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Abstract

Data mining is the process of discovering hidden and
meaningful knowledge in a data set. It has been suc-
cessfully applied to many real-life problems, for instance,
web personalization, network intrusion detection, and cus-
tomized marketing. Recent advances in computational sci-
ences have led to the application of data mining to vari-
ous scientific domains, such as astronomy and bioinformat-
ics, to facilitate the understanding of different scientific pro-
cesses in the underlying domain.

In this thesis work, we focus on designing and apply-
ing data mining techniques to analyze spatial and spatio-
temporal data originated in scientific domains. Examples
of spatial and spatio-temporal data in scientific domains in-
clude data describing protein structures and data produced
from protein folding simulations, respectively. Specifically,
we have proposed a generalized framework to effectively
discover different types of spatial and spatio-temporal pat-
terns in scientific data sets. Such patterns can be used to
capture a variety of interactions among objects of interest
and the evolutionary behavior of such interactions. We have
applied the framework to analyze data originated in the fol-
lowing three application domains: bioinformatics, compu-
tational molecular dynamics, and computational fluid dy-
namics. Empirical results demonstrate that the discovered
patterns are meaningful in the underlying domain and can
provide important insights into various scientific phenom-
ena.

1. Introduction

Data mining is the process of discovering hidden and
meaningful knowledge in a data set. As an area combin-
ing ideas from database systems, machine learning, and
statistical learning, data mining has been successfully ap-
plied to many application domains. Web personalization,
network intrusion detection, and customized marketing are

a few examples of successful applications. Recently, re-
searchers have started to apply data mining techniques to
various scientific domains, such as astronomy, bioinformat-
ics and computational fluid dynamics, to facilitate the un-
derstanding of the underlying scientific phenomena.

This thesis work focuses on developing data mining
techniques to analyze spatial and spatio-temporal data pro-
duced in different scientific domains, where spatial data
(e.g., geographic data) is data pertaining to the location,
shape, and relationships of features. When such data is
time-varying in nature, it is said to be spatio-temporal data.
Recent advances in computational sciences have led to the
production of such data in many scientific domains. Ex-
amples of spatial and spatio-temporal data in such domains
include data describing protein structures and data produced
from protein folding simulations, respectively.

Mining spatial relationships in these data sets is an im-
portant and interesting problem. For instance, an important
issue in bioinformatics is to identify structurally similar pro-
teins. To address this issue, we and other researchers have
shown that one can first discover spatial relationships that
are frequently formed by non-local patterns in protein con-
tact maps. Structurally similar proteins can then be iden-
tified based on the presence of a subset of such frequently
occurring spatial relationships [9, 11, 15]. Furthermore, it is
also important to capture the evolutionary behavior of spe-
cific spatial relationships over time (i.e., spatio-temporal re-
lationships) as such behavior can be indicator or predictor of
upcoming events (e.g., vortex (hurricane) dissipation, crack
propagation and amalgamation in materials) [12, 13].

However, mining spatial and spatio-temporal relation-
ships in scientific data is also very challenging. First, one
needs to take into account the geometric properties (e.g.,
shape and size) of features (e.g., vortices in fluid flows).
Such information is crucial to understand or explain impor-
tant phenomena in many scientific applications (e.g., vortex
amalgamation in fluid flows). Unfortunately, most of the
related work consider features as single points in a multi-
dimensional space [6, 7, 17]. Second, there is a strong need



to develop techniques to model spatial relationships among
features. These interactions if captured properly can help
domain experts to understand the underlying processes in
very effective manner. Moreover, these techniques need to
be cognizant of domain knowledge. Third, one needs to
develop effective approaches to incorporate temporal infor-
mation into the overall analysis. Fourth, effective reason-
ing methods are needed to make inferences on important
events, such as defect amalgamation in materials, based on
the extracted spatial and spatio-temporal relationships. Fi-
nally, recent technological advances in computational sci-
ences have resulted in huge amounts of data. Therefore,
such approaches must scale well to large data sets.

To address these challenges, we have proposed a gener-
alized framework. We begin by representing features as ge-
ometric objects instead of points. Multiple representation
schemes are developed to meet the varying requirements
of different scientific applications. Fig. 1 depicts the main
schemes that the framework currently supports. We have
also introduced multiple object-based distance measure-
ments that take into account the shape and extent of the fea-
tures, thus are robust in capturing the influence of an object
on other objects in spatial vicinity. Furthermore, by con-
sulting with domain experts, we have identified four types
of spatial object association patterns (SOAP) to character-
ize different spatial relationships among features, namely,
clique, star, sequence, and minLink (Fig. 2). In addition, we
have proposed a simple yet effective approach to accommo-
date the temporal dimension into the mining process. This
approach captures the evolution of different spatial relation-
ships. We have also implemented several reasoning strate-
gies to reason about domain-specific events based on the
discovered patterns. Finally, we have implemented efficient
and scalable algorithms to discover these patterns in large
out-of-core data sets. This framework can also be easily
extended to integrate new requirements arising from new
applications.

In summary, we make the following contributions:

1. We present robust techniques for modeling the shape
and extent of features (objects).

2. We have developed fast algorithms for extracting fre-
quent spatial object interactions through the design of
appropriate distance functions and interaction types.

3. We have developed a simple yet effective approach
for mining spatio-temporal episodes of SOAP patterns.
We further demonstrate that an approach that combines
information from multiple SOAP models is capable of
reasoning about critical events.

4. We have empirically evaluated our approaches on real
case study applications and show that the algorithms
scale well and are capable of processing large data sets.

We validate our framework on three case study appli-
cations drawn from the scientific and engineering commu-
nity. Two of the applications analyze scientific simulation
data originated in Computational Fluid Dynamics (CFD)
and Computational Molecular Dynamics (CMD), and the
other application is drawn from protein contact map analy-
sis. The main challenges for these applications include fea-
ture detection, classification, and then extracting and mod-
eling spatio-temporal or spatial interactions. Many tech-
niques have been proposed to detect, extract and classify
features from such data in the past [3, 4, 9, 14]. In this work
we focus on the last aspect, namely, discovery of spatial or
spatio-temporal patterns.

2 Basic Concepts

Spatial Feature Representation We have proposed
three main different representation schemes: parallelepiped
(or parallelogram in 2D), ellipsoid (or ellipse in 2D), and
landmarks based representation, where landmarks are sam-
pled boundary points [8]. These schemes can be used to
model features from a variety of scientific domains. Par-
allelepipeds (or parallelograms) subsume MBBs, thus are
applicable to model features in relatively regular shape.
Whereas ellipsoids or ellipses are appropriate for vortices.
Finally, landmarks are effective to model highly irregular-
shaped features such as defect structures in materials. The
number of landmarks needed to represent a feature is do-
main dependent. The framework also supports elemental
shapes such as lines and splines.

Dataset Representation The data set
�

consists of �
features extracted from ����� snapshots, taken at time steps�	�
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�
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). (For spatial data that involves
multiple maps, one can arbitrarily assign a unique ID to
each map.) The � features are further categorized into �
types, where the categorization is governed by the underly-
ing domain. A feature’s geometric properties are captured
by one of the three representation schemes described earlier.
Note that the terms features and spatial objects are used in-
terchangeably in the context.
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Figure 1. Shape Representations: (a)Parallelogram
(b)Ellipse (c)Irregular

Shape-based Distance Measurements The framework
supports three main distance measurements for two objects��� and ��� in the same snapshot: (1) Point-Point: This is



simply the Euclidian distance between object centroids; (2)
Line-Line: It is the shortest distance between two line seg-
ments identified for the two involved objects respectively.
For instance, if an object is represented as an ellipse, one
can take the major axis as the identified line segment; and
(3) Boundary-Boundary: This is the shortest pairwise dis-
tance between the landmarks of � � and � � . Notice that the
last two measurements take objects’ geometric properties
into account. The framework also supports Hausdorff dis-
tance [2].

Spatial Relationships Two objects � � and � � have a
closeTo relationship if the distance between them is ��� , a
user-specified parameter. Two objects are neighbors if they
have a closeTo relationship. We also consider the isAbove
relationship, concerning the above/below spatial relation-
ship, between two objects,

Spatial Object Association Pattern (SOAP) A SOAP
characterizes the closeTo or isAbove relationships among
multiple object types. The framework supports the discov-
ery of four SOAP types: Star, Clique, Sequence, and min-
Link (Fig. 2). These SOAP types can be abstracted as undi-
rected graphs. In such graphs, a node corresponds to an
object-type and an edge indicates a fulfilled closeTo or is-
Above relationship between two object types.

� Star SOAPs (Fig. 2a) have a center object-type, which
is required to have a closeTo relationship with all the
other object-types in the same SOAP.

� Clique SOAPs (Fig. 2b) require that a closeTo relation-
ship holds between every pair of involved objects.

� Sequence SOAPs (Fig. 2c) identify sets of objects that
are spatially arranged in the following manner: (1) all
involved objects in a SOAP has a total order; and (2)
two adjacent objects in a SOAP meet both the closeTo
and isAbove criteria.

� minLink SOAPs (Fig. 2d) are a parameterized SOAP
type, where the value of minLink is user-specified. In-
formally, a minLink=l SOAP requires that every in-
volved feature has at least � neighbors in the same
SOAP. Note that the set of minLink=1 SOAPs sub-
sumes all the other three SOAP types.
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Figure 2. SOAP Types:(a)Star (b)Clique (c)Sequence
(d)minLink=2

The above SOAP types capture three basic spatial rela-
tionships: distance-based, topological, and directional. The
closeTo relationship is both distance and topology based.

As for directional relationships, we currently only consider
the isAbove relationship, captured by Sequence SOAPs.
Such relationships are important in understanding different
interacting behaviors in many scientific applications. We
plan to implement other types of spatial relationships and
examine their usages for different applications in the future.

Frequent and Prevalent SOAPs We define two mea-
sures, support and realization, to characterize the impor-
tance of a SOAP. The support of a SOAP � is the number
of snapshots in the data set where � occurs. Assume sup-
port(p)=s, let � � be the number of � ’s instances in the ���	�
snapshot where � appears, realization(� )=min 
�� ��� . A pat-
tern � is frequent if support (� ) 
 minSupp, and prevalent if
realization(� ) 
 minRealization. Both minSupp and minRe-
alization are user-specified parameters.

Spatio-temporal Episodes Spatial relationships among
objects (or features) evolve over time. As a result, SOAPs
of different types also evolve over time. We identify the fol-
lowing three evolutionary events for a SOAP � to character-
ize the stability of interactions among different features. (1)
Formation: when the number of � ’s instances changes from
zero to non-zero; (2) Dissipation: when all � ’s instances be-
come invalid. The dissipation of a SOAP can occur due to
many reasons. For example feature(s) involved in a SOAP
may cease to exist or merge into a new one; and (3) Contin-
uation from time

� � to time
� ��� � : if there exists at least one

instance of � in each snapshot taken in [
� � , � ��� � ].

Formation and dissipation can occur to a SOAP many
times. Thus a SOAP can exist in multiple disjoint temporal
intervals, where each interval starts at a formation event and
ends at a dissipation event. We refer to a SOAP’s continua-
tion in each of such intervals as a spatio-temporal episode.

Main Objectives Given a scientific data set, our main
objectives include: (1) efficiently discovering different
types of frequent and prevalent SOAPs; (2) generating
spatio-temporal episodes; and (3) validating and analyzing
the mining results by integrating domain knowledge. To
meet these objectives, other challenges include feature de-
tection, classification, and representation. Such tasks are
generally governed by the underlying application domain.

3 Framework and Implementation

An overview of the framework is given in Fig. 3. This
framework consists of six main tasks and is mainly moti-
vated by the following three scientific applications: defects
simulation in Molecular Dynamics, protein structure anal-
ysis in Bioinformatics, and vortex simulation in Computa-
tional Fluid Dynamics. We have implemented techniques
to detect, extract, and classify features for the first two ap-
plications [5, 9]. For the third application, we use existing
algorithms to detect vortices and subsequently classify the



detected vortices [4]. In this article, we focus on the four
tasks enclosed by the dashed rectangle in the figure.
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Figure 3. Overview of the framework

3.1 SOAP Mining

Due to lack of space, here we only present the main
strategies to realize such a framework. Such strategies are
employed to ensure an efficient and effective implementa-
tion for large out-of-core data sets.

Data Organization We organize the data in a format
analogous to the vertical format used for association rule
mining [16]. Such a format groups features of the same
type together and further orders features within a group by
time and location. This format allows efficient elimination
of infrequent SOAPs at an early stage, thus greatly reduces
the search space for the following computational tasks.

Equivalence Classes To improve spatial and tempo-
ral locality while generating SOAPS, we adopt equivalence
classes to organize the discovered SOAPs. An equivalence
class consists of SOAPs of the same type, same size, and
different at the last object. As a result, our algorithms can
efficiently discover different types of SOAPs from large
amounts of data.

Anti-monotone Property Similar to traditional associ-
ation mining for transactional data [1], we explore the anti-
monotone property, i.e., a set of objects is frequent only if
all of it subsets are frequent, to further reduce the search
space while generating frequent SOAPs.

Optimizations We also introduce several optimization
strategies to quickly identify valid neighbors of an object,
eliminate infrequent SOAPs at an early stage, and to realize
fast spatial join operations.

3.2 SOAP Episodes Generation and Analysis

For each frequent SOAP, we construct its spatio-
temporal episodes by identifying the associated formation
and dissipation events. We then use these episodes to ad-
dress two important issues: (1) to reason about critical
events such as the merging of multiple features; and (2)

to model how interactions among a certain set of features
evolve over time. Please refer to our previous work [12] for
solutions to these issues.

4 Empirical Evaluation

To evaluate the efficacy of this framework, we have ap-
plied it to the following scientific applications: (1) Protein
structural analysis in bioinformatics. By discovering spa-
tial patterns in protein structural data, we have identified a
set of structural “fingerprints” of a protein class. For in-
stance, we have identified spatial patterns that can distin-
guish � -proteins from other proteins such as

�
-proteins; (2)

Analysis of vortex evolution in computational fluid dynam-
ics (CFD). By applying the framework to CFD simulation
data, we have shown that the extracted spatio-temporal pat-
terns can effectively model the evolution of certain inter-
actions among vortices. For instance, we have identified
patterns to capture the interactions that lead to the amalga-
mation as well as dissipation of vortices; and (3) Analysis
of defect evolution in molecular dynamics. By applying the
framework to simulation data on defects in materials, we
have demonstrated that the proposed spatio-temporal pat-
terns can capture defect-defect interactions that lead to sev-
eral important events, for instance, the interactions that lead
to the creation of large-extent defects. The results have also
been presented to and validated by domain experts.

Due to the space constraint, we will not report de-
tailed empirical results here. Please refer to our previous
work [10, 11, 12, 13] for details.

5 Conclusion and Ongoing Work

To conclude, we have proposed a general framework
for mining spatial and spatio-temporal patterns in scientific
data sets. The framework models features as geometric ob-
jects rather than points. It also supports multiple distance
measurements that take into account objects’ shape and ex-
tent and thus are more effective in capturing interactions
among objects in the vicinity. We have developed algo-
rithms to discover four different types of spatial object as-
sociation patterns. We have also accommodated temporal
information in the overall analysis to characterize the evo-
lutionary behavior of an interaction. Finally, we have iden-
tified effective approaches to reason about critical events.

We are currently extending the framework to address the
following aspects: (1) capturing other types of spatial rela-
tionships such as topological and directional relationships;
(2) discovering rare but important patterns; and (3) ana-
lyzing object-based trajectories. Such trajectories take into
account properties such as shape and size of a feature and
thus allow for the effective representation of evolving fea-
tures. We are also in the process of applying this framework



to identify meaningful spatio-temporal patterns in protein
folding simulation data.
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