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Data Mining Systems

• 1996 - scaled tree-based classifiers to very large data sets. A fun-
damental challenge in data mining is to mine data sets that are so large
that they do not fit into a computer’s memory. This is important for a
wide variety of applications ranging from homeland defense to identifying
fraudulent credit card transactions. One of the most accurate techniques
in data mining is tree-based classifiers and predictors. Our 1996 paper [16]
described a method for computing tree-based classifiers on data sets that
are too large to fit into a computer’s memory. The first idea is to partition
the data, build individual trees on each partition, and then combine the
trees using an ensemble, or collection, of classifiers. The second idea is
to use stratified sampling to oversample rare events and distribute them
over the various partitions. This was essentially a variant of a type of
sampling called bootstrapping. This technique was implemented in Mag-
nify’s 1996 version of the PATTERN data mining system and was called
Averaged Classification Trees/Averaged Regression Trees or ACT/ART.
PATTERN was the first data mining system to build very accurate clas-
sifiers on data sets that could not fit into a computer’s memory, allowing
classifiers in 1996 to be built on terabyte size data sets when memory
was measured in megabytes and disks in gigabytes. The 1996 paper by
Breiman [1] presented a complementary idea called bagging in which en-
sembles of trees are built over small data sets by repeated sampling with
replacement (another variant of bootstrapping). Building ensembles of
trees via partitioning and appropriate bootstrapping is still considered by
many to be the most effective algorithm for detecting rare events in large
data sets.

• 1997 - decreased the time and cost to deploy new data mining
models. Although companies in the 1990’s began quite a few data mining
projects, many were not as successful as anticipated. One of the reasons
for this lack of success is that although a lot of time and energy was spent
building statistical and data mining models, it was often very difficult
to deploy these models in operational systems and to update them. In
1995-1997, I worked with members of the Terabyte Challenge Testbed
to introduce what are now called scoring engines. The basic idea is to
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separate architecturally producers and consumers of statistical and data
mining models and to define an XML format so that a complete descrip-
tion of the model can be passed easily and safely between the producer
and consumer. With this approach, scoring engines can be integrated
once into operational systems and analytical models can be updated in-
stantly, simply by reading an XML file. Prior to this, most operational
deployments of analytics required re-coding the analytics when updates
were required. With scoring engines, the time to deploy new models was
reduced from months to weeks, or even days. Magnify introduced the first
scoring engine in 1997, and today scoring engines are provided by most
data mining vendors including SAS, SPSS, IBM, Oracle and Microsoft.
As more vendors introduced scoring engines, it became desirable to de-
velop a XML standard for statistical modeling, data mining and business
intelligence, and so in 1998, I co-founded the Data Mining Group (DMG)
for this purpose. Today, most vendors of data mining and statistical tools
belong to the DMG and work together to support one standard XML lan-
guage for analytics and business intelligence called the Predictive Model
Markup Language or PMML. PMML is described in [18] and [24]. There
have also been three ACM KDD Workshops on Data Mining Standards,
Services and Platforms (DM-SSP), in 2004, 2005, and 2006, each of which
had several papers on PMML. Prior to KDD 2001, 2002, and 2003, there
was also a co-located workshop on PMML.

• 1998 - introduced data webs to simplify the exploration and
integration of remote and distributed data. Today, there are
many good algorithms for building statistical and data mining models.
Scoring engines are good infrastructure for deploying statistical and data
mining models in operational systems. On the other hand, there is no
good infrastructure for discovering relevant data, exploring it efficiently,
and integrating it to produce the learning sets required for data mining.
In 1998, I worked with a team of software engineers and built a prototype
of a data web — just as the world wide web today allows remote and
distributed documents to be accessed with a point and a click, data webs
are designed to do the same thing for data. The basic idea is to introduce
a protocol that directly supports data, metadata, and universal keys, and
standard operations involving them, such as range queries on distributed
columns, or integrating two distributed columns of data using a common
key. The NSF-funded DataSpace Project (1998-2003) developed several
open source tools for creating data webs that can be used to lower the cost
and improve the speed of data integration when working with distributed
scientific, engineering, or business data. Data webs were introduced in [23].
During this period, we developed several data web applications, including
applications in astronomy [22], earth science [27], and proteomics [28]. A
framework for data integration is described in [26].
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High Performance Computing and Networking

• 1991 - developed distributed computing infrastructures for data
sharing, analysis and collaboration. From 1991-1995, I was the co-
director of the DOE sponsored PASS Project that developed technology
for the SuperConducting SuperCollider. The goal of the PASS project
was to develop new technologies so that scientists working around the
world could easily collaboratively analyze large and rapidly growing sci-
entific data sets. On the positive side, several important milestones were
achieved, including showing how terabyte size data sets could be mined
and how virtual organizations could work together using distributed com-
puting and data resources [6], [10]. On the negative side, the cancellation
of SuperConducting SuperCollider in 1993 ultimately meant that much of
the technology developed by the PASS project was orphaned. Over two
dozen publications describing this work appeared. The project helped
popularize an architecture in which it was natural to view scientific data
as distributed collections of objects, accessed via queries and services [6],
[8], [15], rather than as distributed files, which was the dominant view
at that time. From this viewpoint, technical challenges included: how
to scale the indexing, accessing, querying and processing of very large
amounts of complex distributed data. Addressing these problems led to
a number of publications describing how to scale persistent object stores
to very large data sets and how to parallelize the querying and analysis
of high energy physics event data, such as the publications [11], [12], [13]
[14].

• 1994 - developed grid computing technology for data analy-
sis and data mining. In 1994, I co-founded a project called the Na-
tional Scalable Cluster Project (NSCP) which was funded by the National
Science Foundation and linked high performance computing clusters in
Chicago, Philadelphia and College Park, Maryland using high performance
wide area networks [25]. This allowed us to create one of the earliest grid
based computers, which we called the NSCP Meta-Cluster, since it was
a cluster of clusters. During the period 1994-1998, we developed a grid
based system for data analysis and data mining called Papyrus [19] [21],
and developed several data intensive grid applications involving high en-
ergy physics data, health care outcomes data, and medical imaging data.
The NSCP created several open source tools for grid computing: over
time, commercial applications were brought to the market by Magnify in
financial services and by i3Archive in medical imaging. Three of the fun-
damental technical challenges faced by the project were: i) how to develop
cluster-based versions of some of the common data mining algorithms; ii)
how to transport large data sets over high performance networks with
high bandwidth delay products; and iii) how to integrate more efficiently
distributed data. The first challenge led to the work described above on
building tree-based classifiers over workstation clusters. The second chal-
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lenge led to the work described next in network protocols. The third
challenge led to the work described above in data integration.

• 2000 - introduced network striping to improve high performance
data transport. In data mining, interesting data is almost always in an-
other location. Unfortunately, moving large data sets over long distances
is a challenge, even with today’s high performance networks. In [20], H.
Sivakumar, S. Bailey and I introduced network striping to improve high
performance data transport over wide area networks, roughly analogous
to how striping in RAID disks improves the performance of local disk sys-
tems. We also developed an open source tool employing network striping
called PSockets, and built a number of applications using PSockets. A
similar idea was introduced at the same time in [2] by A. Chervenak, I.
Foster, C. Kesselman and S. Tuecke. Today, network striping is used in
GridFTP, which is part of the Globus toolkit for grid computing, and is
quite common.

• 2003 - developed a new network protocol for networks with high
bandwidth delay products. Today, there is a fundamental need to
find new network protocols so that emerging wide area high performance
1 and 10 Gbps can work effectively with large remote and distributed data
sets. In 2002, Gu, Hong and I developed a new protocol called SABUL
[31], [29] which for some time held the application record for high per-
formance data transport — for example, it was used to move over 1.4
Terabytes of astronomical data across the Atlantic in November, 2002 in
less than thirty minutes. In 2004, we developed a successor to SABUL
called UDT [36], [33], [34], [38]. UDT is a type of algorithm that employs
additive increases when there is no negative event from the receiver, such
as a packet loss or increasing delay time for the packet, and multiplicative
decreases when there is such an event. These are called additive increases,
multiplicative decreases algorithms or AIMD. TCP is the most famous
example of this type of algorithm. With UDT, we introduced a new type
of additive increases called decreasing additive increases and showed that
congestion control algorithms, such as UDT, employing decreasing addi-
tive increases effectively used the available bandwidth for high bandwidth
delay product networks, and yet were fair to other high volume flows and
friendly to TCP flows. UDT set a number of milestones for high perfor-
mance data transport at SC 04, 05 and 06. We have used UDT to build a
variety of data intensive applications, including applications for transport-
ing and analyzing earth science data [32] and astronomy data. UDT has
been downloaded over 5000 times and is used by several collaborations.
In particular, it is used by the the Sloan Digital Sky Survey (SDSS) to
distribute its data sets to collaborators world wide. We have also inte-
grated UDT with user-controlled light paths and developed several data
intensive applications over this stack [35].
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Algorithms

• 1989 - discovered a natural multiplication on data structures of
trees. Trees are one of the most useful data structures in computer sci-
ence and are used as the underlying data structures for many algorithms.
In [4], Larson and I showed that there is a natural multiplication on trees.
More precisely, if H is the vector space whose basis consists of rooted trees,
then we showed that H has a natural product on it. We also showed that
the dual H∗ of H also has a natural product and that these are compatible
in such a way that H has the structure of what is called a Hopf algebra.
Using this multiplication, it is easy to derive a number of new algorithms:
Larson and I derived efficient algorithms for the symbolic computation of
derivations in [7]; Crouch, Larson and I derived a new type of numeri-
cal integration algorithm for Lie groups which generalizes Runge-Kutta
type algorithms [9]; Grayson and I derived explicit formulas for flows on
nilpotent Lie groups [5]. More recently, Larson and I showed how to use
a connection so that families of trees can be given a natural differential
algebra structure. In 1998, Connes and Kreimer showed that an algebra
of trees is important in quantum field theory [3]. This algebra, called the
Connes-Kreimer algebra, is the dual to the Hopf algebra we discovered.

• 2003 - discovered a simple way to assign unique IDs to chemical
compounds. In 2003, Kasturi, Hamelberg, Liu and I showed that there
is a natural graph algorithm that can assign essentially unique IDs to
chemical compounds. We call these unique chemical IDs or UCKs [30].
The basic idea was to define certain classes of natural operations on labeled
graphs. For example, one can assign a new (long) label to a node by
forming the set of all labeled paths of depth d or less originating from the
node, lexigraphically ordering the resulting set, and then concatenating
the results. Using a few such operations one can define keys for labeled
graphs, which we showed are unique for the types of graphs associated
with chemical compounds. In contrast, today, most databases of chemical
compounds assign ascension numbers to new chemical compounds when
they are added to the database (1, 2, 3, etc.). We showed that over
10% of the chemical compounds in one of the most popular databases of
chemical compounds were duplicates and were not detected because of the
defects in the current ascension numbers [30]. The lack of keys for chemical
compounds makes it extremely difficult to compare chemical compounds
across two different databases. Using UCKs, data can be integrated easily
from multiple databases containing chemical compounds, facilitating the
discovery of new drugs and therapeutic treatments.

For More Information

More information and drafts of many of the papers referenced can be found
online at www.rgrossman.com/articles.htm.
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