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Too Much Data

Kelley Rivoire

Imost everyone has seen the unending columns of numbers associated with the movie The Matrix. Today,

that ceaseless stream of data is reality for researchers in nearly all disciplines. Every day, telemarketers

and pollsters survey millions of people. Surely the results aren’t analyzed one by one. What about a series
of measurements from a device, one every second? How does the owner spot a malfunction? Researchers can’t escape
the volumes of data accumulating; instead, they must learn to handle and analyze them.

As technology, particularly instrumentation, improves, more and more data can be collected faster and faster,
but the management of this data cannot always keep pace. New methods are needed for storage, searching, sort-
ing, and analyzing. As Caltech Professor of Astronomy George
Djorgovski writes, “Raw data, no matter how expensively obtained,

are of limited utility without the effective ability to process them

quickly and thoroughly, and to refine the essence of scientific

knowledge from them.” The goal is to find “interesting scientific

P

results” using “statistically sound and objective” techniques that are

“automated as much as possible.™

Usama Fayyad, author of Advances in Knowledge Discovery and
Data Mining, defines the new field of data mining as “the nontriv-
ial process of identifying valid, novel, potentially useful, and ulti-
mately understandable patterns in data.” This problem of finding
patterns in large amounts of data unites many scientific disciplines
and requires all to face similar dilemmas.

In biology, the recent sequencing of genomes will allow researchers to map genes with their function—if they
can cope with thousands of simultaneous measurements. Physicists might soon discover a new, important parti-
cle—if they can recognize small anomalies in petabytes of data. Web searchers can access information from peo-
ple all over the world—if search engines can accurately index and rank Web pages. Examining and understand-
ing data problems in this broad range of fields and the solutions proposed by scientists in each is important;
because problems encountered by each technical area are similar, solutions used by one discipline can help

researchers in a completely different field.

Web Crawling

Though relatively new, the Internet is inundated with links and is thought by many to be “too unstructured.™
To navigate the Web, a user must sift through vast amounts of data, much of which is irrelevant. In opposition to
this hypothesis of an unstructured Web is the idea that, though complicated, the Web is a graph that can be tra-
versed. The successful development of search engines indicates at least a modicum of structure present in the Web.
In 1994, the most popular search engine recorded 1,500 queries per day. In 1997, Altavista reported about 20 mil-
lion queries a day.* Crawling the Web and ranking pages have been the basis of a number of recent computational
and mathematical studies, the most prominent of which led to the 1998 creation of the Google search engine by

graduate students Larry Page and Sergey Brin at Stanford University.®
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Google

Prior to Google, many popular search engines such as
Yahoo! were run using indices created and maintained
by humans. Automated search engines, on the other
hand, often led to results listing irrelevant matches.
Google sought to use an automated search engine while
still maintaining high-quality results. Google’s goal was
to place the most relevant links at the top of the results
list, so that users could sift through fewer irrelevant

Google

How does Google rank pages so accurately? The idea
is that more relevant pages will have references from
many other Web sites, whereas less relevant pages will
not be mentioned. How does Google tell the importance
of the referring page? It ranks these Web sites also. These
ideas are the basis of the PageRank system created by
Google to rate each Web page. PageRank counts the
number of links pointing to a Web page, normalizing by
the total number of links from a given page. The nor-
malization prevents any single Web page’s references
from contributing too much to a ranking. PageRank is
also special because the text that references a link is
indexed with the page referred to rather than the refer-
ring page. This provides a better description of pages and
allows indexing of pages containing images or other
data types without text that cannot be otherwise
indexed. PageRank also attaches increased weighting to
larger, bold words, taking the visual factors of a Web
page into account. When a user enters a query, Google
counts the weighted hits to create a PageRank. For
queries with multiple words, hits occurring near each
other receive a greater weighting.

By using these techniques of crawling, indexing, and
sorting the Web, Google achieves good precision in a
small amount of time in its searches. As time progresses,
it will continue to update its methodology to save time
and storage space.*

Teoma

Though Google is the dominant search engine on the
Web today, computer scientists are developing other
search engines to improve Google’s techniques. Teoma,
meaning “expert” in Gaelic, was founded by Rutgers
University Computer Science Professor Apostolos
Gerasoulis in April 2000. One year later, Teoma.com was
launched on the Internet, and in September 2001, Ask
Jeeves, Inc., began to use the Teoma search engine, mak-
ing it the third-most used today. Early this year, Teoma
released an improved version of its engine, Teoma 2.0,
with a set of advanced tools. Teoma hopes to compete
with Google and provide an alternative search engine for
Web browsers.®

How does Teoma work, and how is it different from
Google? Teoma lauds its “community-based” approach

Features

to searching that uses only Web pages in the area of the
query. Teoma defines communities as “groups of Web
pages that are closely related to the same subject.”” In
Google, a ranking is developed by counting links from
other sites. In Teoma, on the other hand, only sites con-
cerned with the subject of the search string are used in
counting links. The idea, as journalist Kieren McCarthy
writes, is that “Google asks about a certain expert in the
field and then goes and takes a poll from people in the
street over which one they think is best. Teoma would

ask all the experts in the field which one of themselves
they think is best.” By restricting the number of pages
used to create the ranking to only pages dealing with the
topic of the query, Teoma can often find obscure but rel-
evant sites that Google might have missed.® Teoma calls
this idea of counting references only from relevant sites
“Subject-Specific Popularitys".”

Teoma also emphasizes a real-time, dynamic search
method in contrast to Google’s more static system. After
the user submits a query, Teoma dynamically looks for
communities, more specifically searching for “authori-
ties” in the community. By searching real-time, Teoma
can find a community even for new pages.’

Features to modify and improve searches also appear
in Teoma. After a user enters a query, Teoma not only
displays the results but also provides two options to the
right of the screen, labeled “refine” and “resources.”
Refine allows a user to select a specific community of
sites developed real-time by Teoma in which to continue
the search. This allows a user to further focus his search.
The resources option lists sites within a community that
contain links to other sites related to the query. This
gives the user access to references by authoritative sites
on the subject.
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So, should users stop using Google and start using
Teoma? Maybe not yet. Google contains a much larger
index than Teoma, even though Teoma’s index has
expanded by more than 500 percent to now include more
than 500 million links.” Teoma also lacks a cache and
advanced searches such as the Boolean search.? By
understanding the differences between Teoma’s searching
techniques and Google’s, however, users can decide
which will better answer their query.

Biology

DNA Microarrays

A key recent development in biology is the sequenc-
ing of genomes of different species. A genome consists of
all the DNA in an organism, including genes that contain
information for making proteins that determine the
appearance and functionality of an organism. Even a
simple organism such as a bacterium has 1.8 million
bases with one gene per thousand bases. The human
genome consists of roughly 3 billion DNA base pairs with
about 30,000 genes: one gene for every hundred thou-
sand bases. This April, the International Human Genome
Sequence Consortium announced the completion of the
Human Genome Project, which sequenced each of the
DNA base letters in humans with an estimated accuracy
of less than one error out of every 10,000 genes
sequenced. Now that biologists know the gene sequence
of humans and other organisms, they can try to deter-
mine gene expressions and coexpressions, that is, traits
to which the genes map. The implications of their results
will be enormous: Understanding the genes linked with
disease could lead to improved understanding and treat-
ment of ailments such as heart disease, diabetes, cancer,
and deafness.® Already, more than 1,400 genes have
been linked to specific diseases.”

How do biologists search for genes linked with spe-
cific expressions out of the millions of base pairs in the
genome, especially since many sections of the genome
appear to have no function?*? One of the most popular
methods to map genes to their expressions is cDNA
microarray analysis, which allows simultaneous meas-
urements of several thousands of genes.*

To perform a microarray analysis, a biologist first

- extracts mRNA from a sample. Because mRNA in
organisms is later transcribed into proteins, by meas-
uring mRNA, the biologist can indirectly determine
protein level. The mRNA is then changed into
cDNA, a synthesized, single-strand form of DNA.“

‘_1:'11 This cDNA is labeled with fluorescent dyes that
T bind to a slide with DNA sequences from known
" genes. The activity level of each gene can be
L "':r 7. determined by looking at the fluorescence
r intensity and locations of fluorescence. By
— simultaneously examining mRNA levels in
- thousands of genes, scientists can find
. N relationships between subsets of the

genes, such as in feedback loops.*
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The staggering number of concurrent measurements,
however, causes problems.** As Sylvia Spengler, an
expert in biotechnology databases with the Center for
Bioinformatics and Computational Genomics at
Lawrence National Laboratories writes, “Clearly, it is
shortsighted to gather large amounts of data that cannot
be analyzed in a timely manner.”*” For experiments to be
useful, they must be designed for analyses, and specific
analytical methods should be determined before meas-
urements are made.

Experimental Design

Many random variables enter into the measuring
process. Noise, for instance, can occur at any stage in the
process. Within a single slide, temperature and illumina-
tion changes, or even dust, can affect measurements.
From slide to slide, other variables such as the use of dif-
ferent dyes can vary fluorescence readings. This alone
can significantly affect data.’* * A recent simulation
model of cDNA microarrays required more than 20
parameters, each with a probability distribution, to repre-
sent factors such as spot geometry and background
noise.®

Even without noise, statistical difficulties are inherent
in the design of a microarray experiment. A good statis-
tical experiment tests several variables with many repeti-
tions. Due to the high cost of gene chips, generally about
$1,000 each, and the scarcity of rare gene samples,
repeated measurements typically do not occur. This
means that although many conclusions seem significant,
they actually occur only by random variation.
Commonly, scientists assign the chance to be 5 percent
that a variable will appear to be significant when it truly
is not (i.e., a “false positive”). This factor practically van-
ishes in most datasets. When testing 10,000 genes at
once, however, 5 percent suddenly becomes 500 “signif-
icant” results generated by chance alone. Typically, stat-
isticians perform tests to reduce this kind of false posi-
tive; however, many of these “multiple comparison” tests
are not designed for the extremely large number of
comparisons that microarray analysis presents and are
therefore not necessarily applicable.®* New methods for
reducing the number of false positive results are being
developed, such as that by Westfall and Young specifi-
cally formulated for microarray analysis but applicable to
other fields of research as well.*®

Data Analysis
Regardless of these false positives, how do scientists
even begin to find significant results? Statisticians and
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data analysts are being challenged by this problem. Data
is first standardized by a process called normalization to
try to reduce noise in the measurements. Then data ana-
lysts use pattern recognition methods to look for signif-
icant relationships in the data.

One method to find correlations is to use a permuta-
tion test. A permutation is a rearrangement of elements
in a group, in this case, a random arrangement of the
measured microarray data. The permutation test is used
to compare the level of significance in the original data
to the levels of significance in sets of randomly permuted
data: data mixed up in a random order. This random data
can then serve as a comparison to the original, nonper-
muted data. If the permuted, random data shows a simi-
lar level of statistical significance to the original data,
then the trends in the original data are reproducible by
chance alone and are therefore insignificant. If the orig-
inal data shows a much stronger statistical significance
than the random data, then the statistician can conclude
that a true significant pattern exists. To visualize these
potential significance patterns in both the original and
the permuted data, topological terrain maps can be
employed using recently developed software.”® By using
the permutation test, a statistician has a higher level of
certainty that his results are truly “significant” than if he
looked only at the original data.

Cluster analysis, another technique to study patterns
in data, has also been used in analyzing microarray data.
Cluster analysis compares data by creating a vector for
each gene and each experiment, creating a data matrix.
Genes are then “clustered” into groups, and the distances
between their expression vectors are measured.” Many
variations of clustering exist. In hierarchical clustering,
clusters are connected in a treelike progression. In k-
means clustering, a specific number of clusters is speci-
fied, and data is classified into clusters to minimize dis-
tances within a cluster as compared to the distances
between clusters. So-called “supervised” methods such as
support vector machines (SVM) use labeled data to train
a machine to distinguish observational data as members
or nonmembers of a group. Used in correlation with
these methods are data reduction techniques, such as
principal component analysis (PCA), which reduce the
dimensionality of data and are useful to determine the
number of groups necessary for a cluster analysis such
as k-means.®
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Future of Microarray Analysis

Microarray analysis clearly presents a number of dif-
ficulties in both experimental design and analysis stages.
Analysis of the data is tricky because, as John
Quackenbush with the Institute for Genomic Research
writes, “The methods that are used to analyze the data
can have a profound influence on the interpretation of
the results.”® New guidelines stressing minimum infor-
mation about a microarray experiment (MIAME) have
been created by the Microarray Gene Expression Data
Society. These guide researchers in the areas of repeated
measurements and design. Journals are also mandating
stricter statistical analyses of data, eliminating “sloppy
statistics” that lead to “faulty conclusions” and mandat-
ing data to be submitted with papers.*®* Members of the
field recognize the difficulties and are working to mini-
mize these problems so that microarray analysis can rev-
olutionize biology, leading to a better understanding of
genetic diseases.

Physics
Particle Physics

Particle physics, the study of basic atomic and sub-
atomic elements of matter, uses high-energy particle
accelerators to collide and detect particles at high speeds.
This results in large volumes of recorded data. The prob-
lems associated with sharing these vast datasets resulted
in the creation of the World Wide Web in 1990 by Tim
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Berners-Lee, a scientist at CERN, the European Labora-
tory for Particle Physics, to allow physicists all over the
world to share data. Even the World Wide Web, though,
is not sufficient to handle the amounts of data physicists
will soon collect.*

Researchers at CERN, located in Geneva, Switzerland,
are currently building the Large Hadron Collider (LHC).
The LHC will search for the Higgs particle, a currently
undetected particle thought to give other particles their
masses. In the LHC, collisions will occur at energies of up
to 14 TeV, the highest ever; collision numbers could be as
high as a billion; the annual volume of data collected will
be five petabytes (10 to the 15th power). Though scien-
tists predict 800 million collisions will occur every sec-
ond in the LHC, Higgs particles are likely to be seen in
only 100.2 This amounts to finding a needle in a
haystack bigger than any before. Data storage, data
accessibility, and data analysis are all problems. Several
international initiatives have since been created to han-
dle these problems. The Grid Physics Network addresses
the IT problems present using Petascale Virtual Data
Grids. The project works on creating systems of software
to allow users in locations across the world to analyze
data. The project aims to make a data toolkit to aid with
this complicated analysis.?* Another project dealing with
similar problems is GIOD.

GIOD

A collaborative project between Caltech, CERN, and
the Hewlett Packard Corporation, Globally Intercon-
nected Object Databases (GIOD) deals with information
technology and data issues of the LHC, creating an object
database with reconstruction, analysis, and visualization
tools. The database is complicated by a need to make it
accessible to an international group of physicists. The
systems created must be tested for scalability with simu-
lated high-energy physics data to ensure correct handling
of the many megabyte events.

Since the data in the GIOD project is so complex, an
object-oriented system is used to describe them. Object-
oriented programming languages such as C++ and Java
are focused around creating a system in which data can
be represented as “objects” according to their attributes
and behavior. Examples of objects can be particle tracks,
intersection points of tracks, and particle assignments.
Commercial object-oriented database management sys-
tems are used in GIOD to help sort and move through
data quickly. These objects can keep track of the compli-
cated relationships present in the data and help physicists
extract data of interest in searches.®
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Analysis

Analysis of particle physics results involves signifi-
cant data mining. One common method is the use of an
artificial neural network (ANN).* A neural network, also
called a neural net, is an algorithm that uses a computer
to recognize patterns in a set of training data. This cre-
ates a set of criteria by which to predict the classification
of other samples. ANNs and other statistical software
modified for use by physicists have been created and
made available.” The Stanford Linear Accelerator Center
(SLAC), for example, maintains a collection of software
for everything from data acquisition to data analysis of
high-energy physics experiments.?® By using ANNs and
these other highly complicated tools, physicists can
search for anomalies or patterns, giving them the possi-
bility of finding a Higgs particle among millions of
collisions.

Astronomy and Astrophysics

In order for astronomical experiments to be effective,
they must draw data from locations as far as light years
away with complicated instruments that make enormous
numbers of measurements. Astronomical experiments
such as the Laser Interferometer Gravitational-wave
Observatory to observe gravitational waves of pulsars
and supernovae as well as Sloan Digital Sky Galaxy to
create a database of features in the sky, also face prob-
lems in data collection and analysis.?

World-Wide Telescope

A project called the World-Wide Telescope or Virtual
Observatory will collect astronomical data and allow
access by Internet users. Vast quantities of astronomical
data are collected annually from locations such as the
Hubble Space Telescope, the Chandra X-Ray Observatory,
and the Digitized Palomar Observatory Sky Survey.
Because astronomical objects like galaxy clusters can
behave differently in different wavebands, observations
across the entire sky are necessary. Each year, with
instrumentation improvements, more data can be col-
lected. Even a single spectral band from the sky can hold
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as much as a few terabytes of information. Each scien-
tist cannot individually keep this data, so astronomers
need a digital repository to allow access to the data from
numerous locations. Astronomical data is further com-
plicated by the need to calibrate data to the instrument
on which it was measured, meaning that data must
undergo corrections before it is useful, and the individ-
ual groups who measured the data must perform these
calculations.

The World-Wide Telescope project will allow access
to data from the entire sky for all historical experiments,
so that international groups of scientists can analyze
data. It is also hoped that this project will help regulate
the way in which data is measured, as consistency in ter-
minology, units, representations, technology, and data
structures will be required of such a database.”
Data-Mining in the Sky

Even with a digital repository of data, searching for
specific objects such as quasars or galaxy clusters can be
difficult in these terabytes of pixels. Statistically sound
methods from machine learning and artificial intelli-
gence must be utilized for these vast searches. Clustering
techniques, similar to those in microarray analysis, are
used to group objects that belong together. To do this,
first the number of clusters must be estimated, usually
assuming what statisticians call a normal, Gaussian dis-
tribution: the bell curve. One way to determine the num-
ber of clusters is to use a Bayesian technique that uses
probabilities of previous events, called prior probabili-
ties, to more accurately predict outcomes. To look for
patterns and classify data, other methods using these
Bayesian prior probabilities techniques can be used.
Bayesian inference methods predict the most likely fit for
data. Further refinement can be made by adding a
penalty term to reflect the bias inherent in the model due
to the reliance on prior probabilities.®

Other Examples

Problems of large data sets and data mining occur in
many other situations. Detecting anomalies is one gen-
eral application. Companies can collect information to
try to detect fraud, such as in credit card scams.
Governments can collect information about millions of
individuals to search for patterns that might identify a
terrorist. Large databases can also be used to analyze
consumer spending patterns, satellite and meteorological
data, process control, and even the likelihood of risk for
insurance and actuarial purposes.? " 23323 3

Commonalities Across Disciplines

Across all of these disciplines, many of the same
problems with these large datasets appear. First, data
must be measured and investigated. Often this involves
using dimensionality-reduction techniques such as prin-
cipal component analysis, multidimensional scaling, and
new methods such as independent component analysis
used in functional magnetic resonance imaging. Data
can then be explored using vector clustering techniques.
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By assuming items in the same clusters share features,
researchers can create and test hypotheses. Models are
then derived using learning algorithms. Two kinds of
models are typically employed: generative models that
capture causal relationships and Bayesian networks that
use previous outcomes to predict future results. A model
of connected points, called a graph, can also be used, as
in the case of the World Wide Web. Next, predictions
made by the models can be tested. For this, large
amounts of labeled data must be used. Finally, the model
is revised, and data is again collected to test the corrected
model.®

These steps of collecting and analyzing large amounts
of data allow scientists to examine gene expression, par-
ticles such as the Higgs boson, astronomical data, and
the World Wide Web. Specific analytical techniques are
applicable to all these data mining situations, such as
dimensionality reduction methods, clustering techniques,
and classification algorithms. The techniques used in
microarray analysis to find significant trends among
thousands of concurrent measurements can be used by
other fields searching for significant patterns in their
datasets. The databases and software being created by
particle physics give others ideas about how to circulate
their data among an international group. The ideas of
modeling the World Wide Web as a graph can be used
for other problems involving complicated graphs with
nonobvious connections between elements. A solution in
one field is often broadly applicable to many other
problems.

Skills for Undergraduates to Handle
Large Datasets

With the vast amounts of data aggregated today,
what subjects should undergraduates study to prepare
themselves for this influx? Data-mining itself represents
the boundary of many fields, among them database
management, artificial intelligence, machine learning,
pattern recognition, and data visualization.
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These areas fall under the main subject lines of com-
puter science, engineering, and statistics. Though statis-
tics is generally concerned with analysis of data, statisti-
cians tend to want proof in more rigorous ways than
data-mining allows. As a result, statisticians have been
left out of the process, and other disciplines have taken
over.2 * % Truly, however, to best understand the data,
members of all these fields should contribute. The general
steps used to analyze large datasets of observation, data
reduction, data clustering, hypothesis generation, model-
ing, and testing of predictions involve all of these sub-
jects.® Statistics must be utilized for data reduction tech-
niques like principle component analysis and hypothesis

testing. Computer science disciplines such as artificial
intelligence and machine learning are used for data clus-
tering, hypothesis generation, and modeling. Engineering
and statistical considerations are frequently taken into
account in setting up an experiment prior to data collec-
tion. All these disciplines are important for complex
datasets, and students would be well advised to be famil-
iar with each. Furthermore, whether biologists or meteo-
rologists, research groups should employ diverse team
members such as statisticians and computer scientists to
properly handle the data and correctly interpret results.
In this way, a world growing increasingly complex every
day can be analyzed reliably and accurately. B&
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