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Explosion of Data

Today’s digital society has
seen enormous data growth in
both commercial and scientific

databases

Data scales at a high rate, Biomedical Data

exceeding Moore’s Law

Data Mining is becoming a
commonly used tool to extract
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Sensor Networks

Homeland Security

Computational Simulations



What is Data Mining ?
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Data Mining has been defined as “ the non-trivial
extraction of implicit, previously unknown and
potentially useful information from data ”’

Non-Trivial
Previously unknown
Automated
Predictive




Data Mining in Scientific Applications

Climate Modeling

e\What are the primary factors
influencing climate ?

How do natural and human-
induced changes affect climate ?

eHow well can we predict changes?

Cosmological Simulations

Simulate formation and
evolution of galaxies

eAdaptive mesh refinement




Data Mining for Bioinformatics

» Recent technological advances are

helping to generate large amounts of
both medical and genomic data

« High-throughput experiments/techniques
- Gene and protein sequences
- Gene-expression data

- Biological networks and phylogenetic profiles

= Data mining offers potential solution for
analysis of large-scale data
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Data Mining in Business

Data Mining
(CRM)

Personalized Offers, Discounts,
m@ Recommendations

Market Basket Data




Understanding
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Motivation for Benchmarking

O Explosion of Data

O Existing systems, algorithms unable to
scale
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Role of Benchmarks in Systems Design

For better or worse, benchmarks shape the corresponding
iIndustry segment
Benchmarks

guide the development of new processor architectures

used to measure the relative performance of different
systems

Architectures/tools are tailored for them

SPEC: General purpose architecture

“Advances in the microprocessor industry would not have
been possible without the SPEC benchmarks” - David
Patterson

TPC: Database Systems, SPLASH: Parallel machine
architectures, Mediabench: Media and Communication
Processors, NetBench: Network/Embedded processors
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What makes data mining different ?

OoAre data mining applications
different ?

olf so, what characteristics do they
exhibit ?
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Benchmark Suite Overview

Clustering

MineBench

Classification

* K-Means

* Fuzzy K-Means
* HOP

* Birch

e ScalParC
* Bayesian
* SNP

e SEMPHY
» RSearch
 SVM-RFE
e GeneNet

Association

Optimization

Rule
Mining

« PLSA

» Apriori
« Utility Mining
* Eclat
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Classification Workloads
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Classification Workloads

O A Classification algorithm uses a training set of records to
build a model, which can be used to assign unclassified
records into pre-defined classes

O ScalParC: Efficient and Scalable implementation of Decision
Tree Classification

O Dataset: Synthetic dataset generated by IBM Quest Data
Generator

Dependent variable: PLAY

Play 9
Don't Play 5

OUTLOOK 7.

sfy / overcast rain

Play 2 Play 4 Play 3
Don't Play 3 Don't Play 0 Don't Play 2

AN

HUMIDITY 2 IR

=70 >70 TRUE \ FALSE

¥

Play 2 Play 0 Play 0 Play 3
Don't Play 0 Don't Play 3 Don't Play 2 Don't Play 0
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Classification Workloads

O Naive Bayesian: Statistical Classifier, used in e-
mail filters

O Dataset: Synthetic Dataset generated by IBM
Quest Data Generator

_ P(C=t)|P(C=h
ClGL}dVI//"C‘._‘II D.E | ﬂ',ﬁ
|
x\h ~ J
.'"Ir. .\'\.
P(S=t)|P(S=1)
P(C=t)] 0.1 | 09 Ve N rain
P(C=H| 05 | 05 ,/‘R‘x_l
( ) [ |
S’I N4 |P(R=t)|P(R=N)
sprinkler — / P(c=t) 08 [ 02
i P(C=f)| 02 | 08
\"'\'-*—_-*".r

.'/ N

1
pw=tjpw=n .~ wet grass
P(S=t"R=t) 0.99 ' 0.01
P(S=t"R=f)) 0.9 0.1
P(S=fR=t)] 09 0.1 16
P(S=PR=0| 0 | 1




0 Rsearch: Uses stochastic context free
grammars to search gene data base for
homologous RNA sequences

0 Dataset: RNA sequence of length 97 on a
database provided by UW

SCFG
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Classification Workloads

O SVM-RFE: I1s a feature selection method
extensively used in disease finding

0 Dataset: Microarray dataset on ovarian
cancer [253(tissue samples)X15154(gene
expression values]

Microarray Sample Support Vector Machine 18




Classification Workloads

O SNP: uses Hill climbing method and Bayesian

networks to find Single nucleotide polymorphisms
In DNA sequences

O Dataset: Human Genic Bi-Allelic (HGBASE)
database containing 616,179 SNP’s
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Classification Workloads

O Structure learning workloads

o SEMPHY: Uses Expectation Maximization method
on phylogenetic trees to find genetic distance
between neighboring species

0 Dataset: 3 different datasets fromm Pfam database




Classification Workloads

0 GeneNet: Analysis of gene expressions using
Bayesian networks and hill climbing( like SNP),

handles thousands of variables with few training
records

O Dataset: Yeast Microarray data

Transduction @@k i‘%’k
of Target Cells
with Library GeneMet  Lentiviral

siRNA Library

Infected
Target Cells

Treatment
(e.g., Irradiation, Drugs,

Induction of Apoptosis)

Treated Cells

Selection
(e.g., Growth, FACS)

Cells with
Specific
Phenotype

Amplify siRNA Effectors
from Selected Cells

____.--...—-_-—_-—_"__

Identify siRNAs Controlling Phenotype



Clustering Workloads

Copyright Anglo-Australian Observatory/Royal Observatory, Edinburgh
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Clustering Workloads

O Clustering is a form of unsupervised learning that aims to
find groups of similar objects from a database

O K-means: Assigns objects to clusters based on a similarity
function, iteratively refines the cluster till convergence
criterion is met

O Dataset: Real Image Database
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Clustering Workloads

O Fuzzy K-means: Similar to k-means, except that
now an object may have degrees of membership
In multiple clusters

O Dataset: Real Image Database

O e

e
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Clustering Workloads

HOP: Density-based clustering method used in
Astrophysics. Spatially adaptive, co-ordinate free,
uses KD tree for load distribution

Dataset: Cosmology simulation data using ENZO

DataSet
Type

Stage |[s
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Clustering Workloads

o Birch: Incremental and hierarchical clustering algorithm

O Based on the notion of Clustering Feature(CF) and
Clustering Tree

0o Works with different distance metrics, Effective with outliers
o Dataset: Cosmology data from ENZO

I T ) T 1
B=7 | CE [CF, |- — ————C:F-é—‘ Root
L=6 ch.i.ldl child, | chald chald,

/ Non-leaf IIN

CF,_| CF, |CF, | CFs_

— I J— - 1

C].l.‘l.ld]_ C].l.‘l.ld') Chl.ld_'), Ch.‘l.lds

/ m Leaf node

S - < o J—
prev CF]. CF2 CP-S next prev CFI Cl—“z CF4 next
|

v/

26




Association Rule Mining

1. Market-basket transactions 2. Find item combinations (itemsets)
that occur frequently in data

TID  Items _

1 Bread, Diaper, Milk BreaI(;em Combination Co:nt

2 Beer, Diaper, Bread, Eggs Coke 2

3 Beer, Coke, Diaper, Milk Milk 4

4 Beer, Bread, Diaper, Milk |.5:.read 2 Coke 1

5 Coke, Bread, Diaper, Milk Bread & Milk 3
I-?;.read & Milk & Diaper 3

v

3. Generate association {Dlaper,Mllk}j{Beer}
rules {Bread}={Diaper}

27




Association Rule Mining Workloads

0 Apriori: Mines commonly occurring subsets of
items(itemsets) level wise by using support-based pruning
to systematically reduce the search space

O Dataset: IBM Quest data generator used to create datasets
with varying number of transactions, average transaction
size and maximum size of frequent itemsets

28




Association Rule Mining Workloads

o Utility Mining assumption of uniformity among items is
discarded. Uses a 2 phase algorithm to find “utility” itemsets
by considering different values of different items

O Certain items may be more important than others, allows
organizations to segment customers into profit-based groups

O Eclat mines Association rules using a vertical database format
O Dataset: Supermarket transaction data

4 High Utility | High Utility
Low Support|High Support

Utility

Low Utility | Low Utility
Low Support|High Support

»
| o

Support
29



Optimization Workloads

O Sequence mining is used to find functional and evolutionary
differences among sequences in bioinformatics

O PLSA uses a dynamic programming approach to find

optimal alignments between RNA, DNA or protein primary
sequences

O PLSA: Nucleotide sequences of varying length are used as
input sequences (30K to 900K)

S(x,x) =0

S(xy) = -2 ACTTGTAGGA ~
Score = -8

S(x, ) =-1 ATGEGEGBTGAGAA

S(.,x)=-1

Alignment
Score Matrix 30




Using MineBench

O Applications written using C/C++
O Parallelized using OpenMP

O Current release uses GCC v2.96 for serial
workloads and ICC v7.0 for parallel
workloads

o Compatible with several compilers by
making minor modifications

0 Runtimes obtained using a dual processor
Intel Xeon 2.8GHz system on medium sized
datasets

31




Compiler Compatibility

Application ICC7.0 ICC8.1 ICCO.1 GCC 2.96 GCC 3.2 GCC 345
ScalParC 55.49 56.30 56.54 68.07 52.21 52.60
Naive Bayesian 26.50 69.85 25.59 24.48 72.63 24.60
K-means 29.70 81.10 29.24 29.4 30.46 32.70
Fuzzy K-means 962.40 1375.42 625.86 949.68 938.21 937.88
HOP 26.47 29.53 27.11 33.16 31.85 31.00
Birch CE~ C.E. C.E. 15.86 CE CE

Eclat CE~ 92.63 30.50 33.96 113.59 33.86
Apriori 55.53 98.53 54.64 53.42 74.24 51.64

Runtimes of MineBench applications with different compilers (in se(:ondsz2

*C.E.. Compilation Error




Compiler Compatibility

Application ICC7.0 ICC8.1 ICCO.1 GCC 2.96 GCC 3.2 GCC 345
Utility 8.65 9.14 6.16 9.52 8.47 8.37

SNP 855.41 995.98 CE~ C.E. C.E. C.E.
GeneNet 1166.29 698.23 C.E. C.E. C.E. 663.5"
SEMPHY 880.40 1422.31 1423.50 C.E. 1356.27 1234.52
Rsearch 742.81 714.65 835.28 1473.70 1546.06 1831.15
SVM-RFE 51.69 44.57 40.74 C.E. 45.65 40.37
PLSA 1648.6 2295.68 3035.40 3045.05 1716.62 1733.29

Runtimes of MineBench applications with different compilers (in seconsgls)

*C.E.. Compilation Error

*Compiled using gcc 3.4.4




Conclusions

As data sizes exponentially increase, it is essential

to apply data mining technigues to extract
knowledge

Current data mining systems and algorithms do not
scale » Need for design and evaluation of systems
optimized for data mining

Uniqueness of data mining applications necessitates
a new benchmark

MineBench: A data mining benchmark containing
several representative applications

MineBench is freely available on
http://cucis.ece.northwestern.edu/projects/DMS

34



MineBench Project Homepage

http: / / cucis.ece.northwestern.edu/projects/DMS
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Thank You

Email: ran310@eecs.northwestern.edu
Web: http://www.ece.northwestern.edu/—ran310

Project Web Page:
http://cucis.ece.northwestern.edu/projects/DMS
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