.T.
 Gish W.R.
 Eddy S.R.
 McPherson J.D.
 Olson M.V.
 Eichler E.E.
 Green E.D.
 Waterston R.H.
 Wilson R.K.
 
 
 doi:10.1038/nature01782
 2003
 Nature
 424
 157-164

 
 
 NUCLEOTIDE SEQUENCE [LARGE SCALE GENOMIC DNA]

 
 
 Human chromosome 7: DNA sequence and biology.
 Scherer S.W.
 Cheung J.
 MacDonald J.R.
 Osborne L.R.
 Nakabayashi K.
 Herbrick J.-A.
 Carson A.R.
 Parker-Katiraee L.
 Skaug J.
 Khaja R.
 Zhang J.
 Hudek A.K.
 Li M.
 Haddad M.
 Duggan G.E.
 Fernandez B.A.
 Kanematsu E.
 Gentles S.
 Christopoulos C.C.
 Choufani S.
 Kwasnicka D.
 Zheng X.H.
 Lai Z.
 Nusskern D.R.
 Zhang Q.
 Gu Z.
 Lu F.
 Zeesman S.
 Nowaczyk M.J.
 Teshima I.
 Chitayat D.
 Shuman C.
 Weksberg R.
 Zackai E.H.
 Grebe T.A.
 Cox S.R.
 Kirkpatrick S.J.
 Rahman N.
 Friedman J.M.
 Heng H.H.Q.
 Pelicci P.G.
 Lo-Coco F.
 Belloni E.
 Shaffer L.G.
 Pober B.
 Morton C.C.
 Gusella J.F.
 Bruns G.A.P.
 Korf B.R.
 Quade B.J.
 Ligon A.H.
 Ferguson H.
 Higgins A.W.
 Leach N.T.
 Herrick S.R.
 Lemyre E.
 Farra C.G.
 Kim H.-G.
 Summers A.M.
 Gripp K.W.
 Roberts W.
 Szatmari P.
 Winsor E.J.T.
 Grzeschik K.-H.
 Teebi A.
 Minassian B.A.
 Kere J.
 Armengol L.
 Pujana M.A.
 Estivill X.
 Wilson M.D.
 Koop B.F.
 Tosi S.
 Moore G.E.
 Boright A.P.
 Zlotorynski E.
 Kerem B.
 Kroisel P.M.
 Petek E.
 Oscier D.G.
 Mould S.J.
 Doehner H.
 Doehner K.
 Rommens J.M.
 Vincent J.B.
 Venter J.C.
 Li P.W.
 Mural R.J.
 Adams M.D.
 Tsui L.-C.
 
 
 doi:10.1126/science.1083423
 2003
 Science
 300
 767-772

 
 
 NUCLEOTIDE SEQUENCE [LARGE SCALE GENOMIC DNA]

 
 
 Mural R.J.
 Istrail S.
 Sutton G.G.
 Florea L.
 Halpern A.L.
 Mobarry C.M.
 Lippert R.
 Walenz B.
 Shatkay H.
 Dew I.
 Miller J.R.
 Flanigan M.J.
 Edwards N.J.
 Bolanos R.
 Fasulo D.
 Halldorsson B.V.
 Hannenhalli S.
 Turner R.
 Yooseph S.
 Lu F.
 Nusskern D.R.
 Shue B.C.
 Zheng X.H.
 Zhong F.
 Delcher A.L.
 Huson D.H.
 Kravitz S.A.
 Mouchard L.
 Reinert K.
 Remington K.A.
 Clark A.G.
 Waterman M.S.
 Eichler E.E.
 Adams M.D.
 Hunkapiller M.W.
 Myers E.W.
 Venter J.C.
 2005-09
 EMBL/GenBank/DDBJ

 
 
 NUCLEOTIDE SEQUENCE [LARGE SCALE GENOMIC DNA]

 
 
 The status, quality, and expansion of the NIH full-length cDNA project: the Mammalian Gene Collection (MGC).
 The MGC Project Team
 
 
 doi:10.1101/gr.2596504
 2004
 Genome Res.
 14
 2121-2127

 
 
 NUCLEOTIDE SEQUENCE [LARGE SCALE MRNA] (ISOFORM 1)
 

 
 
 Brain

 
 
 Initial characterization of the human central proteome.
 Burkard T.R.
 Planyavsky M.
 Kaupe I.
 Breitwieser F.P.
 Buerckstuemmer T.
 Bennett K.L.
 Superti-Furga G.
 Colinge J.
 
 
 doi:10.1186/1752-0509-5-17
 2011
 BMC Syst. Biol.
 5
 17

 
 
 IDENTIFICATION BY MASS SPECTROMETRY [LARGE SCALE ANALYSIS]

 
 
 An enzyme assisted RP-RPLC approach for in-depth analysis of human liver phosphoproteome.
 Bian Y.
 Song C.
 Cheng K.
 Dong M.
 Wang F.
 Huang J.
 Sun D.
 Wang L.
 Ye M.
 Zou H.
 
 
 doi:10.1016/j.jprot.2013.11.014
 2014
 J. Proteomics
 96
 253-262

 
 
 IDENTIFICATION BY MASS SPECTROMETRY [LARGE SCALE ANALYSIS]
 

 
 
 N-terminome analysis of the human mitochondrial proteome.
 Vaca Jacome A.S.
 Rabilloud T.
 Schaeffer-Reiss C.
 Rompais M.
 Ayoub D.
 Lane L.
 Bairoch A.
 Van Dorsselaer A.
 Carapito C.
 
 
 doi:10.1002/pmic.201400617
 2015
 Proteomics
 15
 2519-2524

 
 
 IDENTIFICATION BY MASS SPECTROMETRY [LARGE SCALE ANALYSIS]

 
 
 Structural basis of human CYP51 inhibition by antifungal azoles.
 Strushkevich N.
 Usanov S.A.
 Park H.W.
 
 
 doi:10.1016/j.jmb.2010.01.075
 2010
 J. Mol. Biol.
 397
 1067-1078

 
 
 X-RAY CRYSTALLOGRAPHY (2.8 ANGSTROMS) OF 54-502 IN COMPLEXES WITH HEME; KETOCONAZOLE AND ECONAZOLE
 CATALYTIC ACTIVITY
 FUNCTION
 COFACTOR
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 Activation of gene expression by SREBF (SREBP)
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 Lanosterol 14-alpha demethylase
 LDM
 1.14.13.70

 
 
 CYPLI

 
 
 Cytochrome P450 51A1

 
 
 Cytochrome P450-14DM
 Cytochrome P45014DM

 
 
 Cytochrome P450LI

 
 
 Sterol 14-alpha demethylase

 
 
 
 
 

 
 

 
 
 CYP51A1
 CYP51

 
 
 Catalyzes C14-demethylation of lanosterol; it transforms lanosterol into 4,4'-dimethyl cholesta-8,14,24-triene-3-beta-ol.

 
 

 
 
 A 14-alpha-methylsteroid + 3 O(2) + 3 NADPH = a Delta(14)-steroid + formate + 3 NADP(+) + 4 H(2)O.

 
 

 
 
 

 
 

 
 
 

 
 
 
 

 
 

 
 

 
 

 
 

 
 
 
 

 
 
 Ubiquitously expressed with highest levels in testis, ovary, adrenal, prostate, liver, kidney and lung.

 
 

 
 
 Belongs to the cytochrome P450 family.
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UniProt in RDF – What does the data look like?

UniProt accession for the human CYP51 protein – Q16850

Encode it as RDF:

XML/RDF format
<rdf:Description rdf:about=”http://purl.uniprot.org/citations/8619637”>
<rdf:type rdf:resource=”http://purl.uniprot.org/core/Journal Citation”/>
<title>The ubiquitously expressed human CYP51 encodes lanosterol 14 alpha-demethylase, a cytochrome
P450 whose expression is regulated by oxysterols.</title>
<author>Stroemstedt M.</author>
<author>Rozman D.</author>
<author>Waterman M.R.</author>
<skos:exactMatch rdf:resource=”http://purl.uniprot.org/pubmed/8619637”/>
<foaf:primaryTopicOf rdf:resource=”https://www.ncbi.nlm.nih.gov/pubmed/8619637”/>
<dcterms:identifier>doi:10.1006/abbi.1996.0193</dcterms:identifier>
<date rdf:datatype=”http://www.w3.org/2001/XMLSchema#gYear”>1996</date>
<name>Arch. Biochem. Biophys.</name>
<volume>329</volume>
<pages>73-81</pages>
</rdf:Description>

This can be shown as a table <Subject, Predicate, Object >

Subject

Predicate
Object
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 The ubiquitously expressed human CYP51 encodes lanosterol 14 alpha-demethylase, a cytochrome P450 whose expression is regulated by oxysterols.
 Stroemstedt M.
 Rozman D.
 Waterman M.R.
 
 
 doi:10.1006/abbi.1996.0193
 1996
 Arch. Biochem. Biophys.
 329
 73-81

 
 
 NUCLEOTIDE SEQUENCE [MRNA] (ISOFORM 1)
 TISSUE SPECIFICITY
 

 
 
 Liver

 
 
 Sterol 14-demethylase P450 (P45014DM*) is one of the most ancient and conserved P450 species.
 Aoyama Y.
 Noshiro M.
 Gotoh O.
 Imaoka S.
 Funae Y.
 Kurosawa N.
 Horiuchi T.
 Yoshida Y.
 
 
 doi:10.1093/oxfordjournals.jbchem.a021331
 1996
 J. Biochem.
 119
 926-933

 
 
 NUCLEOTIDE SEQUENCE [MRNA] (ISOFORM 1)
 

 
 
 The three human cytochrome P450 lanosterol 14 alpha-demethylase (CYP51) genes reside on chromosomes 3, 7, and 13: structure of the two retrotransposed pseudogenes, association with a line-1 element, and evolution of the human CYP51 family.
 Rozman D.
 Stroemstedt M.
 Waterman M.R.
 
 
 doi:10.1006/abbi.1996.0416
 1996
 Arch. Biochem. Biophys.
 333
 466-474

 
 
 NUCLEOTIDE SEQUENCE [GENOMIC DNA]
 

 
 
 Structure and mapping of the human lanosterol 14alpha-demethylase gene (CYP51) encoding the cytochrome P450 involved in cholesterol biosynthesis; comparison of exon/intron organization with other mammalian and fungal CYP genes.
 Rozman D.
 Stroemstedt M.
 Tsui L.-C.
 Scherer S.W.
 Waterman M.R.
 
 
 doi:10.1006/geno.1996.0640
 1996
 Genomics
 38
 371-381

 
 
 NUCLEOTIDE SEQUENCE [GENOMIC DNA]

 
 
 Complete sequencing and characterization of 21,243 full-length human cDNAs.
 Ota T.
 Suzuki Y.
 Nishikawa T.
 Otsuki T.
 Sugiyama T.
 Irie R.
 Wakamatsu A.
 Hayashi K.
 Sato H.
 Nagai K.
 Kimura K.
 Makita H.
 Sekine M.
 Obayashi M.
 Nishi T.
 Shibahara T.
 Tanaka T.
 Ishii S.
 Yamamoto J.
 Saito K.
 Kawai Y.
 Isono Y.
 Nakamura Y.
 Nagahari K.
 Murakami K.
 Yasuda T.
 Iwayanagi T.
 Wagatsuma M.
 Shiratori A.
 Sudo H.
 Hosoiri T.
 Kaku Y.
 Kodaira H.
 Kondo H.
 Sugawara M.
 Takahashi M.
 Kanda K.
 Yokoi T.
 Furuya T.
 Kikkawa E.
 Omura Y.
 Abe K.
 Kamihara K.
 Katsuta N.
 Sato K.
 Tanikawa M.
 Yamazaki M.
 Ninomiya K.
 Ishibashi T.
 Yamashita H.
 Murakawa K.
 Fujimori K.
 Tanai H.
 Kimata M.
 Watanabe M.
 Hiraoka S.
 Chiba Y.
 Ishida S.
 Ono Y.
 Takiguchi S.
 Watanabe S.
 Yosida M.
 Hotuta T.
 Kusano J.
 Kanehori K.
 Takahashi-Fujii A.
 Hara H.
 Tanase T.-O.
 Nomura Y.
 Togiya S.
 Komai F.
 Hara R.
 Takeuchi K.
 Arita M.
 Imose N.
 Musashino K.
 Yuuki H.
 Oshima A.
 Sasaki N.
 Aotsuka S.
 Yoshikawa Y.
 Matsunawa H.
 Ichihara T.
 Shiohata N.
 Sano S.
 Moriya S.
 Momiyama H.
 Satoh N.
 Takami S.
 Terashima Y.
 Suzuki O.
 Nakagawa S.
 Senoh A.
 Mizoguchi H.
 Goto Y.
 Shimizu F.
 Wakebe H.
 Hishigaki H.
 Watanabe T.
 Sugiyama A.
 Takemoto M.
 Kawakami B.
 Yamazaki M.'
 Watanabe K.
 Kumagai A.
 Itakura S.
 Fukuzumi Y.
 Fujimori Y.
 Komiyama M.
 Tashiro H.
 Tanigami A.
 Fujiwara T.
 Ono T.
 Yamada K.
 Fujii Y.
 Ozaki K.
 Hirao M.
 Ohmori Y.
 Kawabata A.
 Hikiji T.
 Kobatake N.
 Inagaki H.
 Ikema Y.
 Okamoto S.
 Okitani R.
 Kawakami T.
 Noguchi S.
 Itoh T.
 Shigeta K.
 Senba T.
 Matsumura K.
 Nakajima Y.
 Mizuno T.
 Morinaga M.
 Sasaki M.
 Togashi T.
 Oyama M.
 Hata H.
 Watanabe M.'
 Komatsu T.
 Mizushima-Sugano J.
 Satoh T.
 Shirai Y.
 Takahashi Y.
 Nakagawa K.
 Okumura K.
 Nagase T.
 Nomura N.
 Kikuchi H.
 Masuho Y.
 Yamashita R.
 Nakai K.
 Yada T.
 Nakamura Y.'
 Ohara O.
 Isogai T.
 Sugano S.
 
 
 doi:10.1038/ng1285
 2004
 Nat. Genet.
 36
 40-45

 
 
 NUCLEOTIDE SEQUENCE [LARGE SCALE MRNA] (ISOFORMS 1 AND 2)

 
 
 The DNA sequence of human chromosome 7.
 Hillier L.W.
 Fulton R.S.
 Fulton L.A.
 Graves T.A.
 Pepin K.H.
 Wagner-McPherson C.
 Layman D.
 Maas J.
 Jaeger S.
 Walker R.
 Wylie K.
 Sekhon M.
 Becker M.C.
 O'Laughlin M.D.
 Schaller M.E.
 Fewell G.A.
 Delehaunty K.D.
 Miner T.L.
 Nash W.E.
 Cordes M.
 Du H.
 Sun H.
 Edwards J.
 Bradshaw-Cordum H.
 Ali J.
 Andrews S.
 Isak A.
 Vanbrunt A.
 Nguyen C.
 Du F.
 Lamar B.
 Courtney L.
 Kalicki J.
 Ozersky P.
 Bielicki L.
 Scott K.
 Holmes A.
 Harkins R.
 Harris A.
 Strong C.M.
 Hou S.
 Tomlinson C.
 Dauphin-Kohlberg S.
 Kozlowicz-Reilly A.
 Leonard S.
 Rohlfing T.
 Rock S.M.
 Tin-Wollam A.-M.
 Abbott A.
 Minx P.
 Maupin R.
 Strowmatt C.
 Latreille P.
 Miller N.
 Johnson D.
 Murray J.
 Woessner J.P.
 Wendl M.C.
 Yang S.-P.
 Schultz B.R.
 Wallis J.W.
 Spieth J.
 Bieri T.A.
 Nelson J.O.
 Berkowicz N.
 Wohldmann P.E.
 Cook L.L.
 Hickenbotham M.T.
 Eldred J.
 Williams D.
 Bedell J.A.
 Mardis E.R.
 Clifton S.W.
 Chissoe S.L.
 Marra M.A.
 Raymond C.
 Haugen E.
 Gillett W.
 Zhou Y.
 James R.
 Phelps K.
 Iadanoto S.
 Bubb K.
 Simms E.
 Levy R.
 Clendenning J.
 Kaul R.
 Kent W.J.
 Furey T.S.
 Baertsch R.A.
 Brent M.R.
 Keibler E.
 Flicek P.
 Bork P.
 Suyama M.
 Bailey J.A.
 Portnoy M.E.
 Torrents D.
 Chinwalla A.T.
 Gish W.R.
 Eddy S.R.
 McPherson J.D.
 Olson M.V.
 Eichler E.E.
 Green E.D.
 Waterston R.H.
 Wilson R.K.
 
 
 doi:10.1038/nature01782
 2003
 Nature
 424
 157-164

 
 
 NUCLEOTIDE SEQUENCE [LARGE SCALE GENOMIC DNA]

 
 
 Human chromosome 7: DNA sequence and biology.
 Scherer S.W.
 Cheung J.
 MacDonald J.R.
 Osborne L.R.
 Nakabayashi K.
 Herbrick J.-A.
 Carson A.R.
 Parker-Katiraee L.
 Skaug J.
 Khaja R.
 Zhang J.
 Hudek A.K.
 Li M.
 Haddad M.
 Duggan G.E.
 Fernandez B.A.
 Kanematsu E.
 Gentles S.
 Christopoulos C.C.
 Choufani S.
 Kwasnicka D.
 Zheng X.H.
 Lai Z.
 Nusskern D.R.
 Zhang Q.
 Gu Z.
 Lu F.
 Zeesman S.
 Nowaczyk M.J.
 Teshima I.
 Chitayat D.
 Shuman C.
 Weksberg R.
 Zackai E.H.
 Grebe T.A.
 Cox S.R.
 Kirkpatrick S.J.
 Rahman N.
 Friedman J.M.
 Heng H.H.Q.
 Pelicci P.G.
 Lo-Coco F.
 Belloni E.
 Shaffer L.G.
 Pober B.
 Morton C.C.
 Gusella J.F.
 Bruns G.A.P.
 Korf B.R.
 Quade B.J.
 Ligon A.H.
 Ferguson H.
 Higgins A.W.
 Leach N.T.
 Herrick S.R.
 Lemyre E.
 Farra C.G.
 Kim H.-G.
 Summers A.M.
 Gripp K.W.
 Roberts W.
 Szatmari P.
 Winsor E.J.T.
 Grzeschik K.-H.
 Teebi A.
 Minassian B.A.
 Kere J.
 Armengol L.
 Pujana M.A.
 Estivill X.
 Wilson M.D.
 Koop B.F.
 Tosi S.
 Moore G.E.
 Boright A.P.
 Zlotorynski E.
 Kerem B.
 Kroisel P.M.
 Petek E.
 Oscier D.G.
 Mould S.J.
 Doehner H.
 Doehner K.
 Rommens J.M.
 Vincent J.B.
 Venter J.C.
 Li P.W.
 Mural R.J.
 Adams M.D.
 Tsui L.-C.
 
 
 doi:10.1126/science.1083423
 2003
 Science
 300
 767-772

 
 
 NUCLEOTIDE SEQUENCE [LARGE SCALE GENOMIC DNA]

 
 
 Mural R.J.
 Istrail S.
 Sutton G.G.
 Florea L.
 Halpern A.L.
 Mobarry C.M.
 Lippert R.
 Walenz B.
 Shatkay H.
 Dew I.
 Miller J.R.
 Flanigan M.J.
 Edwards N.J.
 Bolanos R.
 Fasulo D.
 Halldorsson B.V.
 Hannenhalli S.
 Turner R.
 Yooseph S.
 Lu F.
 Nusskern D.R.
 Shue B.C.
 Zheng X.H.
 Zhong F.
 Delcher A.L.
 Huson D.H.
 Kravitz S.A.
 Mouchard L.
 Reinert K.
 Remington K.A.
 Clark A.G.
 Waterman M.S.
 Eichler E.E.
 Adams M.D.
 Hunkapiller M.W.
 Myers E.W.
 Venter J.C.
 2005-09
 EMBL/GenBank/DDBJ

 
 
 NUCLEOTIDE SEQUENCE [LARGE SCALE GENOMIC DNA]

 
 
 The status, quality, and expansion of the NIH full-length cDNA project: the Mammalian Gene Collection (MGC).
 The MGC Project Team
 
 
 doi:10.1101/gr.2596504
 2004
 Genome Res.
 14
 2121-2127

 
 
 NUCLEOTIDE SEQUENCE [LARGE SCALE MRNA] (ISOFORM 1)
 

 
 
 Brain

 
 
 Initial characterization of the human central proteome.
 Burkard T.R.
 Planyavsky M.
 Kaupe I.
 Breitwieser F.P.
 Buerckstuemmer T.
 Bennett K.L.
 Superti-Furga G.
 Colinge J.
 
 
 doi:10.1186/1752-0509-5-17
 2011
 BMC Syst. Biol.
 5
 17

 
 
 IDENTIFICATION BY MASS SPECTROMETRY [LARGE SCALE ANALYSIS]

 
 
 An enzyme assisted RP-RPLC approach for in-depth analysis of human liver phosphoproteome.
 Bian Y.
 Song C.
 Cheng K.
 Dong M.
 Wang F.
 Huang J.
 Sun D.
 Wang L.
 Ye M.
 Zou H.
 
 
 doi:10.1016/j.jprot.2013.11.014
 2014
 J. Proteomics
 96
 253-262

 
 
 IDENTIFICATION BY MASS SPECTROMETRY [LARGE SCALE ANALYSIS]
 

 
 
 N-terminome analysis of the human mitochondrial proteome.
 Vaca Jacome A.S.
 Rabilloud T.
 Schaeffer-Reiss C.
 Rompais M.
 Ayoub D.
 Lane L.
 Bairoch A.
 Van Dorsselaer A.
 Carapito C.
 
 
 doi:10.1002/pmic.201400617
 2015
 Proteomics
 15
 2519-2524

 
 
 IDENTIFICATION BY MASS SPECTROMETRY [LARGE SCALE ANALYSIS]

 
 
 Structural basis of human CYP51 inhibition by antifungal azoles.
 Strushkevich N.
 Usanov S.A.
 Park H.W.
 
 
 doi:10.1016/j.jmb.2010.01.075
 2010
 J. Mol. Biol.
 397
 1067-1078

 
 
 X-RAY CRYSTALLOGRAPHY (2.8 ANGSTROMS) OF 54-502 IN COMPLEXES WITH HEME; KETOCONAZOLE AND ECONAZOLE
 CATALYTIC ACTIVITY
 FUNCTION
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UniProt in RDF – What does the data look like?

UniProt accession for the human CYP51 protein – Q16850

Encode it as RDF:

XML/RDF format
<rdf:Description rdf:about=”http://purl.uniprot.org/citations/8619637”>
<rdf:type rdf:resource=”http://purl.uniprot.org/core/Journal Citation”/>
<title>The ubiquitously expressed human CYP51 encodes lanosterol 14 alpha-demethylase, a cytochrome
P450 whose expression is regulated by oxysterols.</title>
<author>Stroemstedt M.</author>
<author>Rozman D.</author>
<author>Waterman M.R.</author>
<skos:exactMatch rdf:resource=”http://purl.uniprot.org/pubmed/8619637”/>
<foaf:primaryTopicOf rdf:resource=”https://www.ncbi.nlm.nih.gov/pubmed/8619637”/>
<dcterms:identifier>doi:10.1006/abbi.1996.0193</dcterms:identifier>
<date rdf:datatype=”http://www.w3.org/2001/XMLSchema#gYear”>1996</date>
<name>Arch. Biochem. Biophys.</name>
<volume>329</volume>
<pages>73-81</pages>
</rdf:Description>

This can be shown as a table <Subject, Predicate, Object >

Subject

Predicate
Object
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 The ubiquitously expressed human CYP51 encodes lanosterol 14 alpha-demethylase, a cytochrome P450 whose expression is regulated by oxysterols.
 Stroemstedt M.
 Rozman D.
 Waterman M.R.
 
 
 doi:10.1006/abbi.1996.0193
 1996
 Arch. Biochem. Biophys.
 329
 73-81

 
 
 NUCLEOTIDE SEQUENCE [MRNA] (ISOFORM 1)
 TISSUE SPECIFICITY
 

 
 
 Liver

 
 
 Sterol 14-demethylase P450 (P45014DM*) is one of the most ancient and conserved P450 species.
 Aoyama Y.
 Noshiro M.
 Gotoh O.
 Imaoka S.
 Funae Y.
 Kurosawa N.
 Horiuchi T.
 Yoshida Y.
 
 
 doi:10.1093/oxfordjournals.jbchem.a021331
 1996
 J. Biochem.
 119
 926-933

 
 
 NUCLEOTIDE SEQUENCE [MRNA] (ISOFORM 1)
 

 
 
 The three human cytochrome P450 lanosterol 14 alpha-demethylase (CYP51) genes reside on chromosomes 3, 7, and 13: structure of the two retrotransposed pseudogenes, association with a line-1 element, and evolution of the human CYP51 family.
 Rozman D.
 Stroemstedt M.
 Waterman M.R.
 
 
 doi:10.1006/abbi.1996.0416
 1996
 Arch. Biochem. Biophys.
 333
 466-474

 
 
 NUCLEOTIDE SEQUENCE [GENOMIC DNA]
 

 
 
 Structure and mapping of the human lanosterol 14alpha-demethylase gene (CYP51) encoding the cytochrome P450 involved in cholesterol biosynthesis; comparison of exon/intron organization with other mammalian and fungal CYP genes.
 Rozman D.
 Stroemstedt M.
 Tsui L.-C.
 Scherer S.W.
 Waterman M.R.
 
 
 doi:10.1006/geno.1996.0640
 1996
 Genomics
 38
 371-381

 
 
 NUCLEOTIDE SEQUENCE [GENOMIC DNA]

 
 
 Complete sequencing and characterization of 21,243 full-length human cDNAs.
 Ota T.
 Suzuki Y.
 Nishikawa T.
 Otsuki T.
 Sugiyama T.
 Irie R.
 Wakamatsu A.
 Hayashi K.
 Sato H.
 Nagai K.
 Kimura K.
 Makita H.
 Sekine M.
 Obayashi M.
 Nishi T.
 Shibahara T.
 Tanaka T.
 Ishii S.
 Yamamoto J.
 Saito K.
 Kawai Y.
 Isono Y.
 Nakamura Y.
 Nagahari K.
 Murakami K.
 Yasuda T.
 Iwayanagi T.
 Wagatsuma M.
 Shiratori A.
 Sudo H.
 Hosoiri T.
 Kaku Y.
 Kodaira H.
 Kondo H.
 Sugawara M.
 Takahashi M.
 Kanda K.
 Yokoi T.
 Furuya T.
 Kikkawa E.
 Omura Y.
 Abe K.
 Kamihara K.
 Katsuta N.
 Sato K.
 Tanikawa M.
 Yamazaki M.
 Ninomiya K.
 Ishibashi T.
 Yamashita H.
 Murakawa K.
 Fujimori K.
 Tanai H.
 Kimata M.
 Watanabe M.
 Hiraoka S.
 Chiba Y.
 Ishida S.
 Ono Y.
 Takiguchi S.
 Watanabe S.
 Yosida M.
 Hotuta T.
 Kusano J.
 Kanehori K.
 Takahashi-Fujii A.
 Hara H.
 Tanase T.-O.
 Nomura Y.
 Togiya S.
 Komai F.
 Hara R.
 Takeuchi K.
 Arita M.
 Imose N.
 Musashino K.
 Yuuki H.
 Oshima A.
 Sasaki N.
 Aotsuka S.
 Yoshikawa Y.
 Matsunawa H.
 Ichihara T.
 Shiohata N.
 Sano S.
 Moriya S.
 Momiyama H.
 Satoh N.
 Takami S.
 Terashima Y.
 Suzuki O.
 Nakagawa S.
 Senoh A.
 Mizoguchi H.
 Goto Y.
 Shimizu F.
 Wakebe H.
 Hishigaki H.
 Watanabe T.
 Sugiyama A.
 Takemoto M.
 Kawakami B.
 Yamazaki M.'
 Watanabe K.
 Kumagai A.
 Itakura S.
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RDF Query Model – SPARQL

Query Model - SPARQL Protocol and RDF Query Language
Given U (set of URIs), L (set of literals), and V (set of variables), a
SPARQL expression is defined recursively:

an atomic triple pattern, which is an element of

(U ∪ V )× (U ∪ V )× (U ∪ V ∪ L)

?x rdfs:label “The Shining”

P FILTER R, where P is a graph pattern expression and R is a built-in
SPARQL condition (i.e., analogous to a SQL predicate)

?x rev:rating ?p FILTER(?p > 3.0)

P1 AND/OPT/UNION P2, where P1 and P2 are graph pattern
expressions

Example:

SELECT ?name
WHERE {

?m r d f s : l a b e l ?name . ?m movie : d i r e c t o r ?d .
?d movie : d i r e c t o r n a m e ” S t a n l e y K u b r i c k ” .
?m movie : r e l a t e d B o o k ?b . ?b r e v : r a t i n g ? r .
FILTER(? r > 4 . 0 )

}
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SPARQL Queries

SELECT ?name
WHERE {

?m r d f s : l a b e l ?name . ?m movie : d i r e c t o r ?d .
?d movie : d i r e c t o r n a m e ” S t a n l e y K u b r i c k ” .
?m movie : r e l a t e d B o o k ?b . ?b r e v : r a t i n g ? r .
FILTER(? r > 4 . 0 )

}

?m ?d
movie:director

?name

rdfs:label

?b

movie:relatedBook

“Stanley Kubrick”

movie:director name

?r
rev:rating

FILTER(?r > 4.0)
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UniProt in RDF – The Data Can Be Queried

RDF encoded UniProt data can be queried using SPARQL:

http://sparql.uniprot.org/sparql

Get the GO function for Q16850 (from UniProt SPARQL endpoint)
PREFIX upc :< h t t p : / / p u r l . u n i p r o t . o rg / c o r e/>
PREFIX r d f : <h t t p : / /www. w3 . org /1999/02/22− r d f−syntax−ns#>
SELECT ? g o i d ? g o l a b e l
WHERE {
<h t t p : / / p u r l . u n i p r o t . o rg / u n i p r o t /Q16850> a upc : P r o t e i n ;
upc : c l a s s i f i e d W i t h ? keyword .
? keyword r d f s : s e e A l s o ? g o i d .
? g o i d r d f s : l a b e l ? g o l a b e l .

}
Find the differential expression of probes and the p value that map to

Q16850 (from Expression Atlas SPARQL endpoint)
PREFIX r d f s : <h t t p : / /www. w3 . org /2000/01/ r d f−schema#>
PREFIX a t l a s t e r m s : <h t t p : / / r d f . e b i . ac . uk/ terms / a t l a s />
SELECT d i s t i n c t ? v a l u e L a b e l ? p v a l u e
WHERE {

? v a l u e r d f s : l a b e l ? v a l u e L a b e l .
? v a l u e a t l a s t e r m s : pValue ? p v a l u e .
? v a l u e a t l a s t e r m s : i sMeasurementOf ? probe .
? probe a t l a s t e r m s : dbXre f <h t t p : / / p u r l . u n i p r o t . o rg / u n i p r o t /Q16850> .

}
ORDER BY ASC(? p v a l u e )
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Näıve Triple Store Design

SELECT ?name
WHERE {

?m r d f s : l a b e l ?name . ?m movie : d i r e c t o r ?d .
?d movie : d i r e c t o r n a m e ” S t a n l e y K u b r i c k ” .
?m movie : r e l a t e d B o o k ?b . ?b r e v : r a t i n g ? r .
FILTER(? r > 4 . 0 )

}
Subject Property Object
mdb:film/2014 rdfs:label “The Shining”
mdb:film/2014 movie:initial release date “1980-05-23”
mdb:film/2014 movie:director mdb:director/8476
mdb:film/2014 movie:actor mdb:actor/29704
mdb:film/2014 movie:actor mdb: actor/30013
mdb:film/2014 movie:music contributor mdb: music contributor/4110
mdb:film/2014 foaf:based near geo:2635167
mdb:film/2014 movie:relatedBook bm:0743424425
mdb:film/2014 movie:language lexvo:iso639-3/eng
mdb:director/8476 movie:director name “Stanley Kubrick”
mdb:film/2685 movie:director mdb:director/8476
mdb:film/2685 rdfs:label “A Clockwork Orange”
mdb:film/424 movie:director mdb:director/8476
mdb:film/424 rdfs:label “Spartacus”
mdb:actor/29704 movie:actor name “Jack Nicholson”
mdb:film/1267 movie:actor mdb:actor/29704
mdb:film/1267 rdfs:label “The Last Tycoon”
mdb:film/3418 movie:actor mdb:actor/29704
mdb:film/3418 rdfs:label “The Passenger”
geo:2635167 gn:name “United Kingdom”
geo:2635167 gn:population 62348447
geo:2635167 gn:wikipediaArticle wp:United Kingdom
bm:books/0743424425 dc:creator bm:persons/Stephen+King
bm:books/0743424425 rev:rating 4.7
bm:books/0743424425 scom:hasOffer bm:offers/0743424425amazonOffer
lexvo:iso639-3/eng rdfs:label “English”
lexvo:iso639-3/eng lvont:usedIn lexvo:iso3166/CA
lexvo:iso639-3/eng lvont:usesScript lexvo:script/Latn

Easy to implement
but

too many self-joins!
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AND T5 . o=” S t a n l e y K u b r i c k ”

Easy to implement
but

too many self-joins!
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Exhaustive Indexing

RDF-3X [Neumann and Weikum, 2008, 2009], Hexastore [Weiss
et al., 2008]

Strings are mapped to ids using a mapping table

Triples are indexed in a clustered B+ tree in lexicographic order

Create indexes for permutations of the three columns: SPO, SOP,
PSO, POS, OPS, OSP

Original triple table
Subject Property Object
mdb: film/2014 rdfs:label “The Shining”
mdb:film/2014 movie:initial release date “1980-05-23”
mdb:director/8476 movie:director name “Stanley Kubrick”
mdb:film/2685 movie:director mdb:director/8476

Encoded triple table
Subject Property Object

0 1 2
0 3 4
5 6 7
8 9 5

Mapping table
ID Value
0 mdb: film/2014
1 rdfs:label
2 “The Shining”
3 movie:initial release date
4 “1980-05-23”
5 mdb:director/8476
6 movie:director name
7 “Stanley Kubrick”
8 mdb:film/2685
9 movie:director
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Exhaustive Indexing–Query Execution

Each triple pattern can be answered by a range query

Joins between triple patterns computed using merge join

Join order is easy due to extensive indexing

Subject Property Object
0 1 2

0 3 4

5 6 7

8 9 5
...

...
...

ID Value
0 mdb: film/2014

1 rdfs:label

2 “The Shining”

3 movie:initial release date

4 “1980-05-23”

5 mdb:director/8476

6 movie:director name

7 “Stanley Kubrick”

8 mdb:film/2685

9 movie:director
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Advantages

I Eliminates some of the joins – they become range queries

I Merge join is easy and fast
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Exhaustive Indexing–Query Execution

Each triple pattern can be answered by a range query

Joins between triple patterns computed using merge join

Join order is easy due to extensive indexing

Subject Property Object
0 1 2

0 3 4

5 6 7

8 9 5
...

...
...

ID Value
0 mdb: film/2014

1 rdfs:label

2 “The Shining”

3 movie:initial release date

4 “1980-05-23”

5 mdb:director/8476

6 movie:director name

7 “Stanley Kubrick”

8 mdb:film/2685

9 movie:director

Advantages

I Eliminates some of the joins – they become range queries

I Merge join is easy and fast

Disadvantages

I Space usage

I Expensive updates

© M. Tamer Özsu CS848 - Winter 2019 108 / 137



Property Tables

Grouping by entities; Jena [Wilkinson, 2006], DB2-RDF [Bornea
et al., 2013]

Clustered property table: group together the properties that tend to
occur in the same (or similar) subjects

Property-class table: cluster the subjects with the same type of
property into one property table

Subject Property Object
mdb:film/2014 rdfs:label “The Shining”
mdb:film/2014 movie:director mdb:director/8476
mdb:film/2685 movie:director mdb:director/8476
mdb:film/2685 rdfs:label “A Clockwork Orange”
mdb:actor/29704 movie:actor name “Jack Nicholson”
. . . . . . . . .

Subject refs:label movie:director
mob:film/2014 “The Shining” mob:director/8476
mob:film/2685 “The Clockwork Orange” mob:director/8476

Subject movie:actor name
mdb:actor “Jack Nicholson”

© M. Tamer Özsu CS848 - Winter 2019 109 / 137



Property Tables

Grouping by entities; Jena [Wilkinson, 2006], DB2-RDF [Bornea
et al., 2013]

Clustered property table: group together the properties that tend to
occur in the same (or similar) subjects

Property-class table: cluster the subjects with the same type of
property into one property table

Subject Property Object
mdb:film/2014 rdfs:label “The Shining”
mdb:film/2014 movie:director mdb:director/8476
mdb:film/2685 movie:director mdb:director/8476
mdb:film/2685 rdfs:label “A Clockwork Orange”
mdb:actor/29704 movie:actor name “Jack Nicholson”
. . . . . . . . .

Subject refs:label movie:director
mob:film/2014 “The Shining” mob:director/8476
mob:film/2685 “The Clockwork Orange” mob:director/8476

Subject movie:actor name
mdb:actor “Jack Nicholson”

Advantages

I Fewer joins

I If the data is structured, we have a relational system – similar to
normalized relations

© M. Tamer Özsu CS848 - Winter 2019 109 / 137



Property Tables
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Subject movie:actor name
mdb:actor “Jack Nicholson”

Advantages

I Fewer joins

I If the data is structured, we have a relational system – similar to
normalized relations

Disadvantages

I Potentially a lot of NULLs

I Clustering is not trivial

I Multi-valued properties are complicated
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Vertical Partitioning

Binary Tables [Abadi et al., 2007, 2009]:

Grouping by properties – for each property, build a two-column table,
containing both subject and object, ordered by subjects
n two column tables (n is the number of unique properties in the data)

TripleBit [Yuan et al., 2013]:

Create a table with |triple| columns, |objects|+ |subjects| rows with
“1” if object/subject exists in triple; groups columns by predicate
Compress columns (since they are sparse); partition by predicate, then
partition into chunks
(P,S,O) and (P,O,S) indexes on the chunks

Subject Property Object
mdb:film/2014 rdfs:label “The Shining”
mdb:film/2014 movie:director mdb:director/8476
mdb:film/2685 movie:director mdb:director/8476
mdb:film/2685 rdfs:label “A Clockwork Orange”
mdb:actor/29704 movie:actor name “Jack Nicholson”
. . . . . . . . .

Subject Object
mdb:film/2014 mdb:director/8476
mdb:film/2685 mdb:director/8476

movie:director

Subject Object
mob:film/2014 “The Shining”
mob:film/2685 “The Clockwork Orange”

refs:label

Subject Object
mdb:actor/29704 “Jack Nicholson”

movie:actor name
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Vertical Partitioning

Binary Tables [Abadi et al., 2007, 2009]:

Grouping by properties – for each property, build a two-column table,
containing both subject and object, ordered by subjects
n two column tables (n is the number of unique properties in the data)

TripleBit [Yuan et al., 2013]:

Create a table with |triple| columns, |objects|+ |subjects| rows with
“1” if object/subject exists in triple; groups columns by predicate
Compress columns (since they are sparse); partition by predicate, then
partition into chunks
(P,S,O) and (P,O,S) indexes on the chunks

Advantages

I Supports multi-valued properties

I No NULLs

I No clustering

I Read only needed attributes (i.e. less I/O)

I Good performance for subject-subject joins
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Binary Tables [Abadi et al., 2007, 2009]:

Grouping by properties – for each property, build a two-column table,
containing both subject and object, ordered by subjects
n two column tables (n is the number of unique properties in the data)

TripleBit [Yuan et al., 2013]:

Create a table with |triple| columns, |objects|+ |subjects| rows with
“1” if object/subject exists in triple; groups columns by predicate
Compress columns (since they are sparse); partition by predicate, then
partition into chunks
(P,S,O) and (P,O,S) indexes on the chunks

Advantages

I Supports multi-valued properties

I No NULLs

I No clustering

I Read only needed attributes (i.e. less I/O)

I Good performance for subject-subject joins

Disadvantages

I Not useful for subject-object joins

I Expensive inserts
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Graph-based Approach [Zou and Özsu, 2017]

Answering SPARQL query ≡ subgraph matching using homomorphism

gStore [Zou et al., 2011, 2014], chameleon-db [Aluç et al., 2013]

?m ?d
movie:director

?name

rdfs:label

?b

movie:relatedBook

“Stanley Kubrick”

movie:director name

?r
rev:rating

FILTER(?r > 4.0)

mdb:film/2014

“1980-05-23”

movie:initial release date

“The Shining”
refs:label

mob:music contributor
music contributor

lexvo:iso639 3/eng

language

bm:books/0743424425

4.7

rev:rating

bm:persons/StephenKing
dc:creator

bm:offers/0743424425amazonOffer

geo:2635167

“United Kingdom”

gn:name

62348447

gn:population

wp:UnitedKingdom

gn:wikipediaArticle

mdb:actor/29704

“Jack Nicholson”

movie:actor name

mdb:film/3418

“The Passenger”

refs:label

mdb:film/1267

“The Last Tycoon”

refs:label

mdb:director/8476

“Stanley Kubrick”

movie:director name

mdb:film/2685

“A Clockwork Orange”

refs:label

mdb:film/424

“Spartacus”

refs:label

mdb:actor/30013

“Shelley Duvall”

movie:actor name
“English”

rdf:label

lexvo:iso3166/CA

lvont:usedIn
lexvo:script/latin

lvont:usesScript

movie:relatedBook

scam:hasOffer

foaf:based near
movie:actor

movie:director

movie:actor

movie:actor movie:actor

movie:director movie:director

Subgraph
M

atching
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M
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Advantages

I Maintains the graph structure

I Full set of queries can be handled
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movie:relatedBook
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foaf:based near
movie:actor
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movie:actor movie:actor

movie:director movie:director

Subgraph
M

atching

Advantages

I Maintains the graph structure

I Full set of queries can be handled

Disadvantages

I Graph pattern matching is expensive
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RDF Federation

Distributed environment

SPARQL endpoints can process
SPARQL queries

Non-SPARQL endpoints require
additional components

Issues

Query decomposition
Localization (source selection)
Result composition
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Cloud-based Solutions [Kaoudi and Manolescu, 2015]

RDF data warehouse D is partitioned ({D1, . . . ,Dn}) and placed on
cloud platforms (such as HDFS, HBase)

SPARQL query is run through MapReduce jobs

Data parallel execution

Examples: HARD [Rohloff and Schantz, 2010] , HadoopRDF [Husain

et al., 2011] , EAGRE [Zhang et al., 2013] and JenaHBase [Khadilkar

et al., 2012]

I High scalability and fault-tolerance

I Possibly low performance since MapReduce is not suitable for graph
processing
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© M. Tamer Özsu CS848 - Winter 2019 113 / 137



Partition-based Approaches

(Offline) Partition an RDF data warehouse (graph) into several
fragments that are distributed to sites

RDF data D = {D1, . . . ,Dn}
Allocate each Di to a site

Partitioning alternatives

Table-based (e.g., [Husain et al., 2011])
Graph-based (e.g., [Huang et al., 2011; Zhang et al., 2013])
Unit-based (e.g., [Gurajada et al., 2014; Lee and Liu, 2013])

(Online) SPARQL query decomposed Q = {Q1, . . . ,Qk} ⇒ query
graph is decomposed

Distributed execution of {Q1, . . . ,Qk} over {D1, . . . ,Dn}
Examples: GraphPartition [Huang et al., 2011], WARP [Hose and

Schenkel, 2013] , Partout [Galarraga et al., 2014] , Vertex-block [Lee and

Liu, 2013]

I High performance

I Great for parallelizing centralized RDF data

I May not be possible to re-partition and re-allocate Web data (i.e.,
LOD)

I Each approach requires a specific partitioning strategy – no generic
partitioning

I Query decomposition may not be easy
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Partial Query Evaluation (PQE)

RDF data warehouse is partitioned and distributed as before

RDF data D = {D1, . . . ,Dn}
Allocate each Di to a site

SPARQL query is not decomposed

Partial query evaluation – Distributed gStore [Peng et al., 2016]

Query is the function and each Di is the known input
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Distributed RDF Processing [Kaoudi and Manolescu, 2015]

RDF data warehouse is partitioned and distributed
RDF data D = {D1, . . . ,Dn}
Allocate each Di to a site

Partitioning alternatives
Table-based (e.g., [Husain et al., 2011])
Graph-based (e.g., [Huang et al., 2011; Zhang et al., 2013])
Unit-based (e.g., [Gurajada et al., 2014; Lee and Liu, 2013])

SPARQL query decomposed Q = {Q1, . . . ,Qk}
Distributed execution of {Q1, . . . ,Qk} over {D1, . . . ,Dn}

I High performance

I Great for parallelizing centralized RDF data

I May not be possible to re-partition and re-allocate Web data (i.e.,
LOD)

I Query decomposition may not be easy
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SPARQL Endpoint Federation

No data re-partitioning/re-distribution

Consider D = D1 ∪ D2 ∪ . . . ∪ Dn; Di : SPARQL endpoint

SPARQL query decomposed Q = {Q1, . . . ,Qk}
Distributed execution of {Q1, . . . ,Qk} over {D1, . . . ,Dn}
E.g.: SPLENDID [Görlitz and Staab, 2011], ANAPSID [Acosta et al.,
2011]

Jamendo

SWDogFood

GeoNames

LinkedMDB

DBPedia NYTimes

RDF Sources

Control Site
Metadata

I Data integration approach

I May be the only way to proceed if RDF data is already distributed
with autonomous owners

I Not all RDF data storage points are SPARQL endpoints
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Supported access patterns
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· · ·
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Federated Query Processing

Query
Decomposition &
Source Selection

SPARQL queries

Local Evaluation
Join Partial

Matches

SPARQL matches

Jamendo

SWDogFood

GeoNames

LinkedMDB

DBPedia NYTimes

RDF Sources

Control Site
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Not All RDF Storage Sites are SPARQL Endpoints

Use the mediator-wrapper paradigm

Wrappers provide SPARQL endpoint functionality

Mediators may be introduced if wrappers are thin

E.g.: DARQ [Quilitz and Leser, 2008], FedX [Schwarte et al., 2011]

Jamendo

SWDogFood

GeoNames

LinkedMDB

DBPedia NYTimes

RDF Storage
A

W
ra

p
p

er

W
ra

p
p

er

M
ed

ia
to

r

RDF Storage
B

RDF Sources

Control Site
Metadata
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UniProt Federation – EBI RDF Platform

Curated computational models of biological pro-
cesses

Sample information for reference samples and sam-
ples for which data exist in one of the EBI’s assay
databases

Curated chemical database of bioactive molecules
with drug-like properties

Genome databases for vertebrates and other eukary-
otic species

Gene expression data from the Gene Expression Atlas

Curated and peer-reviewed pathways
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Federated Access to UniProt Collection

Get the Reactome pathways where Q16850 is associated, then get all the other
proteins in that pathway and pull out their expression from the atlas, along with
the GO annotations from UniProt

PREFIX r d f : <h t t p : / /www. w3 . org /1999/02/22− r d f−syntax−ns#>
PREFIX r d f s : <h t t p : / /www. w3 . org /2000/01/ r d f−schema#>
PREFIX b i o p a x 3 : <h t t p : / /www. b i o p a x . org / r e l e a s e / b iopax− l e v e l 3 . owl#>
PREFIX a t l a s t e r m s : <h t t p : / / r d f . e b i . ac . uk/ terms / a t l a s />
PREFIX upc :< h t t p : / / p u r l . u n i p r o t . o rg / c o r e/>
SELECT DISTINCT ? pathwayname ? e x p r e s s i o n V a l u e ? g o l a b e l
WHERE {
# Get the pathways tha t r e f e r e n c e Q16850
? pathway r d f : t y p e b i o p a x 3 : Pathway .
? pathway b i o p a x 3 : d i sp layName ? pathwayname .
? pathway b i o p a x 3 : pathwayComponent
[ ? r e l [ b i o p a x 3 : e n t i t y R e f e r e n c e ? dbXre f ] ] .
? pathway b i o p a x 3 : pathwayComponent
[ ? r e l [ b i o p a x 3 : e n t i t y R e f e r e n c e <h t t p : / / p u r l . u n i p r o t . o rg / u n i p r o t /Q16850> ] ] .

# Get the e x p r e s s i o n f o r tho s e p r o t e i n s
SERVICE <h t t p : / /www. e b i . ac . uk/ r d f / s e r v i c e s / a t l a s / s p a r q l> {

? v a l u e r d f s : l a b e l ? e x p r e s s i o n V a l u e .
? v a l u e a t l a s t e r m s : pValue ? p v a l u e .
? v a l u e a t l a s t e r m s : i sMeasurementOf ? probe .
? probe a t l a s t e r m s : dbXre f ? dbXre f .
}

# get the GO f u n c t i o n s from Un ip ro t
SERVICE <h t t p : / / u n i p r o t . org / s p a r q l> {

? dbXre f a upc : P r o t e i n ;
upc : c l a s s i f i e d W i t h ? keyword .
? keyword r d f s : s e e A l s o ? g o i d .
? g o i d r d f s : l a b e l ? g o l a b e l .
}
}
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Linked Object Data – Closer Look
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Traditional Hypertext-based Web Access

IMDb World
Book

Data exposed
to the Web
via HTML
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Linked Data Publishing Principles

IMDb World
Book

(http://...linkedmdb.../Shining,releaseDate, 23 May 1980)
(http://...linkedmdb.../Shining, filmLocation, http://cia.../UK)
(http://...linkedmdb.../29704,actedIn, http://...linkedmdb.../Shining)

...

(http://cia.../UK, hasPopulation, 63230000)
...

S
hi

ni
ng

U
K

Data model: RDF
Global identifier: URI
Access mechanism: HTTP
Connection: data links
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Live Query Processing

Not all data resides at SPARQL
endpoints

Freshness of access to data
important

Potentially countably infinite
data sources

Live querying

On-line execution
Only rely on linked data
principles

Alternatives

Traversal-based approaches
Index-based approaches
Hybrid approaches
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Traversal Approaches

Discover relevant URIs recursively by
traversing (specific) data links at query
execution runtime [Hartig, 2013;
Ladwig and Tran, 2011]

Implements reachability-based query
semantics

Start from a set of seed URIs
Recursively follow and discover new
URIs

Important issue is selection of seed URIs

Retrieved data serves to discover new
URIs and to construct result
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Important issue is selection of seed URIs

Retrieved data serves to discover new
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Advantages

Easy to implement.
No data structure to maintain.

Disadvantages

Possibilities for parallelized data retrieval are limited
Repeated data retrieval introduces significant query latency.
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Zou, L., Mo, J., Chen, L., Özsu, M. T., and Zhao, D. (2011). gStore: answering
SPARQL queries via subgraph matching. Proc. VLDB Endowment, 4(8):482–493.
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