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Large-scale Data is Everywhere!

= There has been enormous data
growth in both commercial and
scientific databases due to
advances in data generation and
collection technologies

= New mantra

» Gather whatever data you can
whenever and wherever
possible.

« Expectations

= (Gathered data will have value Geo-spatial data
either for the purpose collected
or for a purpose not
envisioned.

Senso%&vorks Computational Simulations
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Why Data Mining? Commercial Viewpoint

- Lots of data is being collected
and warehoused

— Web data GOL.}SIE

¢Yahoo has 2PB web data
oFacebook has 400M active users

— purchases at department/
grocery stores, e-commerce

¢ Amazon records 2M items/day
— Bank/Credit Card transactions

- Computers have become cheaper and more powerful

- Competitive Pressure is Strong

— Provide better, customized services for an edge (e.g. in
Customer Relationship Management)

YAaHoOO! amazon.com
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Why Data Mining? Scientific Viewpoint

- Data collected and stored at
enormous speeds

— remote sensors on a satellite

+¢NASA EOSDIS archives over
1-petabytes of earth science data / year

— telescopes scanning the skies
+SKky survey data

— High-throughput biological data

— scientific simulations

¢ terabytes of data generated in a few hours

- Data mining helps scientists
— in automated analysis of massive datasets
— In hypothesis formation
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Why Data Mining? Scientific Viewpoint

- Data guided discovery - A new scientific paradigm ?

WIRED MAGAZINE: 16.07
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SCIENCE : DISCOVERIES [l

The End of Theory: The Data Deluge Makes the
Scientific Method Obsolete

Bv Chriz Anderson [ ob.z5.08
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Mining Scientific Data - History

1989 : IJCAIl Workshop on Knowledge Discovery in Databases  Firstsian infernationa

ference on
DATA MINING

1991-1994 : Workshops on Knowledge Discovery in Databases
— 1995 : First KDD Conference (<

1999-2000 : AHPRC Workshops on Mining Scientific Data m.ig

Midland Hotel
Chicaqo, IL USA

2001: SIAM First International Conference in Data Mining

Past decade has seen a huge growth of interest in mining data in a
variety of scientific domains

| Social Informatics Astroinformatics Evolutionary Informatics

| Ecoinformatics - Neuroinformatics Veterinary Informatics

| Geoinformatics ~ Quantum Informatics Organizational Informatics
- Chemo Informatics ~ Health Informatics Pharmacy Informatics

OOO/KO]\OO
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lllustrative Applications

w
511'11- @ Society for Industrial and Applied Mathematics
Slam MEWS >
Mining the Sky: Data Analysis Meets Astronomy
April 3, 2002

Chandrika Kamath

Vast amounts of data collected in astronomical surveys is increasingly
being analyzed by data mining methods.

» Szalay et al 2001, Burl et al 1998, Kamath et al 2001, Odewahn et al1992
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lllustrative Applications

Mining Climate and Eco-system Data

NASA News ArcHIVE

July 8, 2003

NASA DATA MINING REVEALS A NEW HISTORY OF NATURAL i y A ‘
DISASTERS Satellite images and data, such as the

one above of the Vatnajokull Glacier in
Iceland, assist researchers in tracking
teleconnections.

HURRICANE ANDREW

. AUG 23, 1992
155 MPH 922 M8
. Y

[ FEATURES | DEPARTMENTS | WARKETPLACE | NEWS UPDATE |

,"“
oL

3 ON THE COVER: Data Mining

mining what

Othe l'S miSS NASA scientists are using satellite
data .gathered from r.e.mote_ Researchers are using data mining to
chatlons (such as_KlllmanJaro) to track the impact of natural disasters, like
discover changes in the global hurricanes (above), on the global carbon
climate system. cycle.
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lllustrative Applications

Biological Sciences

Cluster analysis and display of genome-wide expression patterns

MicHAEL B. Eisen®, PauL T. SpELLMAN®, PATRICK O. BROWNT, AND DAvID BoTsTEIN'

f AL N [

=i e

The Genetic Landscape of a Cell
Costanzo et al.
Science 22 January 2010: 425-431

Gene expression data DOI: 10.1126/science. 1180823
Research Highlight
EE%FI%\%% Bioinformatics: Mining gene expression data

Mark Pattersan
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lllustrative Applications

Health Sciences

Mayo Clinic's Online Research Magazine

@ MAYO CLINIC Discovery’s Edge

Data Mining to Redesign Critical Care Services

When President Barack Obama cites Mayo Clinic as a model
healthicare provider, he praises its *smart” practices that offer
patients the best possible care at below-normal cost, Mayo's
expertise in treating disease is well-known, But the presidential
accolades underscore Mayo's pioneer work in an emerging science of
healthcare delivery.

Data Mining PhD student Rohit Gupta was selected
to present his work on "Colorectal cancer despite
colonoscopy" in the clinical science plenary session
in DDW 2009, an international conference on
gastroenterology recently held in Chicago and
attended by more than 15,000 Gl professionals.
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lllustrative Applications

Social and Political Sciences

| 2d {8 Science in Society

Algorithm detects Canadian politicians’ spin

» 16:01 20 January 2006 by Stu Hutson

Skillicorn and his team analysed the usage patterns
of 88 deception-linked words within the text of recent
campaign speeches from the political leaders.
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Sample of Books on Mining Scientific Data
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Data Mining for Biomedical

Informatics

» Recent technological advances are helping to
generate large amounts of clinical and genomic
data

- Biological data sets
- Gene & protein sequences; Microarray data;
Single Nucleotides Polymorphisms (SNPs);
Biological networks; Proteomic data; Metabolomics data

- Electronic Medical Records (EMRSs)

- IBM-Mayo partnership has created a DB of over 6 million
patients

» Data mining offers potential solution for analysis
of this large-scale biomedical data
* Novel associations between genotypes and phenotypes
« Biomarker discovery for complex diseases
* Prediction of the functions of anonymous genes

« Personalized Medicine — Automated analysis of
patients history for customized treatment

© Vipin Kumar SDM — April 2010
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Cost of sequencing has reduced dramatically
Source: www.synthesis.cc
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Challenges in Analyzing Biomedical Data

High dimensionality in the number of attributes (genes, SNPs) and
relatively low sample size

— Difficult to find statistically significant results
* e.g., associations between gene(s) and disease phenotype

* Heterogeneous data

— Structured and unstructured data elements, different types of data attributes
* e.g, gene expression data, networks and pathways, lab tests and pathology reports

« Data is noisy, error-prone and has missing values
— Difficult to discover true structure due to poor data quality

» Different biological data types provide complimentary but limited
information
— Need to develop approaches that integrates multiple data sets
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Case studies

1.  Discovering novel associations among SNPs and disease
phenotypes

« Addressing issue of high dimensionality

2. Subspace differential co-expression analysis for discovering
disease subtypes
« Addressing the issue of high dimensionality and genetic heterogeneity

3.  Error-tolerant pattern mining based biomarker discovery for
breast cancer metastasis
« Addressing issue of data noise

1. Modeling functional inter-relationship among gene
annotations for improving protein function prediction

« Addressing complex functional annotation structure of biological
entities
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Case Study 1:

Discovering SNP Biomarkers

« Given a SNP data set of Myeloma patients, find a combination of
SNPs that best predicts survival.

« 3404 SNPs selected from various
regions of the chromosome

« 70 cases (Patients survived shorter
than 1 year)

« 73 Controls (Patients survived longer
than 3 years)

i || cases
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Complexity of the Problem:
sLarge number of SNPs (over a million in GWA studies) and small sample size
Complex interaction among genes may be responsible for the phenotype

*Genetic heterogeneity among individuals sharing the same phenotype (due to
environmental exposure, food habits, etc) adds more variability

Complex phenotype definition (eg. survival)
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Case Study 1:

Issues with Traditional Methods

it Top ranked SNP: .

Each SNP is tested and il -log,oP-value = 3.8; Odds Ratio = 3.7
ranked individually ‘*-

Individual SNP
associations with true
phenotype are not
distinguishable from
random permutation of
phenotype

—Iog10 P-Value

\ | \ | \ \ |
0 20 40 60 80 100 120 140 160 180 200
Top-200 SNP genotypes based on P-Value

Van Ness et al 2009

A comprehensive review of genetic association studies.
by: Joel M. Hirschhorn, Kirk Lohmueller, Edward Byrne, Kurt Hirschhorn

Genetics in medicine, Vol. 4, No. 2. (r 2002), pp. 45-61.
However, most reported associations are not robust: of the 166 putative associations which

have been studied three or more times, only 6 have been consistently replicated.
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Case Study 2:
Discovering Multi-Gene Biomarkers

~ Differential Expression (DE) control disease

— Traditional analysis targets
changes of expression level

[Silva et al., 1995], [Li, 2002], [Kostka & Spang, 2005],
[Rosemary et al., 2008], [Cho et al. 2009] etc.
~ Differential Coexpression (DC)

— Changes of the coherence of
gene expression

[Eisen et al. 1999] [Golub et al., 1999], [Pan 2002],
[Cui and Churchill, 2003] etc.
- Combinatorial Search

- Genetic Heterogeneity
— calls for subspace analysis Enoeificie

disqualified
S(AB)< o

|-
supersets  ~~-.__ @eE)
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Case Study 2:
Discovering Multi-Gene Biomarkers

An Example Subspace Differential Coexpression Pattern

from lung cancer dataset

Three lung cancer datasets [Bhattacharjee et al.
2001], [Stearman et al. 2005], [Su et al. 2007]

Case-control Samples

Enriched with the TNF/NFB signaling pathway
which is well-known to be related to lung cancer
P-value: 1.4*10-° (6/10 overlap with the pathway)

[Fang et al PSB 2010]
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Case Study 3:
Biomarker discovery using error-tolerant patterns

o o _ _ 0 0[{1]0]0
= Association pattern mining is a potential 0 ololo[o
approach to discover multiple markers, X 0 - (1) ? 8 8
however, SToT 110
« Too many spurious patterns at low support level olololo
« True patterns cannot be found at desired level of 110[0|0 \/
support as they are fragmented due to random noise 0/1/0]0
= Possible solution: Error-tolerant patterns P LN
« These patterns differ in the way errors/noise in the ’ﬁ“ ‘\*\\‘_\\
data are tolerated [ fwensem/ o e
[Yang et al 2001]; [Pei et al 2001]; [Seppanen et al 2004]; [Liu et al 2006]; i | ‘:{-{KE-_cLoseH?} 5o ﬂ
[Cheng et al 2006]; [Gupta et al., KDD 2008]; [Poernomo et al 2009] \f*/mpp ) /’
; h x Y //‘ /
— T/
/"'//

(See Gupta et al KDD 2008 for a survey)
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Case Study 3:

Error-tolerant vs. traditional Association patterns

GSE7390 GSE6532 GSE3494

GSE1456

Four Breast cancer gene-expression data sets are used for experiments:

158 cases

433 controls

Cases: patients with metastasis within 5 years of follow-up;
Controls: patients with no metastasis within 8 years of follow-up

Discriminative Error-tolerant and traditional association patterns case/control are

discovered and evaluated by enrichment analysis using MSigDB gene sets (Gupta

et al 2010)

Greater fraction of error-
tolerant patterns enrich at
least one gene set (higher
precision)

Greater fraction of gene
sets are enriched by at least
one error-tolerant pattern
(higher recall)

|

Fraction of Patterns Enriched

|

© Vipin Kumar
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Case Study 4:

Protein Function Prediction
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Protein function prediction one of the most important problems in

computational biology.

— Classification is one of the standard approaches for this problem
+Pandey et al. (2006), “Computational Approaches for Protein Function Prediction: A Survey”, TR 06-028,

Dept. of Comp. Sc. & Engg. UMN

+To be published as a book in the Wiley Bioinformatics series.
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Case Study 4:

Protein Function Prediction
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-~ Inherently a multi-label classification problem
— Each protein can perform multiple functions.
— Most labels are infrequent (rare classes)

- Labels (functions) are inter-related in terms of parent-child as well
as distant (e.g., sibling) relationships.

— Inter-relationships captured by Gene Ontology (Ashburner et al., 2000)
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Case Study 4:
Recent Approaches and Future Directions

- k-NN-based approach for incorporating inter-relationships
+Pandey et al., BMC Bioinformatics, 2009, Tao et al., Bioinformatics, 2007

- SVM+BN approach for enforcing parent-child relationships

eBarutcuoglu et al., Bioinformatics, 2006

0.8
0.75/

07}
065 ©

0.6 °

0.5

AUCs of label similarity—incorporated k-NN classifiers

AUC comparison
shows that
classification
i performance is
R | improved,

A particularly for
o | small (rare)

R P | classes.

D“10‘:.'45 Oj5 0.I55

0.6 0.65 0.7 0.75 0.8 0.85 0.9

AUCs of independent k-NN classifiers

- Poss

ible future directions:

Number of validated predictions

Incorporation of label correlations into SVM
Design of new measures for capturing label correlation
Large-scale incorporation, e.g., all inter-relationships between all classes in GO

600

5001

lLabel similarity kNN
lBase kNN

nﬂ"u

Number of predmllons tesled for each class

500

Sample results from Pandey et al. (2009) on an yeast gene expression data set.

Classifiers trained
on data until Feb,
2008 and tested
on annotations
added to GO
between Feb-Sep,
2008 shows that
incorporation
enables higher
recovery of true
annotations.
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Discovery of Climate Patterns from Global Data Sets

Science Goal: Understand global scale patterns in biosphere
processes

Earth Science Questions:
—  When and where do ecosystem disturbances occur?

— What is the scale and location of human-induced land cover
change and its impact?

— How are ocean, atmosphere and land processes coupled?

. Data sets need to answer the questions above
are becoming available

. Remote Sensing data from satellites and weather radars
. Data from in-situ sensors and sensor networks

«  Output from climate and earth system models

. Geographic Information Systems F—LT E

Data guided processes can complement
hypothesis guided data analysis to develop
predictive insights for use by climate
scientists, policy makers and community at
large.
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Data Mining Challenges

~ Spatio-temporal nature of data

— Traditional data mining techniques do not take
advantage of spatial and temporal autocorrelation.

Precipitation ’ Precipitation

SST SST

Latitude

A

rid cell i
g Longitude Time

~ Scalability >

— Size of Earth Science data sets can be very large,
especially for data such as high-resolution
vegetation.

— For example, for each time instance,
¢2.5° x2.5° 10K locations for the globe
+250m x 250m: ~10 billion
+50m x 50m : ~250 billion

At the surface,

winds tend to flow
counterclockwise
inward toward a

center of
low pressure.
%

High-dimensionality
— Long time series are common in Earth Science isobars
Noise and missing values, Nonlinear processes
- Multi-Scale nature, Long range dependency
~ Non-Stationarity
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Case Studies

1. Monitoring of global ecosystem

2. Discovering teleconnections among climate
variables

3. Predicting the impacts of climate change
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Case Study 1:
Monitoring of global ecosystem

-
N

~ Planetary Information System for
assessment of ecosystem
disturbances

*  Forestfires

*  Droughts

*  Floods

*  Logging/deforestation

«  Conversion to agriculture

This system will help

-Google

« quantify the carbon impact of these T] ME The 50 Best Inventions of 2009
changes
° Understand the relationShip to glObaI The 50 Best Inventions of 2009 > The Best Inventions  What happens to Earth when a forest is
climate variability and human activity The Planetary Skin razed or energy use soars? We don't know
because environmental data are collected

~ Provide ubiquitous web-based
access to changes occurring
across the globe, creating public
awareness

by isolated sources, making it impossible
to see the whole picture. With the theory
that you can't manage what you can't
measure, NASA and Cisco have teamed up
to develop Planetary Skin, a global
"nervous system" that will integrate land-,
sea-, air- and space-based sensors, helping
the public and private sectors make
decisions to prevent and adapt to climate
change. The pilot project — a prototype is
due by 2010 — will track how much
carbon is held by rain forests and where.

© Vipin Kumar SDM — April 2010
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Novel Algorithms for Monitoring Global Eco-system

- State of the art algorithm for land cover change detection do not scale
- Existing Time series change detection algorithms are not suitable for eco-system data

- New algorithms build a non-parametric model of different segments of the time series
and use them to capture the degree of change

MODIS captures high quality
vegetation index data from Feb
2000 to present at various spatial
resolutions.

Challenges:
Noise, missing values, outliers, high degree of variability (across regions,
vegetation types, and time)

S. Boriah, V. Kumar, M. Steinbach, et al., Land cover change detection: a case study, KDD 2008.

© Vipin Kumar SDM — April 2010
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California Fires: 2007 Santa Barbara Fire

- Fire detected is the well
documented Zaca Fire. It began
burning about 15 miles northeast
of Buellton, California. The fire
started on July 4, 2007 and by
August 31, it had burned over
240,207 acres (972.083 km?),
making it California's second
largest fire and Santa Barbara“s
county largest fire.

- The fire was human induced and
started as a result of sparks from
a grinding machine on private
property which was being used to
repair a water pipe. The fire cost
$118.3 million to fight and
involved 21 fire crews.

I’\. \ //\v /\ j r’"Nh \ /‘"A\/\,. v/\w\_,\\
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Arizona

..(Google

Two huge forest fires have become one giant
inferno sweeping across the American state of
Arizona.

http://news.bbc.co.uk/cbbcnews/hi/world/newsid 2
061000/2061402.stm

June 2002

FPAR (x 100)

i i i 3
112001 112002 172003 1/2004 1720
Time (02/2000 to 01/2005)
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Large Outbreak of Fires near Yakutsk, Russia

During the summer months in the Northern
Hemisphere, many fires are ignited in the boreal
forests of Canada and Russia by lightning striking
the surface

Image courtesy Jacques Descloitres, MODIS Land Rapid Response Team

415UTC
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Canada: Fires in Yukon Province

_ Image(IBCAO
©j2009Tele Atlas

©,2009 EuropaiTechnologies §
Image|©72009 Te
: et

B4

© Vipin Kumar SDM — April 2010 33




Amazon Rainforest
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Brazil Accounts for
almost 50% of all humid
tropical forest clearing,
nearly 4 times that of the
next highest country,
which accounts for
12.8% of the total.

Location: -12.51,-54.09
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Amazon Animation
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Indonesia

Date :01-0ct-2006 EYI Loss: 25.500000
Location: -2.64,112.73
100

ot L L 4 L L I I I
Mar-2000 Jan-2001  Jan-2002 Jan-2003 Jan-2004 Jan-2005 Jan-2006 Jan-2007  Jan-2008  Jan-2009

r'“|C‘-...-"\_.-"SV.A:?.Or'ﬂ Forest Fires Sweep Indonesia Borneo and Sumatra.
. Officials in Indonesia say illegal burning to clear land has caused rampant
wildfires across Borneo and Sumatra ... eight million hectares have gone up in
11 September 2006 smoke over the last month, and fires are still burning out of control on the island
of Borneo.
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Victoria (Australia)

Location: -37.98,147 .4

Mar-2000 Jan-2001 Jan-2002 Jan-2003 Jan-2004 Jan-2005 Jan-2006 Jan-2007 Jan-2008  Jan-2009

GOoogle

Drought in southern Australia declared ‘worst on
record’

October 10, 2008

David Jones, the head of climate analysis at the

Bureau of Meteorology, said the drought affecting

south-west Western Australia, south-east South

Australia, Victoria and northern Tasmania “is now

very severe and without historical precedent”.

Source: climaterogr_e_s_s_.g_[g
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Flooding along Ob River, Russia

June 20, 2007
B

'mGoogle

The river flows north and is blocked by ice (top right), which causes flooding. Under normal

circumstances the river flows into the Gulf of Ob.
Source: NASA Earth Observatory
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Web 2.0 interface for planetary information system

(click and drag to mowe)

Detection of Land Cover Change and Ecosystem Disturbances Using Data Mining Lat: 64.05 Lng: 6547
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Case Study 2:

Discovering teleconnections:
Relationship among ocean/atmosphere and the land

L

Climate indices capture
teleconnections (in both
space and time)

= The simultaneous variation in
climate and related processes
over widely separated points on
the Earth

El Nino Events

/\\

Nino 1+2 Index

Sea surface temperature anomalies in the
region bounded by 80° W-90° W and 0° -
10° S

Correlation Between ANOM 1+2 and Land Temp (>0.2)
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Effects: Drought in Australia, warmer winter in North

America, flooding in coastal Peru, increased rainfall
in East Africa
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Relationship between El Nino and Fires in Indonesia
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A Pressure Based El Nino Index: SOI

- The Southern Oscillation .
Index (SOI) is also
associated with EIl Nino.

- Defined as the normalized
pressure differences
between Tahiti and
Darwin Australia.

-90
-180 -150 -120 -90 60  -30 0 30 60 90 120 150 180
longitude

Southern Oscillation Index (SOI)

U R R I S R |
Bl sol

- Both temperature and = B e
pressure based indices | (s
capture the same El Nifio
climate phenomenon.

sal
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NAO (North Atlantic Oscillation)

NAO computed as the normalized difference between SLP
at a pair of land stations in the Arctic and the subtropical
Atlantic regions of the North Atlantic Ocean

Correlation Between NAO and Land Temperature (>0.3)
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List of Well Known Climate Indices

Index Description

SOl Southern Oscillation Index: Measures the SLP anomalies between Darwin and Tahiti

NAO North Atlantic Oscillation: Normalized SLP differences between Ponta Delgada, Azores
and Stykkisholmur, Iceland

AO Arctic Oscillation: Defined as the first principal component of SLP poleward of 20" N

PDO Pacific Decadel Oscillation: Derived as the leading principal component of monthly SST
anomalies in the North Pacific Ocean, poleward of 20" N

QBO Quasi-Biennial Oscillation Index: Measures the regular variation of zonal (i.e. east-west)
strato-spheric winds above the equator

CTI Cold Tongue Index: Captures SST variations in the cold tongue region of the equatorial
Pacific Ocean (6" N-6"S, 180 -90" W)

WP Western Pacific: Represents a low-frequency temporal function of the ,zonal dipole' SLP
spatial pattern involving the Kamchatka Peninsula, southeastern Asia and far western
tropical and subtropical North Pacific

NINO1+2 | Sea surface temperature anomalies in the region bounded by 80" W-90 W and 0'-10"S

NINO3 | Sea surface temperature anomalies in the region bounded by 90" W-150"W and 5 S-5 N

NINO3.4 | Sea surface temperature anomalies in the region bounded by 120" W-170"W and 5 S-5 N

NINO4 | Sea surface temperature anomalies in the region bounded by 150 W-160"W and 5 S-5" N

Discovered primarily by human observation
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Discovery of Climate Indices Using Clustering

- Clustering provides an alternative approach for finding candidate indices.

- Clusters are found using the Shared Nearest Neighbor (SNN) method that
eliminates “noise” points and tends to find homogeneous regions of “uniform
density”.

- Clusters are filtered to eliminate those with low impact on land points

SST Clusters With Relatively High Correlation to Land Temperature
90
|

A il
i A

: ; . N H pd
Cluster | Nino Index |Correlation \\ ’?:/321" gAY
94 |NINO 1+2 0.9225| | ﬁ\\})}’h. "'L o
67 |NINO 3 09462 § | e e oy
78 |NINO 3.4 0.9196| = " =" ¥ ) | K
75 |NINO 4 0.9165] < _

-60

-9l
-J(.)SO -150 -120 -90 -60 -30 0 30 60 90 120 150 180
longitude

M. Steinbach, P. Tan, V. Kumar, C. Potter and S. Klooster. Discovery of Climate Indices Using
Clustering, Proceedings of KDD 2003.
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Automated Discovery of Climate Indices:

Opportunities and Challenges

Opportunities:

Discover new relationships that are
difficult to find manually

Example:

— DMl is a temperature based index
which is an indicator of weak
mansoon over Indian
subcontinent and heavy rainfall
over east Africa.

—  Clustering finds a pressure
based surrogate

Challenges:

Nonlinear, dynamic relationships

Long term spatial and temporal
dependence

Spatio temporal auto-correlation
Multi-scale multi-resolution

Distinguishing spurious relationships
from real

Correlation Between ANOM 1+2 and Land Temp (>0.2)
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Phenomenon underlies NAO is
dynamic

Seasonality of the NAO, AGU
Chapman Conference, 2000.
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Case Study 3:
Planning for Climate Change and Extreme Events

~ One of the predicted impacts of Highertrends but larger uncertainty and geographic

climate chanae is an increase variability in _let century temperature and heat waves,
in climate extgremes' Ganguly, Steinhaeuser, et. al, PNAS 2009

—  Droughts, fires, cyclones, severe
storms, heat waves
- Many of these impacts cannot
be predicted using physics
based models

Reanalysis 2000-2007
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- A possible pproach:

—  Extract climate indices and
features for extreme events from
past observations.

Heat wave intensity from reanalysis data for 2000—2007

Most Likely 2045-2054
(Degrees Celsius)
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— Develop predictive capabilities for
extreme events using these
features

—  Generate climate forecasts using
climate indices and Global
Circulation Models (GCMs)

| 18-24
-0
. - »
.

2050 heat wave projections from the A1FI climate scenario
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Predicting Tropical Storm Counts from Climate Model Projections for SST

Approach

- Build a regression model that relates
August SST values off the western
coast with the August tropical storm
counts.

- Use predicted SST from climate
scenarios produced by Global Climate
Models (GCMs) to compute projected
cyclones.

Challenges
* multi-scale nature,
* nonlinearity,

* long range spatial and temporal
relationships

August

10.2

1-0.2

Correlation between Sea
Surface Temperature and
the number of tropical
cyclones off the western
coast of Africa from 1982
to 2007.

10 year moving average of
predictions based on linear
regression, and SST from
four IPCC climate scenarios.

(Joint work with Ganguly and
Semazzi).
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Summary

. Data driven discovery methods hold great promise for advancement
in a variety of scientific disciplines

. Challenges arise due to the complex nature of scientific data sets
« Climate:

. Significant amounts of missing values, especially in the tropics
« Multi-scale/Multi-resolution nature, Variability

« Spatio-temporal autocorrelation

. Long-range spatial dependence

. Long memory temporal processes (teleconnections)

« Nonlinear processes, Non-Stationarity

« Fusing multiple sources of data

. Bioinformatics:

. High dimensionality

. Heterogeneous nature

. Noise, missing values

. Integration of heterogeneous data
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