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ABSTRACT OF THE DISSERTATION
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Doctor of Philosophy in Computer Science
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Professor Majid Sarrafzadeh, Chair

This dissertation presents work in medical signal searching. Signal searching (or subsequence
matching) is the process of finding similar segments within a database of time series signals.
Medical signal searching is extremely challenging given the large, high entropy, multidimen-
sional datasets. However, medical time series signals tend to be cyclical and repetitive and
contain a large amount of redundancy. In addition, similar segments in a medical time series
signals tend to form tight clusters where the Euclidean distance between segments within the
same cluster follow a Gaussian distribution. These properties can be leveraged in many ways
to significantly improve search performance in terms of computation, memory, precision, and

recall.

This dissertation addresses three main aspects of medical signal searching: extraction of
query segments; improvement in the quality of search results; and optimization of indexing
structures through the removal of redundancy. These contributions heavily leverage the
properties of medical time series signals. Each contribution of this dissertation has been
thoroughly tested on a wide variety of medical time series signals including data collected
through a clinical study. In addition, a complete system for searching electrocardiogram

(ECG) is presented.
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CHAPTER 1

Introduction

The advent of remote and wearable medical sensing has created a dire need for efficient
medical time series databases. Wearable medical sensing devices provide continuous patient
monitoring by various types of sensors, such as accelerometers for activity monitoring; elec-
trocardiogram (ECG) for heart monitoring; and pulse oximeters for blood oxygen saturation
monitoring. These devices have the potential to create massive amounts of high dimensional
data. For example, there are currently over 3 million people worldwide implanted with a
pacemaker [WEQ2]. If these systems had the ability to gather, store, and transmit an ECG
signal, we could expect to receive over 560 terabytes of data per day, just from individuals
with pacemakers (assuming a three channel ECG, sampling rate of 360 Hz, and 2 byte ADC).
Therefore, medical time series databases must be able to store, index, and mine large high

dimensional datasets to enable both data mining as well as analysis of a patient’s health.

Signal searching (or subsequence matching) is synonymous with the R-nearest neighbor
(R-NN) problem: given a query object u and a collection C' of high dimensional objects,
find all objects ¢ € C such that ||u — ¢||, < R. Sequential scan is a naive solution to R-NN
and consists of a computational and memory complexity of O(n). However, medical time
series databases have the potential to be extremely large, meaning a sequential scan is not
an effective solution to R-NN. Many solutions to R-NN have been proposed in previous
works. This dissertation presents work to enhance R-NN methods by improving memory

and computational restraints as well as improve both precision and recall.

Case-based reasoning systems are one appealing application of R-NN in biomedical time



series data. In terms of classification, classes are composed of multiple (often Gaussian
distributed) sub-groupings [BFG99]. R-NN can be used to find members that belong to a
similar sub-grouping as a query segment. Discovery of such sub-grouping can be used for
classification as well as discovery of correlations between corresponding patients from within
a sub-grouping. These correlations are useful for both diagnosis and tailored treatments.
However, as this dissertation shows, previous solutions to R-NN have several weaknesses

when searching sufficiently large databases.

Three main improvements to R-NN for medical time series are proposed:

1. Extraction of query segments;
2. Improvement in the quality of search results; and

3. Optimization of index structures.

Extraction of query segments is accomplished using Salient Segmentation. Salient Seg-
mentation is a probabilistic method for locating the most interesting segments from a time
series signal. The number of query segments is significantly reduced by ignoring all non-
interesting segments. The proposed method reduces redundancy with minimal loss of in-
formation. In addition, Salient Segmentation can be used to limit the size of an index.
Search performance (in terms of memory and computation) can be improved by only in-
cluding salient segments in the index. Such a solution yields high performance with limited

degradation in the quality of search results.

The quality of search results is improved through a randomized technique. This tech-
nique performs a number of randomizations on a query segment, thereby creating a set of
query segments. Each of these query segments is used in a nearest neighbor search. These
randomizations are done in an intelligent fashion to increase recall with minimal degradation

of precision. In addition, this technique adds little in terms of memory and computation.



Indexing structures are optimized using an aggregation framework. This framework ag-
gregates similar segments into a common grouping. Each grouping is assigned a representa-
tive segment, and only these representative segments are added to the index (i.e., the search
space is composed of only one representative segment from each grouping). As shown later,
the number of groupings grows sub-linearly with the size of the signal, yielding a scalable

solution to medical time series databases.

This dissertation analyzes the proposed techniques on both the time domain and the
feature space. An in depth analysis of the feature space is given for ECG signals. The
features space is shown to improve the quality of results (in terms of precision and recall)
as well alleviate compatibility issues across different datasets (e.g., sampling rates, noise,

hardware difference, etc.).

Figure 1.1 displays the overall flow diagram of the proposed signal search engine. The
upper portion of the figure displays the process of populating the database. The database
first segments and aggregates a signal when it is received by the system. Segmentation may
include Salient Segmentation, sliding window segmentation, or domain specific segmentation.

Next, each segment is inserted into a time series index along with any annotations.

The lower portion of the figure displays the process of search. A time series is first
segmented by the system. These time series are generally short regions, deemed regions of
interest (ROI), selected by the user from a larger time series signal. Next, each extracted
segment is randomized to create a set of query segments. These sets of query segments are
then used to search the database for nearest neighbors. Annotations and meta data are then

returned by the database for analysis.

Methods proposed by this dissertation are tested on publicly available real-world biomedi-
cal datasets. In addition, a small clinical trial is performed using an at-home ECG monitoring
system on subjects with congestive heart failure (CHF). Data collected by the clinical study

was used as query segments into the overall R-NN system proposed by this dissertation to



Database Population

‘ Segmentation ‘ —> ‘ Aggregation ‘ —> ‘ Index ‘

Database Search

‘ Segmentation ‘ —> ‘ Randomization ‘ —> ‘ NN Search ‘

Figure 1.1: A flow diagram of the proposed system. The upper diagram shows the flow of

database population. The lower diagram displays the flow of search.

show feasibility of case-based reasoning systems for wearable sensing. The results of this
study showed a high correlation between search results (and their respective annotations) to
annotations created by medical professionals. These findings suggest that an R-NN system
with more data and improved annotations could be used to mine and derive correlations to

help tune diagnosis and treatments in the future.

The remainder of this dissertation is organized as follows. Related work is discussed
in Chapter 2. Salient Segmentation is introduced in Chapter 3. Aggregated indexing is
introduced in Chapter 4 as a means to reduce index sizes. Chapter 5 presents a randomized
and efficient technique for improving recall of search results. Chapter 6 provides an in
depth analysis of applying the techniques proposed by this dissertation to the feature space.

Conclusions and future work is discussed in Chapter 8.



CHAPTER 2

Background

2.1 Definitions

e Time series signal: A time series signal T' = {t1,ts,...,t,} is composed of an

ordered set of n points in the time domain.

e Segment (subsequence): A segment (or subsequence) s; = {t;,ti11, ..., tig1-m} 18

a contiguous set of points in T of length m.

e Sliding window: Sliding window segmentation consists of a fixed window of size
m that is slid along the time dimension. Each slide is of D > 1 time points results

in one segment being extracted from the time series signal.

e Match: Two segments, u and v are considered matching if ||u — v||, < R, where R

is a predefined radius.

2.2 Distance Measures

This dissertation assumes the L, norm as the primary distance measure. However, much
of this work is generic and can be applied to any L, norm. Many authors have suggested
the use of elastic measures such as Dynamic Time Warping (DTW) claiming this to be
superior to Euclidean distance [SMC|[YJF98][KPC04]. However, this superiority has been

questioned. Authors in [RK04] show that DTW’s ability to compare segments of different



lengths have little to no statistical significance. In addition, authors in [SK09] note that
DTW’s advantages are generally only in small datasets. As datasets grow, there is a higher
probability of finding a match and less of a need to warp. Results were shown heuristically
and demonstrated how error rates of both DTW and Euclidean distance converge as the size

of datasets grow.

This work uses the L, norm for three reasons.

1. Dynamic Time Warping has a quadratic computational complexity unlike the linear

complexity of L, norms;

2. Locality Sensitive Hashing (LSH) has a provable sub-linear search complexity unlike

indexing methods used for DTW; and

3. Later sections propose the use of normalized domain specific feature vectors when
performing nearest neighbor searches. DTW has little meaning in such cases as

feature vectors are not based on the time domain.

Finding an optimal distance function becomes more difficult with an increasing number
of dimensions as distance norms have the property to converge with an increasing number
of dimensions [BGR99]. It has been shown that this convergence is true for any p-norm and
is more related to the intrinsic dimension than the embedding dimension [FWV07]. How-
ever, [BFG99] suggests that L, norms are effective when considering small neighborhoods.
[BFG99] presented a method to index high dimensional objects under the assumption that, in
terms of classification, classes are composed of multiple Gaussian distributed sub-groupings.
These sub-groupings are approximated using an optimized Expectation Maximization (EM)
algorithm [BFR98|. [BFG99] not only showed nearest neighbor searches to be meaningful in
high dimensional space, but that the statistical structure of a dataset can be leveraged to

construct a multi-dimensional indexing scheme.



The usefulness of L, norms was also shown experimentally in [HKK10]. The Euclidean
distance between objects in many datasets also has been shown to follow a Gaussian dis-
tribution. In addition, the Euclidean distance between objects shows moderate separation
between classes. The authors proposed a new distance measure based on shared nearest
neighbors. Under this measure of distance, objects with a large number of shared nearest
neighbors (in terms of Euclidean distance) are considered more similar to objects that shared
few or no nearest neighbors. While better separation was shown with a nearest neighbor
comparison, calculating the sets of nearest neighbors has a computational complexity of

O(n?); far too high for large databases.

Authors in [HAKO00] have suggested that L, norms with p = 1 or p = 2 are the only useful
integer norms. They note that the convergence of the distance between nearest neighbors
and farthest neighbors from [BGR99] does not necessarily converge to 0 when p < 3. Authors
show that L; norms are the only norm to grow with increasing number of dimensions while

L5 converge to a constant. They also prove that any norm with p > 3 will converge to 0.

Authors in [AHKO1] explore fractional p values (0 < p < 1). Authors show that smaller
values of p exhibit better discrimination of high dimensional objects. However, their findings
rely on the assumption that datasets followed a single distribution with a high concentration
of groupings. As noted in [HKK10][BFG99], many datasets do not follow a single distribu-

tion.

Assuming high discriminatory power using L, norms, a match can be defined as ||u —
v||, < R where R defines a tight radius (or small neighborhood). Aggregating objects with
such a distance measure will result in a large number of precise groupings. As shown later, the
number of groupings grows logarithmically with increasing n for many real-world biomedical
datasets. Therefore, the search space (or mining space) can be significantly reduced through

such an aggregation.



2.3 Segmentation

Generic segmentation exists for many medical domains. These segmentation techniques
rely on a known model of the data. For example, ECG is segmented based on the model
consisting of a P wave, a QRS complex, a T wave, and a U wave [PT85|[KHO02|. However,
not all domains have a well known model. One example is activity monitoring using wearable
sensors (such as accelerometers, gyroscopes, etc.). The best known techniques for activity
monitoring are based on time invariant features and span over several cycles of a repetitive
activity (such as walking or running) [BI0O4][RDMO05]. However, these techniques can only
distinguish between a limited number of high level activities, such as the difference between
walking, running, and climbing stairs. More fine grained detection, such as abnormal gait,
requires time dependent features [NAH10]. However, these features are often only meaningful

in a constrained environment.

More generic techniques are needed to account for unknown (or partially known) models.
Motif discovery is one technique for segmenting time series signals and finding patterns that
are repeated throughout the time series. This thesis presents a probabilistic technique in

Chapter 3 that only extracts segments that are determined to be locally improbable.

2.3.1 Motif Discovery

Motif discovery finds sets of similar segments in a time series signal [LP02]. Each segment in
a time series signal is compared to all other segments. Matches are defined as two segments
with a distance less than or equal to a given threshold, thr. The top motif is the segment with
the most matches. The k-motif algorithm returns the k segments with the most matches. A

simple quadratic algorithm to find the top motif is given in Figure 2.1.

Motif discovery algorithms have three weaknesses. First, the best computational bound

for exact motif discovery is quadratic. Second, motif discovery algorithms suffer from redun-



dancy in their output. Third, motif discovery is designed to find the most prevalent patterns

and often ignores anomalies.

2.3.1.1 Complexity

Medical time series have the potential to be extremely large, and therefore, can not be
segmented in practice by any algorithm with a computational complexity bound that is
greater than linear. The classical version of motif discovery calculates all pairwise distances,
resulting in a complexity of O(n?), where n is the length of a time series. Attempts to
reduce the average case complexity of exact discovery have been attempted in [MKZ09].
This algorithm uses the triangle inequality to prune the number of distance computations.
However, this work is an optimization of classical motif discovery and still holds a complexity
of O(n?).

Approximations to exact motif discovery have also been proposed. Authors in [CKLO3]
use a series of random projections to create hashes for each segment in a time series. Hashes
with the most collisions result in the best motif. This algorithm solves the k-motif algorithm
by returning the k hashes with the most collisions. The pairwise distance is calculated be-
tween each of these k£ motifs and all n segments to extract similar segments. The complexity

of this algorithm, is therefore, dominated by O(kn).

Authors in [MIEQ7] proposes a density estimation framework for motif discovery. The
algorithm calculates the k-nearest neighbors for each segment. These sets of nearest neigh-
bors are then used to estimate the density of matches. These densities are later used by
a Hidden Markov Model (HMM) to locate the best motifs. This algorithm relies on the
assumption that the k-nearest neighbors can be calculated in O(nlogn) time, citing the
methods defined in [KRO05], [Liu06], [Den05]. [KRO5] creates an spatial indexing structure
based on the dynamic time warping distance between segments to reduce the time complex-

ity. [Den05] presents a kernel density-based clustering algorithm using an underlying kd-tree



(a spatial index) for finding nearest neighbors. However, it has been shown both theoret-
ically and experimentally that spatial indexes perform worse than linear scan with a large
enough number of dimensions [WSB9S§]| (resulting in at least a O(n?) upper bound). [Liu06]
uses modifications of the metric-tree [Uhl91] [Omo91] to speed up the k-nearest neighbor
search, but admits that the proposed methods approach a O(n?) bound with a large number

of dimensions.

2.3.1.2 Redundancy

Redundancy is the second weakness of motif discovery. Motif results are dominated by
similar motifs with different translations. Such redundancy is exacerbated by cyclical and
repetitive signals such as medical time series. Redundancy is mitigated by the removal of
trivial matches. Two segments ¢ = [i,7 +m/] and j = [j,j + m’] are trivial matches if
dist(i,j) < thr and there is no segment 7' = [¢',7' +m/] where i < ' < j and dist(i,1') > thr
[LP02].

Removing such trivial matches is too passive of a filter as trivial matches generally result
in the removal of very few segments. A more aggressive approach is to set a constant w such
that any segment s;, is trivial with respect to s if [i —#'| < w [MKZ09]. But a constant w
is too rigid of a measure; and a small w does very little to remove redundancy while large
windows remove motifs that may not actually be trivial. For example, assume an ECG
segment that consists of three heart beats (approximately three seconds in duration). A w
of 0.1 seconds would do little to removes redundancy as such a small shift in the center of
a segment would yields little difference in the data contained by the signal. On the other
hand, if w was set to three seconds, both the first and last heart beat of our example would
never be represented in a segments as the center beat. Dropping such segments increase the
difficulty in diagnosing certain abnormal heart beats that require context from previous and

subsequent beats (such as premature ventricular contractions).
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2.3.1.3 Anomalies

Thirdly, motif discovery is designed to return the most prevalent patterns. In medical time
series signals, anomalies are extremely important. For instance, the discovery of an abnormal
heart beat (such as an arrhythmia) is far more important to a patient’s health than the
discovery of a normal heart. In addition, a normal heartbeat may appear in many forms.
Wearable heart monitors allow patients to gather continuous ECG data over several days to
weeks. During this time, patients will participate in different activities resulting in variable
heart rates and noise. In this case, an extremely large £ would be needed to segment both
normal and anomaly heart beats. Depending on the parametrization of the redundancy

filter, no k (no matter how large), will retrieve all anomalies.

2.4 Subsequence matching

Subsequence matching, or signal searching, is synonymous with the R-NN problem in high
dimensional space. Nearest neighbors are defined as all objects that fall within distance R
of a query object. For the purpose of this dissertation, distances are defined by the Ly norm
(Euclidean distance) and objects are represented as points in ¢. Sequential search is a naive
approach to solving the R-NN problem. This, of course, has an O(n) computational com-
plexity that is far too slow for large databases. Hence, an optimal solution would guarantee
sub-linear complexity. In addition, many studies have shown that conventional indexing

methods fail with an increasing number of dimensions [BKS90] [BEK98] [KS97] [SK98|.

Authors in [FRM94]| presented a framework for subsequence matching using spatial access
methods (such as R*-trees, iISAX [SK09], etc.) to index dimensionally reduced objects.
Reduction algorithms for this framework must satisfy the property of minimum bounds.
The minimum bounds property guarantees that the distance between two reduced objects is

less than or equal to the distance between the corresponding original (non-reduced) objects:
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procedure FindTopMotif(A,i,j)

1: topMotifCount = 0

2: topMoti fIndex = 0

3:

4: for i =1 — length(S) —m +1 do

5: count =0

7. fori=1— length(S) —m+ 1 do

8: if thr > dist(S(i:1+m'),S(j:j+m')) then
9: count + +
10: end if

11: end for
12:

13:  if count > topMotifCount then

14: topMoti fCount = count
15: topMotifIndex =1

16:  end if

17: end for

18:

19: Return topMoti f Index

Figure 2.1: Top Motif Algorithm
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dist(u,0) < dist(u,v) (2.1)

Where 4 and © are the dimensionally reduced counterparts of vectors u,v € 2. The
minimum bounds property guarantees that there are no false dismissals. Therefore, the set
of all search results is a superset of all true matches. Reduction algorithms satisfying the
property of minimum bounds include Piecewise Aggregate Approximation (PAA) [KCPO1],
Discrete Fourier Transform (DFT) [FRM94], and Chebyshev polynomials [CN04].

The framework proposed in [FRM94] has two main drawbacks. First, query results of
dimensionally reduced segments are a superset of the true matches. Therefore, false positives
must be filtered from the result set. Filtering is accomplished by finding the true distances
between the original non-reduced query segment and its matches. Filtering can be extremely
computationally expensive as no theoretical upper bounds are placed on the number of false
positives. Second, spatial indexes have been shown both theoretically and experimentally to

perform worse than sequential search for data with as few as 10 dimensions [WSB9S].

Locality Sensitive Hashing (LSH) [GIM99] was introduced as an alternative to spatial
indexing schemes. Unlike the aforementioned spatial indexing schemes, LSH has a proven
sub-linear computational complexity. LSH is based on a family of hashing functions that are

(r1, 72, p1, p2)-sensitive, meaning that for any v,q € S:

e if v € B(q,r1) then Pry[h(q) = h(v)] > p

e if v & B(q,ry) then Pry[h(q) = h(v)] < po

Where p; > ps and r9 > r;. The gap between p; and ps is increased by combining several

functions from the same (71, 79, p1, p2)-sensitive family.

The experimental implementations in this dissertation uses the LSH scheme based on

p-stable distributions defined in [DI104]. The authors propose the following hash function:
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has(v) = | 200 (2.2)

r

Where a is a randomized vector following a Gaussian distribution, b is a uniformly ran-
domized number, and r is a predefined constant. Using the properties of the p-stable distri-

bution, the authors show that the probability of collision is calculated as:

p@) = [~ - Dy (23)

C C r

With ¢ being the distance between two vectors. As can be seen by Equation 2.3, the

probability of collision decreases monotonically as ¢ increases.

The aforementioned indexing schemes all suffer from homogeneity. These algorithms are
solutions to the R-NN problem and, therefore, produce results that are extremely similar
to the query segment. Raising the value of R is one approach to increasing heterogeneity.
However, this approach would add instability to the nearest neighbor problem, rendering the
solution meaningless [BGR99]. Therefore, the expansion of search results must be bounded

to ensure stability.

To note, several works have made improvements to the original LSH algorithm such
as locality sensitive B-tree (LSB-tree) [TYS09], Multi-Probe LSH [LJWO07], and entropy
based nearest neighbor search [Pan06]. This dissertation utilizes LSH due to its maturity.
However, the proposed approach could be easily adapted to any other method that provides

both bounds on the runtime complexity and quality of results.

2.5 Index Reductions

One large issue in time series databases is the sheer size of the index, adding tremendous

memory and computational constraints on the system. Several works have explored methods
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to reduce the overall index size in textual databases [HLY07][ZS07|[BEF06]. In general, these
methods break down documents into several fragments. Fragments are indexed in lieu of
the entire documents. Identical fragments that occur across multiple documents (or multiple
versions of a document) are inserted into an index only once thereby minimizing the size of

the index.

For example, [ZS07] uses winnowing [SWAO3] to break down documents into 10 to 25
fragments. Fragments (and their respective alignments) are chosen to maximize redundancy,
thereby reducing the overall size of the index. Performance of the winnowing algorithm is
optimized using hashing such that the comparison of two fragments is based on their re-
spective hashing. Index sizes are reduced by as much as 60% when removing redundancy.
However, textual methods such as these rely on exact matching to reduce redundancy. The
probability of seeing exact matches in medical time series is extremely low due to environ-
mental (e.g., noise, sensor displacement/placement, etc.) and physiological (e.g., differences

in heart rates, weight, age, etc.) factors.

As stated earlier, methods following the model introduced in [FRM94] reduce index
sizes by applying generic reductions that follow the property of minimum bounds. While
reduction algorithms may significantly reduce the size of the index, they also reduce the

overall discriminatory power of distance computations.

PAA and DFT are perhaps the simplest and most studied of these reduction algorithms.
In PAA, a reduction of segment X of size m is accomplished by dividing X into M equal size

bins. The reduction of X is represented by the average of each of these bins. More formally

[KCPO1]:

"
M

T =

SIS

x;. (2.4)

jZ%(i71)+l

DFT makes the observation that the frequency components of many time series signals
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Figure 2.2: The PAA and DFT representations of an ECG signal composed of 500 data
points and reduced to 20 and 10 dimensions. Note that a large amount of detail is lost from

the segment.

have much of their power in lower frequencies. Hence, a signal can be significantly reduced

by excluding all high frequencies with little loss of information.

An example of both reductions is shown in Figure 2.2. A large amount of detail is lost
in the reduction, decreasing discriminatory power. This is especially true with biomedical
signals that consist of similar repetitions. In addition, the reductions are only linear with
respect to the number of dimensions. As the number of objects heavily dominates the number

of dimensions, these reductions are not a scalable solution to large index sizes.

2.6 Extracting Domain Specific Features

Much of the previous discussion is in respect to signals in the time domain. However, this
work is also applicable to segments converted to the feature domain. Creating feature sets
is often more of an art than a science and consists a combination of domain knowledge and
statistical properties. ECG is one of the most studied medical time series with extensive

studies on domain specifics. Several authors have proposed the usefulness of statistical
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properties for classification of ECG signals. Methods include the Hermite Basis Function
[LPB00][PCLO08] and higher order statistics [PCLO8][OL01]. Other works suggest the use
of more domain specific features such as properties of various intervals in a heart beat
[DOR04|[CGKO06][MB08]. Authors in [DLF11] provided a full analysis of various types of
features and showed that the strongest features are generally related to properties of intervals

in ECG signals.

Similar domain specific work has been run on activity recognition using accelerometers
and gyroscopes [BIO4][RDMO5] and properties of GAIT [NAH10][BMPO3]. Features are
vastly different across domains and require domain experts (such as medical doctors) to

derive statistics useful for classification and search.
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CHAPTER 3

Salient Segmentation

Salient Segmentation is a preprocessing segmentation technique that extracts the most inter-
esting (or salient) segments from a time series signal [WLS11]. Interestingness, or saliency,
is defined as the least probable segments within a region of interest. Time series signals
are modeled as Markov chains to calculate the probability of each segment’s occurrence
(P(w;)). Specifically, saliency is defined as the negative log of each window’s probability
(—log(P(w;))). Windows with a higher saliency than neighboring windows (local maximums)
are considered salient and are extracted. All other high probability segments are ignored.
Hence, a user can select large regions of interest and allow Salient Segmentation to extract
the most interesting segments from these regions. These segments can be subsequently fed

to a signal search database to find other similar segments.

Limiting searches to only salient segments improves data mining and search performance.
Previous works have used Motif Discovery as a segmentation technique [KLO05]. However,
Motif Discovery is highly prone to redundancy. Figure 3.1 presents the top five ECG motifs
returned by the motif discovery algorithm in [MKZ09]. Notice that there are only two
unique patterns and three redundant patterns. Returning additional motifs only yields a
larger number of redundant segments. Medical time series signals are particularly prone to
motif redundancy due to their cyclical nature. Hence, finding the true makeup of a medical
time series signal using traditional motif discovery algorithms is difficult, at best. Salient
segmentation reduces the amount of redundancy in characteristic motifs by more than 85%,

yielding a more tangible representation of a medical time series signal. As such, signal search
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Figure 3.1: Top five motifs from a 2 minute ECG recording returned by the motif discovery

algorithm in [MKZ09]. The results consist of only two unique patterns.

is improved by reducing queries to salient segments. A search of the index is initiated by
selecting a region of interest (ROI) in a time series signal. An ROI is often very large and
contains many segments. However, searching the index for all segments within an ROI can
inundate the user with largely redundant results. In addition, an ROI may contain many
common and uninteresting segments (such as an accelerometer at rest). Returning matches
to such non-salient segments will yield little to no benefit to a user. In preliminary testing, the
presented salient segmentation framework decreases the overall number of segments in a time
series signal (and ROI) by more than 98%. Limiting searches to only salient segments within
an ROI not only reduces the number of returned results, but also improves the quality of
those results by ignoring redundant and uninteresting segments (thereby increasing relevancy

of results).

Salient segmentation offers the following three properties:

1. All salient patterns are segmented;
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2. All salient patterns are segmented consistently (i.e., alignment); and

3. Near linear algorithmic complexity

The first property ensures that all segments that are similar to a salient segment are also
labeled salient. The second property ensures alignment and therefore removes redundancy.
Salient patterns should only be indexed once unless a translation of that pattern adds sig-
nificant information. The third property is required for large datasets: a high complexity
algorithm would not only drain resources, but introduce a large delay from the time data
was received to the time it becomes available for information retrieval tasks. Salient seg-
mentation offers a near linear time algorithm, allowing efficient processing of a time series

signal.

3.1 Method

A time series signal is modeled as a Markov chain such that the following property holds.

Pr(Tn+1‘T1 = tla T2 = tQ, ceey Tn = tn) = Pr(Tn+1‘Tn = tn) (31)

The transition distribution for a time series signal is calculated by taking a histogram of all
possible transitions for each state. However, calculating the transition distribution for each
state individually is memory inefficient and requires an extremely large signal to ensure an
accurate distribution. While a time series database may be significantly large, individual time
series may not. Fortunately, the transition distributions for proximal states are quite similar
for most time series signals. Using this observation, close states are grouped together such
that each grouping has an equal number of samples to estimate their respective transition
distributions. Grouping is accomplished by first estimating the distribution of states. Next,

the state space is divided into groups such that each group has an equal probability (i.e.,
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Figure 3.2: The state probability ditribution function is displayed to the left. Each of the
seven shaded regions represents a distinct group where each group has an equal probability
of occurrence. The transition distribution function is calculated for each distinct group

resulting in seven difference transition distributions.

the area under the probability curve for each group is equal). Figure 3.2 gives an example
grouping with an ECG signal. Each shaded region represents a distinct grouping (or bin)

and has an equal probability of occurrence using the distribution displayed to the left.

Each state 7; uses the transition distribution computed for its corresponding bin Bing,

and is defined as:

P(E|E_1 = ti—l) = P(E‘BlnTz_l = Binti_l) (32)
Note that grouped states are only used for the prior state and not for the transition

states. The transition states use the entire range to improve sensitivity.

Each point ¢; in a time series corresponds to a window w; where w; includes the points

[tim/2], Li+|ms2)]- The probability for each window w; is calculated as:

it+|m/2]
Pr(w;) =[] Pr(T|Bing,_, = Biny,_,) (3.3)

j=i=lm/2]
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With each points corresponding saliency as:

Saliency; = —log Pr(w;) (3.4)

A time series saliency function (TSF) is constructed by concatenating each successive

point’s saliency such that:

Fiatiency = {Saliencyy, Saliencys, ..., Saliency,_m+41} (3.5)

Each local maximum ¢ in Fjgjiency 18 considered salient and its corresponding segment
([tizms/2)s tis|mr/2)]) is inserted into the index. However, saliency functions often contain a

significant amount of noise, thus resulting in over segmentation (too many maximums).

A set of linear approximations calculated by the Ramer-Douglass-Peucker (RDP) algo-
rithm [Ram72] [DP73] is used to filter the TSF. The RDP algorithm begins with a linear
approximation with endpoints at the first point p; and the last point p,, of the TSF. Next,
the distance between the linear approximation and each point between the first and last
point is calculated. If the point with the largest distance p; is above a given threshold, thr,
the signal is estimated by two linear approximations: p; — p; and p; — p,. The algorithm
is repeated on both segments and continues until no point is more than thr from its linear

approximation. Here, the value of thr is a function of the standard deviation of the estimated

TSF:

thr = ao (3.6)

TSF’s with higher standard deviations generally have both a larger amount of noise and
disparity between peaks and valleys. Hence, TSF’s with a large standard deviation require a
more aggressive filter. A larger value of o will result in fewer maximas while a smaller value

will result in more maximas. This chapter assumes o = 1.
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Figure 3.3: Displays the relation of a window, segment, and elastic window.

The RDP approximation of the TSF results in a slight misalignment between segments.
This means that the salient points’ locations calculated after the RDP approximation has a
slight variation from the true locations. Therefore, an additional § points are added before
and after a segment s; to create an elastic window defined by the range [i — |m//2] — §,i +
|m//2] + 0. When the segment is searched, a window of size m’ will compare all windows
located between i — [m//2] — 6,0 + |m'/2| + 6. As 6 << n, the elastic window results in

only a small decrease in performance.

The relationship between the elastic window, segment and window is shown in Figure

3.3. The salient segmentation algorithm is summarized in Figure 3.4.

3.1.1 Complexity

Quantization of the range and calculation of the transition distribution is done in linear
time. The TSF is computed in time O(mn) in Equation 3.5. However, the TSF can be
calculated as a sliding window where each slide results in one division and one multiplication
yielding an O(n) runtime. The RDP filtering technique has an average runtime of O(nlogn)
and has been improved to have an upper bound of O(nlogn) in [HS94]. Finding maximas

and extracting segments can both be done in linear time yielding an overall upper bound of
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procedure SalienctSegment(inputSignal,bins, m,m’, a, §)

1: range = Quantize Range(inputSignal, bins)

3: pdf = ComputeTransitionDistribution(inputSignal, range)

5: tdf = ComputeT SF (inputSignal, pdf, m)

7. filteredTDF = RDP(tdf, «)

9: salientPoints = FindMazimums(filteredT DF')
10:
11: segments = ExtractSegments(salient Points,§, m')
12:

13: Return segments

Figure 3.4: Salient Segmentation Algorithm

O(nlogn).

3.2 Experimental Setup

Two experiments were conducted: search and motif discovery. The search experiment
demonstrates the first two properties for salient segmentation. The motif discovery ex-
periment further proves the second property by demonstrating the removal of redundancy

by salient segmentation. The third property was proven in Section 3.1.1.

The datasets used by this chapter are as follows:

1. MIT-BIH Arrhythmia Database (ECG) [MMS88|. This dataset contains several 30-
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minute segments of two-channel ambulatory ECG recordings. These sample included

arrhythmias of varying significance.

2. Gait Dynamics in Neuro-Degenerative Disease Database [HMF97][HLC00]. This
dataset contains data gathered from force sensors placed under the foot. Healthy
subjects as well as those with Parkinson’s disease, Huntington’s disease, and amy-
otrophic lateral sclerosis (ALS) were asked to walk while the data was recorded.

Data includes 5-minute segments for each subject.

3. WALK [WLS11]. This dataset contains a series of annotated recordings from a
tri-axial accelerometer worn in a subjects pants pocket. Data was recorded while

subjects travelled through the interior of a building.

No reduction algorithms or advanced filtering was used in the analysis of salient seg-
mentation. Each segment was inserted into the index with only a moderate low pass filter
(non-weighted averaging window). Reduction algorithms and advanced filtering techniques

were excluded to remove any biasing of results.

3.2.1 Search

An index was created for each signal in the test data sets using the salient segmentation
technique. Each segment in the index was compared to all possible segments in its respective
time series signal using a sliding window with d = 1. The closest matches from the sliding
window were stored as the true closest matches for each segment. Next, each segment in the
index was compared to all other segments in the index. The closest matches in the index

were compared to the sliding window’s closest matches to create precision-recall curves.

Each dataset was run with three elastic windows: 5, 10, and 20 data points. The elastic
window was introduced to account for misalignments resulting from the linear approxima-

tions. Additional segmentation parameters for each dataset are given in Table 3.1.
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Table 3.1: Segmentation Parameters

Dataset P m Filter Size m’
ECG 8 100 10 600
Gait 4 80 10 600
Walk 2 25 ) 300

The parameter m was chosen as the average size of an interesting pattern. For example, a
step in the gait data set (heal down to toe up) was approximately 80 data points. Some care
must be taken to avoid rounding errors. In the ECG data set, m was chosen to match the
approximate size of the QRS complex (100 data points) instead of the entire heart beat (300-
360 data points) to avoid rounding errors. The parameter m’ was chosen to give context
before and after a salient region. This parameter has no affect on the location of salient

points and should be chosen based on the user’s need.

3.2.2 Motif Discovery

The motif discovery experiment compares results between the motif discovery algorithm
in [MKZ09] and a modified motif discovery algorithm using only salient segments. These
methods were compared with two metrics: redundancy and coverage. Redundancy measures
the percentage of the time series signal that is represented by more than one motif (i.e.,
the total amount of data points that exists are repeated in two or more motifs). Coverage
measures the percentage of the time series signal that is represented by the returned set
of motifs. Both motif algorithms were run with increasing & (finding the & closest motifs)
until no new motifs were returned. The parameters listed in Table 3.2 were used for the

experiment.

Medical time series are cyclic by nature. The parameters chosen to segment the signal

were tuned to find individual cycles, such as one heartbeat or one step. The time series signals
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Table 3.2: Motif Discovery Parameters

Dataset m/ R Reference Points
ECG 300 2 10
Gait 80 2 10
Walk 60 2 10

used for this chapter contain 90-100% activity. Therefore, motif results should contain high

coverage as most of the signal contains interesting patterns.

To assess redundancy, m’ was reduced from the search experiment. m’ is set to the
average complete cycle time for each signal. For example, one heartbeat takes approximately
300 samples in the ECG dataset. Two steps in the WALK dataset (left and right) take
approximately 60 data points, and one step in the gait dataset takes 80 data points. Only
one step is used for the gait dataset as each channel measures only one foot. Reducing m/
focuses the comparison on both methods’ abilities to isolate individual cycles. A small m/
should result in low overlap. Note, m’ has no affect on localizing salient points in salient

segmentation as shown in Equation 3.3.

The modified motif discovery algorithm finds the two closest segments 7 and j in the
index such that dist(i,]) = minyges dist(a,b) (where I denotes the set of all segments in
the index). Any segment 7/ with dist(?,%) < 2-dist(i, j) or dist(v,]") < 2- dist(i,j) are
deemed to be in the neighborhood of 7 or j respectively and are grouped together with
72 and 7. All segments in the neighborhood of ¢ and j are removed from the search and
the algorithm is repeated until no segments are left. The algorithm was modified from
the classical motif discovery algorithm presented in Section 2.3.1 to closely resemble more
recent work in [MKZ09]. The algorithm in [MKZ09] utilizes a fixed window w such that any

segment i’ where |7/ — i| < w is a trivial match to 7. The experiments for [MKZ09] were

5 m'

_ m/
repeated for w =m’, -, and -
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Figure 3.5: Displays precision-recall for the Walk, Gait, and ECG datasets. An elastic
window of 5, 10, and 20 data points is displayed for each signal. An increasing elastic window
has a small improvement demonstrating salient segmentation’s ability to consistently localize

salient points.

3.3 Results

3.3.1 Search

Precision-recall curves for the WALK, ECG, and gait datasets are shown in Figure 3.5.
Increasing the elastic window size has a small improvement for the gait and ECG datasets.
The WALK dataset has a small improvement with a 10-point elastic window and decreased
improvement with a 20-point elastic window. There are two sources for the variability in the
locations of salient points. First, the RDP approximation adds variability to the location of
salient points. Second, similar patterns are not necessarily exact. Therefore, the calculation
of saliency may yield slightly different locations of the most salient points in similar patterns.
However, both sources of variability are quite small, requiring only small elastic windows to

correct alignment.

Precision-recall results will eventually decrease as the elastic window expands. With a

constant m’, increasing the elastic window increases the probability that a new pattern (not

28



originally localized by salient segmentation) may be matched. The WALK dataset has a
quicker drop-off in performance with respect to the elastic window due to smaller pattern
sizes (in terms of data points). The average pattern size (one step) for the WALK dataset is
approximately 20-25 data points. An elastic window of 20 or more data points will include an
additional pattern (or step) on each side of the isolated segment. These additional patterns
cause false positives for segments that lie close to true matches. This phenomenon is shown
in Figure 3.5. The WALK data shows a decrease in precision with a large elastic window,

but recall is not affected.

The RDP linear approximation of the TSF curve added little variability to search per-
formance. However, close inspection of the TSF curve reveals that the RDP algorithm
suppressed a small percentage of peaks (salient points). This suppression resulted in a mi-
nor degradation in recall performance. The gait dataset had the simplest time series signals
(lowest entropy), with large differentials at the beginning and end of patterns. This causes
large peaks in the TSF curve, resulting in the filtering of very few salient points. In contrast,
the WALK dataset had the most variable signal (highest entropy) with the smallest differ-
ential between the start and end of patterns. The relationship between entropy and recall is

shown in the figures with increased recall for lower entropy signals.

The precision-recall results are notable, considering the number of segments suppressed
by salient segmentation. Table 3.3 shows the percentage of extracted signal for each time
series data set (the elastic window was not included for coverage calculations). Salient
segmentation resulted in segmenting below 2% of a sliding window. However, segments

within the index spanned near 100% of each time series signal.

3.3.2 Motif Discovery

The top 5 motifs for signals from each of datasets for both salient segmentation and the

motif discovery algorithm in [MKZ09] are given in Figure 3.6. Motif discovery with salient
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ECG Gait Walk

Figure 3.6: Displays the top five motifs returned by the motif discovery algorithm with salient
segmentation (SS) and the motif discovery algorithm in [MKZ09](MK). Salient segmentation
returns sets of aligned motifs unlike [MKZ09].

segmentation yields aligned motifs, while the comparison algorithm from [MKZ09] yields
motifs in an arbitrary alignment. Misaligned results demonstrate a poor representation of
a signal’s true makeup. By way of illustration, the results for motif discovery with salient
segmentation show that all three signals are composed largely of the same pattern. The
results from [MKZ09] appear to have five distinct motifs for each signal - but all five patterns

are extremely similar and are just returned in different alignments.

Overlap and coverage for all three data sets are shown in Figure 3.7 and Figure 3.8
respectively. The algorithm in [MKZ09] (denoted as MK) shows no overlap when using a
window of size m’ to filter trivial matches. This is expected as any points lying m’ data

points from a motif are considered invalid for future rounds of motif discovery, therefore

Table 3.3: Percentage Segmented by Salient Segmentation

Dataset Segmentation Percentage Coverage
ECG A% 99.9%
Gait 1.8% 96.7%
Walk 1.6% 98.3%
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Figure 3.7: Displays the percentage of time series that is represented more than once.

avoiding overlap. Also expected, decreasing m’ increases both overlap and coverage. Salient
segmentation yields lower overlap than the algorithm in [MKZ09] for the ECG and WALK

datasets, and similar overlap for the gait data.

The gait dataset resulted in a significantly higher overlap than the WALK and ECG
datasets for salient segmentation. The gait dataset measures pressure from shoes as subjects
walked. The on-off pressure is sharp and abrupt, often resulting in two salient points for
each step (heel down and toe up). This double segmentation of some steps results in an

increased amount of overlap.

Reduced coverage was exhibited for the gait and WALK datasets. Poor coverage had
two causes. First, both datasets have small regions of no activity (e.g., such as the sub-
jects standing still). These regions account for 2-10% of these datasets and result in no
segmentation within these regions. Therefore, coverage is extremely low in these regions (as
expected). Second, the WALK and gait datasets had the highest variability in the length
of a pattern cycle. For example, the WALK dataset comprised subjects traversing hallways,
and ascending/descending stairways, resulting in variable step lengths. The gait dataset’s

subject pool consisted of neurologically impaired patients (such as Parkinson’s disease and
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Figure 3.8: Displays the percentage of time series signal represented by the segmentation

algorithms.

ALS), resulting in inconsistent gait. Coverage can be improved by decreasing the a param-
eter for the RDP algorithm (Eq. 3.6) or increasing the size of m’. However, these changes

have a trade-off of with redundancy (overlap).

The overlap and coverage results are particularly compelling as no assumptions are made
about trivial matches when using salient segmentation. All and only salient segments are
matched in the motif discovery algorithm. No assumption is made on the proximity of
one segment to another removing the arbitrary measurements proposed in [LP02] [MKZ09].
These results are even more encouraging when considering the alignment offered by salient
segmentation. All similar motifs are in alignment vastly improving the quality of motif

discovery of algorithms from those in [LP02] [MKZ09].

3.4 Discussion

This chapter presented experiments with a fixed parameter m. This parameter was fixed

due to prior knowledge of the test datasets. Real world systems will not have as much a
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priori knowledge of an incoming signal. For instance, the ECG dataset consists of heartbeats
taken during low activity periods. A more realistic ECG dataset consists of more variable
heartbeats; and in general, medical databases must expect a higher variability of incoming
signals. Fortunately, salient indices are relatively small and the algorithmic complexity of
salient segmentation is low. Therefore, running salient segmentation on several values of
m can populate the index with differing levels of granularity to account for variability. As
shown with the gait dataset, salient segmentation sometimes suffers from over-segmentation.
Such segmentation results in some redundancy over multi-segmented patterns. Some care
should be taken when mining for patterns to avoid misleading results from redundancy.
However, the redundancy is manageable due to the alignment property offered by the salient
segmentation framework. For example, steps in the gait dataset that are segmented twice
would exist with two different, but consistent, alignments. When using the algorithm in
[IMKZ09] similar segments will lie in arbitrary alignments resulting in arbitrary measures to

remove redundancy (such as fixed windows for filtering trivial matches).

3.5 Optimizing Time Series Indexes

This section proposes the use of Salient Segmentation to intelligently reduce the size of an
LSH index. There are two main contributions to this section. First, this section presents
an improved Salient Segmentation technique to that proposed earlier in this chapter. The
technique presented previously relies heavily on filtering techniques to extract salient seg-
ments. The parametrization of this filtering is domain specific and often arbitrary. The
improved Salient Segmentation algorithm requires no filtering, thereby eliminating subjec-
tivity. Second, this section presents the performance improvements of LSH indexes populated
with only salient segments over LSH indexes populated with all segments (both salient and

non-salient).

The proposed method is evaluated on the three publicly available datasets used previ-
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Figure 3.9: Displays the same pattern at three different alignments. The most salient point
is marked for each alignment. The TSF defined in (3.5) would label all three alignments

with the same saliency resulting in poor localization of the salient point.

ously. Search results of this method are compared to using LSH alone (e.g., populating
the index with all segments including both salient and non-salient segments). In all three
datasets, the salient index returned near identical results to the complete index and reduced

the number of computations by 80% or more.

The new proposed method improves over the previous method in two ways. First, Markov
chains are not inherently good at localizing the exact location of a salient point. Fig. 3.9
shows three alignments of the same pattern with the most salient point denoted. The
TSF defined in (3.3) labels all three alignments with the same saliency resulting in poor
localization of the salient point. Second, (3.3) results in an extremely noisy TSF making
it difficult to label local maxima. Both these issues were addressed previously by filtering
the TSF. However, the parametrization of the filtering is extremely subjective and domain

specific. An improper parametrization can lead to over- or under-segmentation.

This new method address both issues in the previous Salient Segmentation algorithm.
First, saliency is calculated by using a range of segment lengths unlike one static length in
the previous method. The average of each segment width’s saliency centered around point ¢
defines the saliency of i (T'SF;). Second, the saliency function is updated to use entropy. The
updated saliency function provides a far smoother TSF resulting in the ability to localize

salient points without filtering.
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3.6 Improved Method

There are two main components of the experimental implementation: index structure and
index population. Index structure utilizes LSH and is the process of indexing segments.

Index population is the process of inserting salient segments into the index structure.

3.6.1 Index Structure

The index structure utilizes the LSH scheme based on p-stable distributions defined in

[DI104]. The authors propose the following hash function:

has(v) = | 220 (3.7)

w
where a is a randomized vector following a Gaussian distribution, b is a uniformly randomized
vector, and w is a predefined constant. Using the properties of the p-stable distribution, the

authors show that the probability of collision is calculated as:

p@) = [0 - D, (33)

with ¢ being the distance between two vectors. As can be seen by (3.8), the probability of
collision decreases monotonically as ¢ increases.

As stated earlier, the gap between p; and p, is enlarged by combining several functions
together. This is accomplished in two ways. First, k& hashes are combined to form one parent
hash. Objects x and y are matches if all £ hashes match between x and y. Second, L parent
hashes are created such that objects z and y are matches if at least one of the L parent
hashes match between x and y. Therefore, a total of kL hash functions (defined by (3.7))

are created such that each a and b are drawn independently.

The parametrization of the LSH hashing scheme is shown in Table 3.4. A detailed
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Table 3.4: LSH Parametrization

Parameter Value
|v| 512 (ECG, GAIT)
64 (WALK)
R 3
w 4
c 4

explanation of the parametrization of LSH is given in [DII04].

3.6.2 Index Population

The index is populated using an improved Salient Segmentation method. This method
models a time series as a Markov model such that the probability of each point is defined as

follows:

p(ti) = Pr(T|Ti-1 = ti1) (3.9)

The saliency of a time point ¢; is calculated using the entropy of different window sizes

centered at t;:

z+2
TSF;, = — > > plt)logp(ty), (3.10)
‘W‘ weW j= z——

where W is the set of window sizes. For best results, window sizes should range from the
smallest pattern expected to the largest pattern expected. The experimental window sizes

are given in Table 3.5.

Each point t; that corresponds to a local maximum at T'SF; is extracted as a salient

segment defined in the range [i — %, + %], where m is the size of the extracted (indexed)
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Figure 3.10: A.) Displays the number of true results returned by the salient index over the

number of true results returned by the full index with an increasing amount of buffer. B.)

Displays the number of LSH results (pre-pruned) of the salient index over the number of

LSH results for the full index with an increasing amount of buffer.

segment.

3.7 Results

Two databases were created for the experimental section. Both databases use the LSH
indexing structure presented by [DII04]. The first database uses a salient index and populates
the index with only salient segments. The second database uses a full index and populates the

index with all segments (i.e., both salient and non-salient segments). As shown in [WLS11],

Table 3.5: Salient Segmentation Parametrization

Dataset Min Max Increment

ECG 25 230 25
GAIT 100 200 10
WALK 20 40 2
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Salient Segmentation yields similar alignments for similar patterns. This means that two
similar salient patterns may differ slightly in their alignment. Non-elastic distance measures,
such as Euclidean distance, can be largely affected by small misalignments. Therefore,
recall can be improved dramatically by including a small number of neighboring segments to
each salient segment. For example, assuming a salient segment centered at t;, all segments
centered between tiz and tirz are also inserted into the index, where p is defined as the

added buffer. During experimentation, p was varied to test its effects.

Fig. 3.10 compares salient indexes (includes only salient segments) to full indexes (in-
cludes both salient and non-salient segments). Fig. 3.10 A shows the the number of true
results returned by the salient index over the number of true results returned by the full in-
dex. An increase in buffer improved the results for all three datasets. However, the increase
in buffer also increases the number of pruned results as shown in Fig. 3.10 B. The ECG
and GAIT datasets are optimal with a buffer size of 40 (for a salient segment at ¢;, index all
segments from ¢; o9 to t;199). For a buffer of 40, the ECG and GAIT datasets retrieve 92%
and 89% respectively of the full results and prunes only 15% and 8% respectively than that
of the full LSH index. Results for the WALK dataset are best with a buffer of 10-20 with
70%-85% of the full results set with 18%-37% of the number of pruning operations.

The percentage of pruning results increases much faster for the WALK dataset than
that of the ECG and GAIT datasets since the segment size is much smaller for WALK.
For instance, one cycle (or step) in the WALK dataset consists of approximately 50-60 time
points. Therefore, a buffer of size 40 would result in an index that is very close in size to

the full index.

The overall performance of the WALK dataset is not as good as the ECG and GAIT
datasets due to two reasons. First, accelerometer data is far more diverse than the GAIT
and ECG datasets. This means that the measured difference (Euclidean distance) of the ac-

celerometer values between two similar steps is larger on average between two similar heart-
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Figure 3.11: Displays the percentage of signal covered by salient segmentation for the ECG,
GAIT, and WALK datasets.

beats in ECG or two similar steps in GAIT. Second, the WALK dataset is much smaller
than the ECG and GAIT dataset. The full WALK dataset consists of about 0.4M indexed
segments versus the ECG and GAIT datasets with 61M and 11.4M indexed segments respec-
tively. Given a larger diversity with a smaller number of potential matches, the experiments
must be run with a relatively larger R for WALK (note that all datasets use the same R, but
WALK has a much smaller segment size). A smaller R will result in extremely small result
sets for both the salient and full indexes. This small R will therefore yields an artificially
high performance for the salient index. For example, result sets may be of size 1 where the

results include only the search segment.

For the previous experiment, the search segment was randomly selected from the group
of salient segments. In order for this experiment to be valid, salient segments should cover a
large amount (or all) of their respective time series signal. Fig. 3.11 displays the percentage
of signal covered by salient segmentation for the ECG, GAIT, and WALK datasets. All

three datasets have coverage of at least 97% and therefore, their respective salient indexes
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consist of a large majority of the original time series signals.
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CHAPTER 4

Online Aggregation of Biomedical Time-Series Data

Difficulties in searching and mining medical time series data arise from the high dimensional-
ity and the sheer size of the data. Techniques such as k-means clustering and Motif Discovery
are not tractable due to high complexities; (O(n®*!logn) and O(dn?) respectively, where d
is the number of dimensions, k is the number of clusters, and n is the number of objects).
Previous works have reduced the number of dimensions to help mitigate the inherent high
runtime complexities of data mining algorithms [FRM94]. However, certain domains, such
as medical time series signals, are largely dominated by n (n >> d) [WLS11] and therefore,
reducing d does very little to improve the overall runtime. In addition, a significant decrease
in d may not be possible, as the underlying intrinsic dimensions may also be large. At-
tempts to decrease d to a smaller space than the intrinsic dimensions will impair the overall

discriminatory power of any classifier.

This chapter presents an online aggregation algorithm for constructing efficient time
series data indexes. This algorithm takes in a stream of objects and groups them to highly
concentrated collections. An aggregated index is composed of an object representative from
each collection. Searches and data mining tasks are constrained to only the aggregated index,
thereby significantly improving performance with respect to memory and computational
complexity. Similarity is defined by the L, norm (but any L, norm can be used). Locality
Sensitive Hashing (LSH) [DII04] is used to reduce the overall complexity of the algorithm,

allowing it to run online.

The proposed algorithm runs similar to the Online Facility Location problem [Mey01].
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An input segment is hashed using LSH. If this hash collides with a facility (e.g., an existing
grouping), the segment is assigned to that facility. If no collisions occur, a new facility (or
grouping) is created and inserted into the global hash table. The aggregation algorithm is
based on the assumption that classes, in terms of classification, are composed of multiple

tight sub-groupings where L, norms have high discriminatory power [BFG99).

Similar indexes have been proposed in textual databases such that redundant information
is indexed only once [HLY07][ZS07][BEF06]. Such indexes are often used with versioned data
such as indexing the Internet Archive (a collection of over 85 billion versioned web pages
over the last decade), version control systems, wikis, data backup solutions, etc. In general,
documents are broken down into fragments. Fragments that occur in multiple documents
(or versions) are indexed only once. Fragments are chosen in an optimal (aligned) manner
such that the number of index fragments is minimized. These systems have been shown to

significantly improve search performance by reducing the overall search space.

Index compression is another approach to reducing the size of a textual database. Early
algorithms ordered an index by document IDs [ZMO06]. Instead of containing each document’s
ID, these techniques contained the difference between a document’s ID and the previous ID
(termed d-gap). Such a technique will result in smaller integers contained in the index
thereby increasing compression ratios. Later techniques reassigned document IDs such that
documents that shared similar terms had similar IDs [SCS03][SOP04]. In such schemes, the
index contains many tight clusters with small d-gaps with large d-gaps between clusters.
This layout would increase compression ratios over randomly assigned documents IDs as the
average d-gap was very small. While not studied by this dissertation, such a technique is
complementary to the technique proposed by this chapter. Segment I1Ds could be reordered

in a similar fashion and decrease d-gaps allowing for significant index compression.

Real data is used in the analysis of this algorithm. The proposed algorithm yields log-

arithmic growth of groupings while keeping sensitivity and specificity above 98%. Search
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and clustering performance (in terms of computations) is improved by several orders of mag-
nitude. This algorithm has a low computation and memory complexity, allowing it to run

online.

4.1 Method

The proposed algorithm takes in a stream of objects from a biomedical time-series signal.
Objects are defined by the segmentation. This chapter assumes two types of segmentation:
segmentation by events and segmentation by sliding window. Event-based segmentation are
domain specific. Examples include heartbeats of an ECG signal, a cycle in the arterial blood
pressure, etc. For sliding window segmentation, segments are extracted by sliding a window
along the time dimension, indexing each possible segment. Each slide (or translation) of the
window is of D data points where D > 1 (this chapter sets D = 1 for all datasets). A fixed

window size is assumed for both types of segmentation.
On an input object u, the following four procedures are run:
1. Find the hash of u (H,) using LSH
2. Search the global hash table for collisions V
3. Calculate d, = ||u — v||,Yv € V

(a) If d, < R, assign u to v (on multiple matches, assign randomly)

(b) Else, create a new grouping ¢g with hash H,, add u to g, and add g to the global
hash table

The LSH implementation using p-stable distributions is used as the hashing algorithm
[DI104]. This algorithm uses the following hash function:
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a-v+b

hap(v) = |[=——] (4.1)

Where a is a randomized vector following a Gaussian distribution, b is a uniformly ran-
domized vector, and r is a predefined constant. Using the properties of the p-stable distri-

bution, the authors show that the probability of collision is calculated as:

p@) = [ 00 - Dy (42)

C C r

With ¢ being the distance between two vectors. As can be seen by Equation 4.2, the

probability of collision decreases monotonically as ¢ increases.

Each grouping is represented by its initial object. Upon completion of the aggregation,
each grouping’s representative is placed into the aggregated index. LSH indexing is used
in the experimentation for this chapter. However, this work could be applied to other
indexing techniques such as spatial trees. LSH was chosen for analysis due to LSH’s sub-

linear theoretical complexity.

Searches are constrained to only the aggregated index. A mapping table is kept between
a grouping’s representative object and all its contents. When a matching representative is

found, all objects from its respective grouping are returned.

4.1.1 Computational Complexity

This chapter assumes an optimal hashing algorithm with a sufficiently large table. Therefore,
the complexity of the algorithm is dominated by pruning (or distance computations). As

shown in [IM98], the number of distance computations per object is bounded by O(n”), where

_ Inl/pm
P = In1/p2

and n is the total number of objects. This yields a total runtime complexity of
O(n*’). In practice, the overall runtime is much lower as the search space is significantly

reduced (i.e., the search space grows sub-linearly with respect to the number of objects).
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Therefore, the actual the number of groupings (7) at any point in the algorithm is much less
than n (1 << n). Therefore, we get a runtime complexity bounded by O(nn?) where, in

general, n << n.

Memory is bounded by O(n + nL). Notice that k is not included in the memory com-
putation, because LSH creates L different hashes, each composed of k£ sub-hashes. A match
is defined by two segments that match for at least one of the L hashes. A matching of one
of the L hash functions is defined as a match of all of the k sub-hashes. Therefore, each of
the k£ sub-hashes can be combined and hashed to a single integer. Hence, the overall storage
required to store L LSH hash results is L. As stated earlier, the number of groupings n is less

than the total number of objects. In practice, the algorithm will be bounded by O(n +nL).

4.2 Experimental Setup

Four datasets composed of various types of biomedical signals are used in the analysis of this

chapter. The datasets are as follows:

1. MIMIC Database [MM96][GAGO00]. This dataset contains multiple channel record-
ings taken from patients in intensive care units. Electrocardiogram (QRS), arterial
blood pressure (ABP), and fingertip plethysmograph (PLE) were used in the anal-

ysis.

2. MIT-BIH Arrhythmia Database (MITDB) [MM88][GAGO00]. This dataset contains
several 30-minute segments of two-channel ambulatory ECG recordings. These sam-

ple included arrhythmias of varying significance.

3. Gait Dynamics in Neuro-Degenerative Disease Database [HMF97][HLC00][GAGO0].
This dataset contains data gathered from force sensors placed under the foot. Healthy

subjects as well as those with Parkinson’s disease, Huntington’s disease, and amy-
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otrophic lateral sclerosis (ALS) were asked to walk while the data was recorded.

Data includes 5-minute segments for each subject.

4. WALK [WLS11]. This dataset contains a series of annotated recordings from a
tri-axial accelerometer worn in a subject’s pants pocket. Data was recorded while

subjects travelled through the interior of a building.

The proposed aggregation algorithm is assessed using five experiments. The first experi-
ment aggregates times series signals and displays the growth of groupings with respect to the
number of objects with varying values of R. This experiment is run using both event-based
segmentation and sliding window segmentation. All three channels of the MIMIC dataset
were used for testing event-based segmentation. Segmentation was based on the dataset’s
annotations. For sliding window segmentation, the MIMIC database along with the GAIT
and WALK datasets were used.

The second experiment tested the sensitivity and specificity of the proposed aggregation
algorithm. The MITDB database was used for this experiment. The MITDB database is
composed of well-annotated two-channel ECG. Time series signals from the MITDB database
were aggregated using the proposed algorithm with event based segmentation. Each segment
is initially labelled using the dataset’s annotations (ground truth labels). Each grouping is
labelled using its representative’s ground truth label. Sensitivity and specificity are calcu-
lated by comparing each segment’s true label to that of its grouping label. The MITDB was
used in lieu of other datasets as those datasets do not have annotated class labels for the

segmented objects.

The third experiment assesses the improvements of clustering when limiting the clustered
elements to only grouping representatives. The Fast k-means algorithm [Elk03] is run on
both the aggregated and non-aggregated data. Only event-based segmentation of the MIMIC
dataset was used. Sliding window segmentation was not assessed as it has been shown to

be ineffective for clustering time series signals due to redundancy [KLO05]. The number of
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iterations is used to demonstrate the performance improvements when using an aggregated

signal.

The fourth experiment compares the size of salient indexes [WLS11] to that of aggregated
indexes. The MITDB, GAIT, and WALK datasets were used (as these were the same datasets
used in [WLS11]).

The fifth, and final experiment, tests the improvement of subsequence search when using
aggregated indexes. The index was populated with the MITDB dataset along with two
additional datasets. The MIT-BIH Noise Stress Test Database (NSTDB) [GAGO0][MMM&84]
and the MIT-BIH ST Change Database (STDB) [GAGO00] were added to increase the overall
size of the database. Both a standard LSH index along with an aggregated LSH index were
composed. 100 random searches were performed while measuring the respective memory

usage, precision and recall.

Each segment is normalized using the standard score normalization function:

X —p
g

(4.3)

No filtering was used unless explicitly noted. In general, proper filtering improves the
results of machine learning and data mining tasks. However, this chapter forgoes filtering
processes to avoid any effects of filtering (both positive and negative). A fixed segment size
was used is the experimentation that varied across datasets. Each dataset’s parametrization
is listed in Table 4.1. As it is assumed that each dataset is cyclical, segment sizes were
chosen to encapsulate one cycle. Cycle sizes do vary; however, the proposed algorithm is

fairly resilient to the choice of segment size (as shown by the results).
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Table 4.1: Dataset Parameters

Dataset | Segment Size Sampling Rate
MIMIC 128 125Hz
MITDB 512 360Hz
GAIT 512 300Hz
WALK 60 50Hz
NSTDB 512 360Hz
STDB 512 360Hz
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Figure 4.1: Displays the growth of clusters with increasing number of objects for the MIMIC
dataset (including QRS, PLE, and ABP). Both event-based segmentation (left) and sliding
window segmentation are shown (right). Each type of data shows sub-linear growth with a

decreasing rate of growth with increasing R.

48



6000 R=2 - = =R=3 R=4
4000 -
@ 2000F
o | e = =
o | e m====
‘8 0 N il 1 ! ! L L L L
5 0 1 2 3 4 5 6 7 8
o} WALK X104
€ 6000
>
Pz
4000+
2000+
O mm e e . wn o ves e el v ww e v dw e v oww e e ww ww e | - e
0 2000 4000 6000 8000 10000

Number of Objects

Figure 4.2: Displays the growth of clusters with increasing number of objects for the GAIT
and WALK datasets. Only sliding window segmentation is used. Both datasets show sub—

linear growth with a decreasing rate of growth with increasing R.

4.3 Results

4.3.1 Sub-linear growth of groupings

Fig. 4.1 and Fig. 4.2 displays the growth of groupings with respect to the total number
of segments. Fig. 4.1 displays this growth with the MIMIC dataset (including QRS, PLE,
and ABP). The left side of the graph displays the growth for event based segmentation and
the right displays results for sliding window segmentation. Fig. 4.2 displays the growth of
groupings for the GAIT and WALK dataset with only sliding window segmentation as there
are no annotations for segmentation for these two datasets. Three values for the radius were

tested: R = 2,3, and 4.
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All datasets show sub-linear growth with respect to the total number of objects. Growth is
decreased with an increased radius. The rate of growth appears to be similar for both sliding
window segmentation and event-based segmentation. Note that sliding window segmentation

contains a much larger number of segments than that of its sliding window counterpart.

The effects of the radius R vary across datasets. For example, the WALK dataset shown
in Fig. 4.2 reduces the total number of segments by about one third for a radius of R = 2.
However, a radius of R = 3 or R = 4 shows excellent sub-linear growth. This is caused
by two factors. First, the WALK dataset is much smaller than all other datasets. As more
data is collected, there is a high probability of seeing a pattern that was previously seen.
Therefore, smaller datasets may not experience as much reduction as larger datasets. Second,
the WALK dataset is the most variable dataset tested by this chapter. Accelerometer data
is inherently noisy especially when the accelerometer is not affixed to the body (as with the
WALK dataset). The results in Fig. 4.2 demonstrates the algorithm’s susceptibility to noise.

This noise can be improved by increasing R as well as adding filtering.

Fig. 4.3 shows the effect of filtering the data before aggregation for the WALK dataset.
A basic high pass filter is used by assigning each time point as the mean of a surrounding
window of size 10 (approximately 0.2 seconds). A significant decrease in the cluster growth
is observed. The choice of filter can either improve or hurt the results (in terms of sensitivity
and specificity). For brevity, a complete analysis of proper filtering techniques is left to

future work.

A summary of the reduction of each type of data is given in Fig. 4.4. MITDB, NSTDB,
and STDB are excluded as they are all ECG (same as QRS for the MIMIC dataset).
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Figure 4.3: Displays the growth of clusters with increasing number of objects for the WALK
dataset with a fixed R = 2. Results are shown with the WALK dataset filtered and unfiltered.

Filtering is shown to slow object growth.
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Figure 4.4: Displays the aggregated index sizes for all types of data with R = 2,3 and 4 as

compared to original index size.
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Sensitivity and Specificity
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Figure 4.5: Sensitivity and Specificity with varying radius (R) for the MITDB dataset. Both

specificity and sensitivity drop significantly with R > 4.
4.3.2 Sensitivity and Specificity

Increasing the radius R for the proposed algorithm decreases the growth of groupings. How-
ever, this increase in R has a cost. Increasing the radius for an acceptable match increases
the probability of incorporating incorrect matches to a grouping. Fig. 4.5 shows the change
to sensitivity and specificity with varying values of R. As expected, an increase in R degrades
performance of the proposed algorithm. A significant drop off is observed for a radius of

R > 4. Hence, all other experiments used a value of R < 4.

The effect of R on the sensitivity and specificity may change depending on the dataset.
However, only the MITDB dataset was used in this set of experiments as no other datasets
included in this chapter have appropriate annotations for calculating performance measures

(i.e., only MITDB contains class labels).
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Figure 4.6: Displays the number of iterations when clustering using the fast k-means algo-

rithms [Elk03]. Results for both aggregated and raw data is shown for the MIMIC dataset.
4.3.3 Clustering on aggregated indexes

Fig. 4.6 displays the number of iterations of the fast k-means algorithm in [ElkO3] for the
MIMIC dataset. The number of iterations is shown as a function of the total number of
segments. Only event-based segmentation was used in this experiment as it has been shown

that clustering using sliding window segmentation has little to no meaning [KL05].

As shown by Fig. 4.6, the number of cluster iterations for non-aggregated indexes exhibits
growth that is greater than linear. When clustering on aggregated indexes, a seemingly linear
(or sub-linear) growth is observed. Fig. 4.5 demonstrates that the aggregation results in
only a small degradation in sensitivity and specificity with small values of R. Data mining
on aggregated indexes will therefore make algorithms more tractable while ensuring a high

level of accuracy.
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Table 4.2: Sizes of Salient and Aggregated Indexes
Dataset | Salient Segmentation Aggregated Index

R=2 R=3 R=4

MITDB 0.4% 11.1%  1.8% 1.0%
GAIT 1.8% 56%  1.7% 0.82%
WALK 1.6% 40.2% 1.3% 1.0%

4.3.4 Comparison of Salient and Aggregated Indexes

Table 4.2 displays the index sizes of Salient Segmentation versus those from the proposed ag-
gregated indexing algorithm. Both algorithms achieve similar results. However, Salient Seg-
mentation is lossy, meaning much of the time series signals are excluded from the database.
When using aggregated indexing, only the groupings are added to the index (search space).
However, any segment belonging to a grouping can be associated to the grouping through a
mapping table. Hence, the database may still contain all segments from the original signal

resulting in lossless storage of the signal.

4.3.5 Comparison of LSH on aggregated and non-aggregated indexes

Table 4.3 displays memory and precision for both an LSH index and an LSH aggregated
index. Precision and recall are calculated by the annotation labelling. Precision for LSH
alone is marginally better than LSH with an aggregated index. However, the average memory
for each query is approximately 15 times less for the aggregated index. As the growth of
groupings is less than linear with respect to the number objects, memory improvements will

increase with larger databases.

The aggregated index has a recall that is slightly better than LSH alone. An improvement
in recall is largely due to distant matches (those that have a distance of approximately R

to the query segment) that are less likely to have colliding hashes with the query segment.
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Table 4.3: Memory, Precision and Recall for Aggregated Index as compared to LSH alone
Non-Aggregated Index Aggregated Index

Precision =~ Memory ‘Precision Memory Recall

0.9523 9424kB ‘ 0.9428 691kB  +5%

For example, if a query segment has two distant matches, where both distant matches are
extremely close to each other, then it is possible that the query segment will have a matching
hash with just one of the distant matches. In addition, the two distant matches will probably
have several matching hashes resulting in the two matches being aggregated to the same
grouping. Therefore, LSH alone will miss one of the distant matches, while LSH on an

aggregated index will likely match to the grouping and retrieve both distant matches.

Precision is slightly lower for the aggregated index as any distant groupings (distance of
approximately R to the query segment) may contain objects that are greater than R from

the query object. However, the effects of such groupings appear to be minimal.

4.4 Summary

This chapter presented an algorithm for constructing an aggregated medical time series
index. The algorithm is based on the observation that medical time series signals are often
composed of similar and repetitive cycles. Therefore, the size of the index can be significantly
reduced by only including unique patterns. For the purpose of this chapter, two patterns are
considered to be the same if the corresponding Euclidean distance is less than R. Euclidean
distance has been shown to have high discriminatory power for small values of R [BFG99].

Hence, small neighborhoods with radius R tend to consist of a single class.

The proposed algorithm runs similar to the Online Facility Location problem [Mey01].
An input segment is hashed using LSH. If this hash collides with a facility (e.g., an existing

grouping), the segment is assigned to that facility. If no collisions occur, a new facility (or
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grouping) is created and inserted into the global hash table. Each grouping is represented

by its first resident and only the representative is added to the index.

This chapter showed that the total number of groupings created by the algorithm grows
sub-linearly with respect to the total number of objects for many medical time series signals.
Aggregated indexes are shown to significantly improve performance of searching and mining

medical time series with little degradation in the quality of results.
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CHAPTER 5

Monte Carlo Subsequence Matching

5.1 Introduction

This chapter presents a randomized Monte Carlo approach for improving search results.
This approach enlarges search results while ensuring precision and yielding higher relative
information gain. This method is built upon two assumptions: time series databases are
extremely large, and result sets follow a Gaussian distribution. The proposed method consists
of two steps. First, a query segment ¢ undergoes m randomizations constructing a set () of
query segments where || = m. Next, a R-NN search for each u € @) is performed using the
l> norm (Euclidean distance). The Euclidean distance between ¢ and all segments u € @
follows a Gaussian distribution with a mean pg and standard deviation og determined by

the randomization.

Locality Sensitive Hashing (LSH) [GIM99] is employed as the underlying hash-based
nearest neighbor search algorithm. Under an LSH family of hash functions, similar objects
have a higher probability of collision (and vice-versa). A search using LSH has a proven
sub-linear computational complexity. This is unlike spatial time series databases that have
been shown both theoretically and experimentally to perform worse than sequential search

for data with as little as ten dimensions [WSB9S].

Results from this chapter are shown both theoretically and experimentally. Experiments
are run on both synthetic random walk and real-world publicly available datasets. The

randomized approach increased the number of search results by several orders of magnitudes
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over LSH alone while keeping similar preciseness. Experimental databases contained tens
of millions of indexed subsequences showing both correctness and scalability. However, the
proposed algorithm is highly parallelizable, potentially allowing for databases of a much

larger scale.

5.2 Method

The following solution is founded on two assumptions:

1. Time series databases are extremely large; and

2. Result sets follow a normal distribution.

The first assumption implies that only a subset of true matches is required by a query,
and therefore, an accurate sampling is sufficient. The second assumption allows for a Monte
Carlo estimation of the true result set. Distances from a search segment s to its result set
S are therefore modelled as a normal distribution N(ug,os). m randomizations of a query
segment s are used as queries into a time series database using Locality Sensitive Hashing
(LSH). The randomizations of s are created such that the query results S are a Monte Carlo

approximation of S and therefore form a normal distribution with pug and og

Each time series segment is assumed to be normally distributed (N(0,1)). The distance

between two time series segments s and s is defined as follows:

i=0
where 2 is a normalization factor due to the fact that the distribution of the differences

between two N(0, 1) variables is N(0,2). This results in dist(s, $) to be distributed as a chi

distribution with the following property:
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lim dist(s,8)/2 — pa

n—o0 (o]

~ N(0,1), (5.2)

where 14 and o4 are the mean and standard deviation, respectively, of the match population
of s. This chapter assumes a large n of at least a several hundred (> 200) allowing the
previous property to hold approximately true. We therefore can produce a sampling of

matches of s by randomizing each time point in s to create s such that:

s(i) — 8(i) ~ N(0,07), (5.3)

where o, is the standard deviation of the randomization of s. We define Y to be an indepen-
dent random variable drawn from dist(s, S ) and X to be an independent random variable

drawn from s(i) — 5(¢). Y is therefore distributed as:

Y=Y X2=0,xn (5.4)
i=0

This yields a mean and standard deviation of:

= 0fi Jﬂr(%l) (5.5)
w o)
0= 0,0y, =0p\/(n—pi2 ), (5.6)
with ['(z) being the gamma function defined as:
I'(z) = / tre~tdt (5.7)
0

A lookup table for ;4 and o can be found in Table 5.1 as these computations can suffer
from rounding error. For large n, distances between s and elements in S are given by the

following distribution:

29



Table 5.1: Lookup table for 1 and o assuming a o4 = 1.

n W o?

128 11.2916 .4990
256  15.9844 .4995
512 22.6164 .4998
1024 31.9922 .4999
2048 45.2493 4999

Y ~ N(O—TILLXn7 O-TO—Xn) (58)

However, the likelihood that a randomized segment exists within a database is extremely
low. This is especially true as both the granularity of points and length of time series (n)
increase. Therefore, a Monte Carlo approximation is unlikely to yield reasonable results
unless the number of samples is infinitely large. Therefore, all neighbors within a distance
R to a randomized signal is used in the set of returned results. The probability of finding a
segment s with distance in the range of [x — R,z 4+ R] to the search segment can be defined

as:

1 THR (o p)?
flz) = m/m e 5 do (5.9)
There is no closed form solution to Equation 5.9, however, as R approaches 0, f(z)
approaches a Gaussian distribution. This chapter assumes an R that is relatively small.
Hence, the error introduced by LSH adds a negligible amount to the bounds of the proposed

randomization approach. This is heuristically shown in Figure 5.1.
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Figure 5.1: Shows the convergence of Equation 5.9 as R — 0.

5.2.1 Complexity

As stated earlier, the algorithmic complexity of LSH is sub-linear and dominated by O(N?)

distance computations (pruning) where p = }E}g ; and N being the size of the database.
Assuming a segment size of n, the randomization process is O(mn) where m is the number
of randomizations. LSH is run m times yielding a complexity dominated by O(mN”) (as

O(mN*) > O(mn)). This is still sub-linear as m << N.

5.2.2 Trivial Matches

This chapter uses the formal definition of trivial matches proposed in [LP02]. Two segments
i = [i,i+m'] and j = [}, j +m/] are trivial matches if dist(z, j) < thr and there is no segment
i = [i',i' +m'] where i <i' < j and dist(i,i') > thr [LP02]. Trivial matches add redundancy
to the result sets as they represent the same patterns with small translations. This chapter
probabilistically filters trivial matches by removing any segments that lie immediately next
to or one time point away from a previously extracted segment. More formally, given a

segment u; returned by an LSH search, the segments u; 1, u;_2, u;11, u;1o Will be filtered as
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trivial matches (where i is the starting point of segment «). In addition, all trivial matches
to previously declared trivial matches will also be removed. The observation is that trivial
matches occur in small runs of neighboring segments. The probability of LSH missing one
neighboring trivial match (py) is reasonably high in practice, but the probability of missing

two neighboring segments(p3) is quite low.

5.2.3 Filtering Optimization

LSH returns all segments with colliding hashes. The result set may contain several false
positives. These false positives are filtered by taking the Euclidean distance between the
query segment and all matches returned by LSH. Any segment with distance greater than R
to the query segment is filtered. During experimentation, it was found that a large proportion
of time was spent pruning false positives. Each dataset consists of tens of millions of indexed
segments, and therefore, even a small percentage of false positives results is a large number

of segments. This is especially true when aggregated over several random query segments.

To improve performance, results were pruned using the original query segment and not the
randomized query segment. Note, that the original algorithm searches and prunes results
for each randomized segment independently. In this optimization, results were kept with
probability based on their distances to the original query segment using the distribution

Y ~ N(O-TILL)OH O-TO-Xn)'

This pruning technique also improved the results for LSH (deemed LSH with sampling).
Therefore, this chapter compares the Monte Carlo approximation with both LSH and LSH
with sampling. To note, LSH result sets could be improved by raising the value of R and run-
ning LSH with sampling to avoid the overhead added by the Monte Carlo scheme. However,
the search runtime using LSH is heavily dominated by the number of distance comparisons
during pruning. The Monte Carlo approximation raises the theoretical bound of pruning by

a factor of m. On the other hand, raising R exponentially increases the theoretical bound.
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With the assumption of uniformly distributed search space, raising R increases the search

space by R? (where d is the number of dimensions).

5.3 Setup

This chapter leveraged four datasets in its assessment of the proposed method. These

datasets include:

1. MIT-BIH Arrhythmia Database [MMS88] (ECG). This dataset contains several 30-
minute segments of two-channel ambulatory ECG recordings. These sample included

arrhythmias of varying significance.

2. Gait Dynamics in Neuro-Degenerative Disease Database [HLC00] [HMF97] (GAIT).
This dataset contains data gathered from force sensors placed under the foot. Healthy
subjects as well as those with Parkinson’s disease, Huntington’s disease, and amy-
otrophic lateral sclerosis (ALS) were asked to walk while the data was recorded.

Data includes 5-minute segments for each subject.

3. Synthetic Signal (SYN) - This dataset was created using the function f(z) = 27_; L
sin(rx23%%)+rand(1). This is a derivative of the pseudo periodic synthetic time series
data set presented in [PLC99]. The randomization inserted by rand(1) is to model
noise. This dataset helps to assess both LSH and the Monte Carlo approximation’s

stability with noisy time series signals.

4. Synthetic Shapes (SHAPE) - This dataset was created to asses precision and re-
call and is composed of ten different shapes with varying levels of Gaussian noise

displayed in Fig. 5.2

Each dataset was indexed and inserted into the the database. A total of 50 segments

were randomly chosen as query segments from each dataset. These segments were searched
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Figure 5.2: Displays the ten shapes (classes) in the synthetic shape dataset with Gaussian

noise.

using LSH, LSH with sampling (proposed in Section 5.2.3), and the full Monte Carlo method
proposed by this chapter. Both the standard deviation of the randomization (o,) and the
number of randomizations (m) were varied for the Monte Carlo experiments. The attributes
of each dataset are given in Table 5.2. The radius R is relative to the normalized distances

(e.g., segments are normalized before finding the Euclidean distance).

The percentage improvements of result sizes of the Monte Carlo approximation over LSH
and LSH with sampling are shown. The percentage increase is used as a comparison in lieu
of raw counts due to the high variability in the size of result sets. The number of results is
highly dependent on the random segment extracted from the time series signal. For example,
a common heart beat from the ECG signal will generally match to several thousand segments.

An anomaly, on the other hand, may only match to a couple of segments.

Precision and recall was assessed only for the SHAPE dataset with varying amounts of
Gaussian noise. The ECG, GAIT, and SYN datasets are not annotated to label specific
neighborhoods. In addition, these datasets have tens of millions of instances and manually
creating these labels is not feasible. However, the respective means and standard deviations

of the Euclidean distance between the result sets and the query segment are given to show
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Table 5.2: Dataset Attributes
Dataset Number of segments Segment length R

ECG 70M 012 3

GAIT 15M 512 3

SYN 10M 128 3
SHAPE 1M 600 1.5

correctness. In addition, example result sets are displayed visually for each dataset for further

evidence of correctness.

The run time of the Monte Carlo approximation was also evaluated. This experiment
consisted of 50 random runs using both LSH and the Monte Carlo approximation. Wall
clock time (in seconds) is presented. All experiments were run on an Intel(R) Core(TM) i5

CPU 650 processor clocked at 3.2 GHz [Int11] running Ubuntu 11.10 [Pet11].

The Monte Carlo approximation and LSH were implemented in Python version 2.7
[Pyt09] and utilized a MySQL 5.1.58 database [MyS] for storing, indexing, and retrieving
hash values. Raw time series signal were segmented using a sliding window and all unique
segments were indexed. An indexed segment in the MySQL database contained a link to the
raw time series signal along with its location within the time series. A segment was indexed
using its hash values generated by LSH. Segments were retrieved from the file system in
batches by sorting segments by their respective host file and location within this file. This

is an extremely important optimization as file systems perform poorly under random access.

The implementation of LSH in this chapter is based on disk storage unlike that of [DII04].
[DI104] assumed a database small enough to be stored in memory. However, the databases
used by this chapter are extremely large (tens of millions of instances). Hence, the system

had to utilize disk based storage.
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Figure 5.3: Displays three example query results for each dataset using the Monte Carlo
approximation. Five segments were randomly displayed from each result set. The greatest
variation between segments can be seen in the second column of ECG and the three columns

of SYN.

5.4 Results

Example Monte Carlo query results are shown for the ECG, GAIT, and SYN datasets
in Fig. 5.3. Five segments are randomly extracted and displayed. Variability can be seen
between the query segments and the respective search results. The greatest variation between
segments can be seen by the ECG and SYN datasets. This is unlike LSH where each result
set contained almost no variability, as shown in Figure 5.4. In fact, LSH consistently retrieves
a dataset size of 1 (exact match) for the SYN dataset. The poor performance of LSH for
SYN is due to the randomization added during the construction of SYN. This phenomena
is important as the randomization of the dataset SYN is similar to the effects of noise. The
poor results for SYN demonstrates the degradation of LSH’s performance with signal noise.
As stated earlier, the value of R can be increased to improve variability to overcome the

effects of noise. However, an increase in R increases the algorithmic complexity of LSH
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Figure 5.4: Displays example query results for the ECG, GAIT, and SYN datasets using
LSH. Five segments were randomly displayed from each result set (when applicable). Almost
no variation between segments is observed. The SYN dataset has a result size of one for all

queries as shown by the figure.

exponentially (dependent on d).

The percentage increase in the number of results over standard LSH when varying the
randomization standard deviation (o,) and the number of randomizations (m) is shown in
Fig. 5.5. The results for SYN with varying o, is shown separately from the ECG and GAIT
datasets as the increase in result size is several orders of magnitude larger. The increase over
standard LSH ranged from a couple hundred percent to several thousands. This is expected
as standard LSH only returns segments that are very similar to the query segment. The
larger increase by the GAIT dataset when varying m is caused by the homogeneity of the
dataset (i.e., each step in the dataset is largely similar). The randomizations do a good job
of expanding the search space. This is extremely important as this same phenomenon would

also be seen in other datasets as the number of indexed segments increases.

Increasing o, exhibits larger increases for the SYN dataset over standard LSH. A larger
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o, models a more significant amount of noise. The GAIT and ECG datasets are reasonably
clean, and therefore, do not benefit from a larger o,. In fact, both the results sets for GAIT
and ECG decreased with o, > .15. Larger o, cause the search space to extend beyond the
neighborhood of the query segment resulting in less matches. The SYN dataset, on the other
hand, has a large amount of noise. Hence, a larger o, helps improve the size of result sets

(as the neighborhood is larger).

The percentage increase over LSH with sampling of result set sizes when varying o,
and m is shown in Figure 5.6. The ECG and GAIT datasets show an approximate 40%
increase when increasing m. However, most of this improvement is seen with less than 50
randomizations. The result sets are filtered such that there are no duplicates or trivial
matches. Therefore, adding additional randomizations will cause a large amount of overlap
(or duplicates) in the result set yielding smaller gains as m increases. The SYN dataset
shows an approximate 100% increase for 250 randomizations. As with an increase in o,, an

increase in m will improve performance with noisy datasets.

Increasing o, shows less of an impact for the SYN dataset when compared to LSH with
sampling. This is due to the SYN dataset being composed of the repetition of identical
pattern (with the addition of random noise). Therefore, by definition, there is a good
probability that these patterns will have colliding hash values. These patterns are filtered
with standard LSH (as their distance is greater than R), but LSH with sampling keeps these
segments with some probability. The sampling distribution was the same as the Monte Carlo
approximations, hence, increasing o, also increases the probability that segments with larger

distances from the query segment are kept in LSH with sampling.

As stated earlier, the size of a result set is highly dependent upon the respective query
segment. A common pattern will yield a large number of results, while an anomaly will yield
small sets. Therefore, both Figure 5.5 and Figure 5.6 displayed percentage increases. Figure

5.7 displays raw result set sizes with m = 25 and o, = 0.1 for a reference.
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Figure 5.5: Displays the percentage increase in the results sets over standard LSH when
varying both m and o,. Both a fixed o, = .1 with m = 5,10,25,100,250 and a fixed
m = 25 with o, = .05, .1, .15, .2 are displayed. The results for SYN with varying o, is shown
separately from the ECG and GAIT datasets as the increase in result size is several orders

of magnitude larger.

The goodness of the result sets for the Monte Carlo approximation was assessed by
finding the mean and standard deviation of the Euclidean distance of the query segments
to their respective result segments. Fig. 5.8 displays the mean and standard deviation
for all three datasets with parameters o, = 0.1 and m = 5,10,25,100,250. The mean
and standard deviation converges to the respective theoretical values with the exception of
standard deviation for SYN. SYN experiences a slightly higher standard deviation. This
is due to the randomization added to the SYN dataset. The randomization of SYN was
uniform as opposed to the randomization of query segments, which is based off a Normal
distribution, demonstrating the methods robustness to differing distributions. The differing
distribution adds a slight disparity to the theoretical and experimental values. However, the

standard deviation for the experimental values is still low, and therefore, precise.

The effects of varying o, with a fixed m is shown in Figure 5.9. The parameters of the

Monte Carlo search are o, = .05,.1,.15,.2 and m = 25. The means for all three datasets
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Figure 5.6: Displays the percentage increase in the results sets over LSH with sampling when
varying both m and o,.. Both a fixed o, = .1 with m = 5,10, 25, 100, 250 and a fixed m = 25
with o, = .05, .1, .15, .2 are displayed.

were almost identical to their theoretical values. However, the experimental standard devi-
ation showed a slight divergence from the theoretical bound. The ECG and GAIT datasets
worsened with a larger o,.. This can be caused by two factors. First, the database is not
large enough, and second, the theoretical standard deviation with large o, is bigger than
that of the true result set. As stated in [BGR99], good result sets tend to form tight clusters
with good separation from the rest of the search space. If the Monte Carlo approximation
chooses a o, that is too large, then it will search for segments outside of the corresponding
true result set cluster. The experimental result set would then contain incorrect matches,
consequently raising the standard deviation. The poor results for the SYN dataset is caused

by a combination of a large o, and the aforementioned effect of randomization.

The experimental values of mean and standard deviation are important to the assessment
of the Monte Carlo approximation for two reasons. First, the Monte Carlo approximation
should behave similar in practice as it does in theory. Second, it is difficult to find the
true mean and standard deviation of a result set until after it has been labelled. Hence, the

Monte Carlo approximation must be resilient to a varying mean and standard deviation. The
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Figure 5.7: Displays the number of results for 50 randomly selected queries with m = 25

and o, = 0.1.

experimental standard deviations only showed a slight deviation from the relative theoretical

values. Hence, the result sets were still precise.

The runtimes for both standard LSH and the Monte Carlo approximation are given in
Fig. 5.10. LSH with sampling was not included in this figure as runtimes for both versions
of LSH are near identical. As noted earlier, the computational complexity of LSH is heavily
dominated by the number of distance computations. Standard LSH and LSH with sampling
only differ in how result sets are pruned, and therefore compute the same number of distance

computations.

The implementation of the Monte Carlo approximation was done serially. However, the
system could easily be parallelized. The most effective means of improving query times is
to parallelize the distance computations. Further improvements could be made by using a

distributed database and running the m queries in parallel.

The Monte Carlo approximation is essentially m distinct runs of LSH. Hence, the run
times of a Monte Carlo approximation is expected to be m times longer in duration. However,

the results in Figure 5.10 are much better. This is due to several optimizations done in the
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Figure 5.8: Displays the man and standard deviation of the Euclidean distance from
query segments to the respective result sets. Queries were run with o, = .1 and
m = 5,10,25,100,250. The respective theoretical means and standard deviations are also

displayed.

implementation of the method. First, the database relies heavily on caches keeping many
hash tables in main memory. In addition, a unique hash is only searched once during a
query. For example, if two randomizations produce the same hash function, then that hash
function is only searched once. The last major optimization was discussed in Section 5.2.3.
When searching on many randomized queries, a large number of duplicate segments are
returned in the dataset. Therefore, the computational time can be significantly reduced by

only computing one distance computation per distinct segment.

Precision and recall results for the SHAPE dataset is shown in Table 5.3. All tests
resulted in a 100% precision score. This is expected as the neighborhoods are known with
a radius R < 1.5 with high discrimination from other classes. Hence, setting an accurate

neighborhood will assure precise results. Recall for LSH with sampling is approximetely
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Figure 5.9: Displays the mean and standard deviation of the Fuclidean distance from query
segments to the respective result sets. Queries were run with o, = .05,.1,.15,.2 and m = 25.

The respective theoretical means and standard deviations are also displayed.
91% while recall for Monte Carlo search is near 100% with as little as ten randomizations

(m = 10).

Table 5.3: Precision Recall for LSH with sampling and Monte Carlo Search (m = 10)
Method Precision  Recall

LSH 1.0 0.909089
LSH with sampling 1.0 0.912844
Monte Carlo 1.0 0.999978
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Figure 5.10: Displays the average wall clock time of 50 searches for LSH and the Monte
Carlo approximation with m = 10,25, 100. The overhead of the Monte Carlo approximation

is minimal (both theoretically and in practice).

5.5 Summary

This chapter presents a Monte Carlo approximation technique for subsequence matching.
The number of results for the Monte Carlo approximation are significantly increased over
standard Locality Sensitive Hashing (LSH). This technique adds minimal computational
complexity and ensures the preciseness of results. The proposed technique takes in a subse-
quence as input. The subsequence is randomized m times using a normal distribution with
standard deviation equal to ¢,. The resulting m randomized subsequences are provided as
input to LSH resulting in m distinct R-NN searches. It was theoretically and experimentally
shown that the Euclidean distances of a result set to the respective query segment is bounded

by a Normal distribution of Y ~ N(o,pty,., 0+0y,,)-

The computational complexity of the Monte Carlo approximation is increased by only
a linear factor over LSH (dependent upon the number of randomizations). In practice,

however, there was a much smaller decrease in performance. The proposed method ran in
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approximately twice the time (wall clock) of LSH with m = 250. This method can also be
run in parallel to further improve run times.

The Monte Carlo approximation technique was also shown to be resilient under noise,
unlike LSH. It was noted that the performance of LSH under noise could be improved by
raising the radius in R-NN. However, an increase in the radius results in an exponential

increase in the computation complexity (dependent on the number of dimensions d).

75



CHAPTER 6

Improving Separability of ECG with Domain Features

The success of R-NN indexing schemes, such as LSH, are largely dependent on the their
assumed distance measures. Distance measures must provide separability between classes
(or sub-classes) in order for R-NN to return meaningful results. This dissertation has focused
its attention on the Ly norm for many reasons listed in Chapter 2. This chapter discusses the
inclusion of domain specific features to improve separability of the L, norm. This chapter
focuses on signals from an electrocardiogram (ECG) as domain specific features of ECG have

been significantly studied.

The authors in [DLF11] provide an in-depth survey of features used in classification of
heart beats in ECG signals. This chapter has chosen a subset of these features including
segmentation intervals [DOR04][MBO08] and R-R intervals [DR03][DORO04][TFS05]. These
domain specific parameters are well-studied and shown to be very effective in classification

of ECG signals.

This chapter utilizes a total of 24 features that are calculated for each heart beat. A
detailed description of each of the 24 features is given in Table 6.1. Each heart beat is
normalized before calculating morphological features. The MIT-BIH Arrhythmia Database
(MITDB) [MMS88][GAGO00] was used for analysis.

Each feature in Table 6.1 forms a Gaussian distribution and, therefore, can be normalized
to a standard normal distribution. The distribution of each feature in Table 6.1 is shown

after normalization in Figure 6.1. Each feature shows a near standard normal distribution.
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Feature

Table 6.1: ECG Feature Descriptions

Description

*Previous RR

Interval between the R complex of the current heart beat to the R complex of the previous heart

beat

Next RR

Interval between the R complex of the current heart beat to the R complex of the following heart

beat

Avg. RR Window

Average of the five previous RR intervals and the five following RR intervals

P area The sum of the absolute value of each time point in the P complex
P max The maximum value in the P complex
P min The minimum value in the P complex
*P length The length of the P complex
QRS area The sum of the absolute value of each time point in the QRS complex
QRS max The maximum value in the QRS complex
QRS min The minimum value in the QRS complex

QRS pos area

The sum of all positive values in the QRS complex

QRS neg area

The absolute value of the sum of all negative values in the QRS complex

QRS std dev The standard deviation of all points in the QRS complex
QRS skew The skew of all points in the QRS complex
QRS kurtosis The kurtosis of all points in the QRS complex
*QRS len The length of the QRS complex
*QRS QR len The length of the QR complex
*QRS RS len The length of the RS complex
T area The sum of the absolute value of each time point in the T complex
T max The maximum value in the T complex
T min The minimum value in the T complex
T len The length of the T complex
T QT len The length of the interval between the Q and T complexes
*T ST len The length of the interval between the Q and T complexes
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Figure 6.1: Displays the distribution of each feature listed in Table 6.1.
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PCA Selected Features
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Figure 6.2: Displays sensitivity and specificity when aggregating the PCA reduced and

selected features.

Normalization of features causes each feature to have equal weighting when compared using

the L, norm.

A total of four types (or variations) of feature vectors were assessed in this chapter:
1. Time Domain: Segments extracted from the time domain;

2. Full Feature Vectors: Vectors composed of the 24 features in Table 6.1;

3. Principle Component Analysis (PCA) Reduced Vectors: PCA reduction of

the full feature vectors; and

4. Selected Features: Vectors composed of the best features from the full feature

vectors.

Feature selection was run using correlation-based feature selection [Hal99]. This method
is based on the premise that a good subset of features has high correlation to class labels
yet low inter-correlation between features. Selected feature vectors were composed of six

different features and are denoted in Table 6.1 with an asterisk(*).
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Table 6.2: Heart Beat Descriptions

Label Description Percent of total database
N Normal beat 69.9%
\Y Premature ventricular contraction 6.4%
R Right bundle branch block beat 6.4%
L Left bundle branch block beat 7.6%
/ Paced beat 6.6%
F Fusion of ventricular and normal beat 1.7%

Table 6.3: Database Parameters

Domain R k L c Segment Size
Time Domain 4 4 4 2 012
PCA Reduced Vectors 3 4 4 2 10
Selected Features 1 4 4 2 6

Two experiments were run in this chapter to assess the effectiveness of each feature vector.
First, the separability of each type of feature vector was assessed. Separability is calculated
by finding the Euclidean distance between all pairs of segments within the same class (intra)

and all pairs of segments from different classes (inter).

Second, R-NN searches were performed on the MITDB database to assess precision and
recall. Heart beat types were determined by MITDB’s annotations and used to calculate
precision and recall for each R-NN query. R-NN was performed on all heart beat types that
consist of at least 1% of the MITDB database. Any heart beat types that compose less
than 1% of the database were ignored as there are not enough instances to draw significant
conclusions. A description of each heart beat type that composes at least 1% of the database

is described in Table 6.2.

Experiments were run on an LSH database using the aggregation framework in Chapter
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4 and the randomization technique in Chapter 5. The full feature vector was omitted for
brevity as the PCA presents near equivalent results with a smaller memory footprint (as

shown in Section 6.1). The search parameters for each vector type is given in Table 6.3.

The value of R for both the PCA reduced and selected features was chosen by viewing
the aggregated sensitivity and specificity plot in Figure 6.2. Similarly, the value of R for
the time domain was chosen using the sensitivity and specificity plot in Figure 4.5. Sen-
sitivity and specificity plots were created by aggregating each of the three feature vectors
using the aggregation algorithm in Chapter 4. Each feature vector is initially labelled using
the dataset’s annotations (ground truth labels). Each grouping is labelled using its repre-
sentative’s ground truth label. Sensitivity and specificity are calculated by comparing each
feature vector’s true label to that of its grouping label. A value of R = 1 was chosen for for
both the PCA reduced and selected features and a value of R = 4 was chosen for the time

domain to ensure a minimal number of groupings with high sensitivity and specificity.

6.1 Separability

The separability of the time domain and feature space is shown in Figure 6.3 and Figure 6.4
respectively. The separability of the feature space is shown to be significantly improved over
the time domain. In addition, the feature space exhibits a more Gaussian distribution than

the time domain.

Principle component analysis (PCA) was performed on the full feature space. Figure 6.5
shows that the top ten components accounts for more than 90% of the variance. Figure 6.6
shows the separability of inter and intra class distances for PCA reduced features. Note that
PCA exhibits near identical results to the entire feature space. In addition, PCA consists of

only ten principle components resulting in a lower footprint.

While PCA reduces feature vectors by more than 50%, it does not improve separability
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Distribution of Euclidean Distance from the Time Domain
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Figure 6.3: Displays the distribution of Euclidean distance for inter and intra class segments

in the time domain.

Distribution of Euclidean Distance from the Feature Domain
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Figure 6.4: Displays the distribution of Euclidean distance for inter and intra class segments

in the feature space.
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Figure 6.5: Displays the variance explained over the top ten principle components. More

than 90% of the variance is explained within the top ten components.

of the feature space. Figure 6.7 shows the separability of using feature selection. Features
were reduced to six and resulted in an increase in separability and a significant decrease in

dimensionality.

Feature selection exhibits the best separability of all vectors. This phenomena is expected
as feature selection allows for the removal of redundancy as well as features that do not
significantly contribute to classification. PCA, on the other hand, will reduce redundancy,
but does not consider the correlation of each feature to the class labels. The removal of
redundant and less correlated features can aid in overcoming the curse of dimensionality
in distance comparisons [HKK10]. To note, the removal of less correlated or redundant
variables could hurt other classifiers as these variables could be weighted accordingly. For
example, a variable could be weighted highly only in a small number of cases where its useful,
and otherwise ignored. Such a scheme could be applied to R-NN, however, annotations

from MITDB only include a class labels and not sub-class labels. Therefore, an analysis of
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Figure 6.6: Displays the distribution of Euclidean distance for inter and intra class segments

in the feature space after PCA reduction.

weighting is left to future work when annotations are sufficient.

Precision-recall and receiver operating characteristic (ROC), as calculated by the sepa-
rability graphs, is shown in Figure 6.8. The selected feature space shows the best results.
The worst results were shown for the time domain with the full feature set and the PCA
reduced feature set showing near identical results. As the PCA and full feature set show

near identical results, only PCA is considered in the next section.

6.2 R-Nearest Neighbor Search

Figure 6.9 displays precision and recall for all types of heart beats that consist of at least 1%
of the MITDB dataset. The average (non-weighted) precision and recall is shown in Figure
6.10. Note that weighting would favor results of normal heart beats yielding an artificially

high precision and recall.

Recall is relatively small for all domains. This is due to the fact that R-NN is not
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Figure 6.7: Displays the distribution of Euclidean distance for inter and intra class segments
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Figure 6.8: Displays ROC curves and Precision Recall curves for ECG segments in the time
domain, feature space, selected feature space, and PCA reduced feature space. Note that

both the PCA reduced feature space is almost identical to the feature space.
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Figure 6.9: Displays precision and recall for all types of heart beats that compose at least
1% of the dataset. Precision and recall is shown for the time domain as well as the PCA
reduced features and selected features. Full description of each type of heart beat is given

in Table 6.2

designed to find all instances of the same type. Instead, R-NN searches for instances within
a subclass. This type of search can be later used in combination with well-annotated data

to find trends among sub-classed data.

The PCA reduced features exhibits the best precision and the lowest recall. As shown in
Table 6.4, the PCA reduced features also has the largest aggregated index size (in term of
objects) and, therefore, it seems an increase in the radius R could increase recall and reduce
the index size with a minimal change to precision. The effects of changing from R = 1 to
R = 2 for the PCA reduced features is shown in Figure 6.11. Precision is severely degraded

with minimal improvement in recall.

The time domain exhibits the beast overall recall, but the lowest precision. In addition,
the aggregated index size is relatively large (only moderately smaller than the PCA reduced
feature sets) and the largest memory per query. The selected features exhibit the smallest

aggregated index size, the least amount of memory per query with a good precision and
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Figure 6.10: Displays the average precision and recall for all types of heart beats that compose

at least 1% of the dataset.
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Figure 6.11: Displays the average precision and recall for all types of heart beats that
compose at least 1% of the dataset. The selected features and time domain have the same

parametrization as 6.10. The PCA reduced feature domain is has R = 2.

recall trade off.

A successful search should include diversity in it’s result set. Diversity was measured
through the number of distinct patients in the result set. MITDB consists of a total of
48 patients. Diversity is given in Table 6.5. The total percentage of signals with each

corresponding annotation is given by the last row.

The selected features shows the best overall diversity followed by the time domain. The

Table 6.4: Average Memory Usage

Domain Memory Per Query Aggregated Index Size (Instances) Full Index Size
Selected Features 23.9kB 155.8kB (6,593) 5MB
PCA Features 105.3kB 1515.4kB (37,885) 8MB
Time 5330.5kB 70834.2kB (34,689) 433.4MB
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Table 6.5: Search Diversity

Domain N \Y% R L / F Average
Selected Features | 27.8% 18.1%  4.0% 4.6% 83% 3.2% 11%
PCA Features 14.0% 35% 21% 1.3% 1.1% 3.3% 4.22%
Time 25.8%  7.2% 2.7%  54% 21%  2.1% 7.55%
Total 85.1% 74.5% 10.6% 85% 85%  40.4%

least diversity is shown by the PCA reduced feature space. PCA reduces the amount redun-
dancy, but does not account for correlations to class labels. Therefore, PCA will put a large
weight on projections with high variability. However, these projections do not necessarily
add separation between classes. The selected features, on the other hand, chooses features

such that redundancy is reduced while keeping a high correlation to class labels.

Time domain’s lack of diversity results from variability in how the signal was collected.
Factors such as noise, sensor placement, physiological differences between patients, and mis-
use can cause variability in biomedical signals. This variability can cause two very similar
heart beats to appear very differently in the time domain. Basic normalization was per-
formed to lessen the effect of such variabilities. However, as shown in Table 6.5, the time
domain is still brittle to such variability.

Table 6.6 shows the overlap of patients in R-NN searches. Given domain A and B, the

percentage of overlap is given as ﬁ%’g. The signals returned by the PCA reduced features is a
subset of both the time domain and selected features. The diversity for PCA is approximately
half of the time domain. The overlap between the two domains is also approximately half,
meaning the time domain incorporates most of the diversity as the PCA reduced features.

A similar observation is seen for the PCA reduced feature set and the selected feature set.

The overlap between the selected features and the time domain is less than 50%. The

time domain shows a diversity of about 75% of the selected features. Therefore, the time
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Table 6.6: Result Set Overlap

Intersection Percentage of Overlap
PCA U Time 49.0
PCA U Selected 35.7
Selected U Time 48.3

domain returns a significant number of signals not returned by the selected features. Hence,
it could be beneficial to run the time domain and the selected feature space in parallel to

improve diversity.

6.3 Summary

This chapter provided an analysis of domain specific features in R-NN search. Domain
specific feature vectors yield higher discriminatory power when comparing classes with the
Ly norm. An in-depth precision/recall analysis was shown using the time domain, PCA
reduced feature set, and selected feature set. The selected features showed the best overall
results with the lowest memory constraints and the best diversity with a good balance of
precision and recall. The PCA reduced feature set exhibited good precision, but had the
largest aggregated index size, the lowest recall, and lowest diversity. The time domain and
the selected features retrieved result sets that were relatively unique. PCA, on the other

hand, produced results that were mostly subsets of the time domain and selected features.

The experiments provided by this chapter are limited by the amount of annotations.
Future work would analyze these techniques on datasets with more in depth annotations
that include sub-classing (or where sub-classing could be derived). However, such a dataset

does not currently exist.
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CHAPTER 7

Clinical Trial

Wireless at-home ECG monitoring systems can improve the quality of life of patients with
various heart ailments. Authors in [LG06][LGB09] propose a system to monitor ECG signals
with a smartphone for early detection of arrhythmias. Authors in [JSC09] use a smartphone
based system to monitor and classify if a user is suffering from cardiovascular disease (CVD).
Authors in [BJS09] propose the use of ECG devices in a at-home-monitoring system for
assessing sleep disorders. These type of systems have the potential to create a large knowledge
base of annotated ECG signals. Case-based reasoning (CBR) systems can utilize these

knowledge bases with R-NN search to improve both diagnosis and treatment.

Previous chapters introduced various means to improve R-NN search for medical time
series signals. These chapters used public datasets that were collected in controlled environ-
ments (such as the emergency room). Data collected from wireless at-home monitoring adds
variability to ECG signals from various types of noise. For example, patients in a hospital
setting (controlled environment) are often stationary while subjects in at-home monitoring
systems are generally mobile. Data collected from mobile subjects will contain noise from
various physical activities (motion artifacts) that could hurt performance of R-NN searches.
This chapter assesses the R-NN techniques presented by this dissertation on data collected
from an at-home ECG monitoring clinical trial. The results presented by this dissertation
were collected in a pilot study and are preliminary. Data collected from the at-home mon-
itoring system is shown to have similar properties for both aggregation (Chapter 4) and

R-NN search (Chapter 6) with limited degradation caused by motion artifacts.
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Figure 7.1: Displays the Alive Heart and Activity Monitor by Alive Technologies [Tec12].
The left image shows a subject wearing the device with a lanyard around the neck. The right

image shows an up close image of the device with a U.S. quarter for comparison of size.

The clinical trial was run in coordination with the University of California, Los Angeles
(UCLA) School of Nursing and was approved through UCLA’s Institutional Review Board
(IRB). Data was collected from a total of five subjects with congestive heart failure. Sub-
jects were given a wearable ECG device (The Alive Heart and Activity Monitor by Alive
Technologies [Tec12] shown in Figure 7.1) that was worn continuously for a period of two
days (approximately 48 hours). Data was immediately analyzed by a healthcare professional

to locate any heart complications that required immediate medical intervention.

Both aggregation properties and searchability are analyzed in this chapter. In addition,
a list of lessons learned is listed for future studies in wearable ECG monitors. Each subject’s
data was segmented and converted to the the selected feature space as described by Chapter
6. Feature vectors were aggregated using the technique in Chapter 4. The number of
groupings was compared to the results in Chapter 4 to show similar rates in reduction.

Next, each grouping representative was converted to the feature domain and used as a query
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Figure 7.2: Displays the sub-linear growth of groupings for data collected in the clinical trial.

Aggregation is accomplished using the algorithm in Chapter 4.

segment for an R-NN search in a database. The search results were used to classify the query
segment using majority vote. The results of the queries were analyzed by a domain expert

to verify correctness.

The clinical R-NN database is populated with annotated ECG data from the MIT-BIH
Arrhythmia Database (MITDB) [MMS88][GAGO00]. This data was collected from a controlled
clinical environment at Boston’s Beth Israel Hospital. A description of each significant type

of heart beat (comprising at least 1% of the database) is described in Table 6.2.

7.1 Aggregation

The overall reduction in size of data by the aggregation algorithm is shown in Table 7.1. The
results are better than those observed in Chapter 4 and Chapter 6. Chapter 4 evaluated the
algorithm on datasets of similar size as the clinical trial, however, only the time domain was
evaluated. The selected feature domain exhibits better separation (when compared using the
Ly norm) than the time domain, and therefore, will reduce the total number of groupings.
Chapter 6 evaluated aggregation on short recordings of ECG signals (approximately 30

minutes). These segments are much shorter than the data from the clinical trial and are
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Table 7.1: Reduction by Aggregation

Subject Total Heart Beats Total Aggregated Groupings
1 36,391 2303 (6.3%)
2 118,196 1482 (1.3%)
3 98,987 1413 (1.4%)
4 207,008 821 (0.4%)
5 193,412 2468 (1.3%)
Total 653,994 8505 (1.3%)

expected to see less overall reduction in size as the aggregation algorithm exhibits sub-linear

growth in groupings (i.e., reductions will increase with the amount of data).

There is a noticeable difference in the number of heart beats. Several subjects had
difficulties with the device. Subject 1 had difficulties keeping the electrodes attached to the
body due to perspiration and had to continually replace electrodes. Subjects 1-3 all had
difficulties with inadvertently turning off the devices, especially while sleeping. Subject 1
also had a noticeably large aggregated size. The larger size was caused by the addition of
a large amount of noise caused by electrodes losing connection with the subject. This type
of noise is not repetitive (such as ECG signals) and therefore would have poor aggregation

properties.

The average growth of groupings versus number of heart beats is shown in Figure 7.2.
Note that Subject 1’s data was excluded from the graph as it contained a small number of
heart beats. A similar sub-linear growth is shown for the clinical trial data as that seen by
the datasets used in Chapter 4. There is a quick ramp up period within the first couple

thousand instances followed by a levelling off of growth.

Aggregation adds significant value to a home monitoring system for several reasons. First,

the amount of work required by medical professionals is significantly reduced for manual
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inspection of an ECG signal. In the case of this study, less than 1% of the ECG signal needs
inspection. Second, the time required for an R-NN can be reduced. Without aggregation,
each heart beat would be used as a query segment into the R-NN. By using aggregation,
less than 1% of searches would be required. Only the representative from each grouping
would be used as the query segment with results propagating to each feature vector in the
respective grouping. Thirdly, as shown in Chapter 6, the search space is significantly reduced
improving both run times and memory. ECG signals are aggregated before they are inserted
into the index and the search space is restricted to only the representatives of each grouping

created by the aggregation.

7.2 R-NN search results

Results for R-NN search is shown in Table 7.2. The first two rows show precision and recall
for both abnormal and normal heart beats. Normals show the best precision and recall. This
is expected as normals consist of 70% of the database (training set) and offer a larger, more
diverse search space (as almost every patient in the training set contributes at least some
normal heart beats). Abnormal heart beats show a lower precision and recall. This is largely

due to a lack of diversity and instances in the database.

To note, precision in abnormalities is not as important as recall. An R-NN search that
denotes a heart beat as abnormal should be verified by a medical professional. For example, in
a case-based reasoning system, search results may include detailed annotations (or summary
of annotations) that can help a medical professional make a more informed decision about
abnormality. In this case, it is better to see a few normals marked as abnormal, than to miss

abnormalities.

Premature Ventricular Contraction (PVC) and Right Bundle Branch Block (RBBB) were

the two most significant abnormal heart beats seen by the clinical trial. Recall for PVC and
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Table 7.2: R-NN Precision and Recall

Type Precision Recall
Normal .986 983
Abnormal 733 762
Premature Ventricular Contraction .846 .650
Right Bundle Branch Block .685 913

precision for RBBB was relatively low. These lower numbers, as well as the overall low
precision and recall numbers for abnormal heart beats were caused by motion artifacts as

well as a small training size.

Motion artifacts are the most difficult to detect and remove since their spectrum overlaps
that of ECG signals [RS02]. These artifacts cause errors when calculating the ECG features
listed in Table 6.1. For example, calculating the proper location of the p-wave is extremely
important for many features. The p-wave went undetected in 29.2% of all heart beats (using
the algorithm in [LJCO94]). This is as opposed to the MITDB database where the p-wave
went undetected in only 4.5%. Removing results from signals that include more than 20%
missing p-waves raises the overall precision and recall of abnormal heart beats to 83.67%

and 81.8% respectively.

There are two solutions to the problem of motion artifacts. First, regions present with
motion artifacts can be ignored from the aggregation and search. Authors in [KKOO07]
[OKJ08] [LMM11] have proposed algorithms to detect the presence of motion artifacts.
Second, motion artifacts could be removed leaving the original ECG signal intact [RS02]
[TBHO02]. However, such algorithms have been shown to be ineffective with high amounts of

noise [WAO7]. Hence, removing motion artifacts from ECG signals is still an open problem.

The training size should be increased to improve the accuracy of the R-NN system. The

MITDB database only consisted of 48 patients each with 30 minute recordings. Increasing
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the training set is extremely time consuming as the proper annotations need to be made
manually. In addition, a much richer annotation set is needed to better assist a case-based
reasoning system. The system presented by this dissertation can be used to help build
such a training set through use of clinical trials. The initial database can be populated with
datasets such as MITDB. As data is collected through clinical trials, it can be fully annotated
(including patient history) by health care professionals. This data can be inserted into the

database to help in future studies.

7.3 Weaknesses of Clinical Study

Three main weaknesses were observed during the clinical study that should be addressed
in future studies. First, only two leads were available by the ECG device that results in
one output channel of measured ECG traces. Providing an additional lead gives medical
professionals a more complete picture of how the heart is functioning, making diagnosis
more certain. Second, three patients noted that the device was difficult to wear at night. An
improved device would affix directly to an individual’s chest, removing the need to wear a
lanyard. Thirdly, three patients had difficulties keeping the electrodes affixed to their skin.
Sweating often caused the electrodes to become loose. The study was done in the summer
months of the Los Angeles area with subjects that often had lower incomes. Many of the

patients did not have air conditioning.

7.4 Summary

This chapter assessed the R-NN system proposed by this dissertation on data collected from
an at-home ECG monitoring clinical trial. Data was collected from patients with conges-
tive heart failure. Both aggregation were similar to those reported by previous chapters.

Precision and recall for R-NN was decreased when using clinical trial data. Much of this
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degradation was caused by motion artifacts that were not present in data sets used by pre-
vious chapters. Motion artifacts hinder segmentation engines causing inaccurate calculation
of domain specific features. In addition, the R-NN database would also benefit from a larger
database size with a more rich annotation set. No such public dataset currently exists.
However, the R-NN system proposed by this dissertation could be used to generate such a

dataset.
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CHAPTER 8

Conclusion

This dissertation presented a paradigm to improve R-NN searches for the medical time series

domain. This dissertation made the following four main contributions:

1. Extraction of query segments (Chapter 3);
2. Improvement in the quality of search results (Chapter 5); and
3. Optimization of index structures (Chapter 4); and

4. An in-depth analysis of feature domains for ECG signals (Chapter 6).

In addition, data was collected from a clinical trial to show the feasibility of the proposed
R-NN search paradigm using data collected through an at-home system. The majority of the
experiments in this dissertation were performed on an LSH-based database. LSH was chosen
due to its proven sub-linear computational and memory complexities. This is unlike other
R-NN solutions such as spatial indexes. However, the methods proposed in this dissertation

are applicable across any R-NN search engine.

There are two main stages when interacting with an R-NN database: database population

and database search. Database population consists of the following three steps:

1. Segmentation (Including feature extraction when applicable);

2. Aggregation; and
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3. R-NN Indexing (e.g., LSH, spatial indexing, etc...).

Database search consists of the following three steps:

1. Segmentation (Including feature extraction when applicable);
2. Randomization; and

3. R-NN.

Proper segmentation is largely specific to the domain. Well-known and defined domains,
such as ECG, can be segmented in a domain specific fashion. In general, ECG defines
segments to be centered around the QRS complex. Other domains, such as wearable ac-
celerometers or gyroscopes, consist of much less defined models. The number of activities
performed by an individual wearing such sensors is endless. Therefore, a common domain
specific segmentation technique is unlikely to exist unless the environment is severely con-
strained (e.g., the users only walk or stand). Nailve approaches, such as sliding window
segmentation, introduce redundancies that severely hurt the performance of search and data
mining tasks [WLS11][KLO05]. Therefore, there is limited use of such naive approaches in

this dissertation.

Salient Segmentation is shown to be extremely useful for domains with minimally defined
models. Salient Segmentation offers a probabilistic method of finding segments that are

unlikely to occur. Its success stems from the following three properties:

1. All salient patterns are segmented;
2. All salient patterns are segmented consistently (i.e., alignment); and

3. Near linear algorithmic complexity
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When searching, segments can be represented in any domain (such as time and feature
space) that is deemed useful to the search task. As shown in Chapter 6, the feature space
can significantly improve precision and recall while reducing the overall memory usage of

R-NN.

Aggregation was accomplished using an online algorithm similar to the online cluster-
ing algorithm presented in [Mey01]. Segments are first clustered to small tight groupings.
Each grouping determines one representative segment and only representative segments are
inserted into the index. This algorithm is based on the finding that classes of objects are
composed of tight Gaussian distributed sub-classes [BFG99][HKK10]. Hence, each grouping
determined by the algorithm tends to be of the same class. The work presented in Chapter
4 show that the number of groupings grows sub-linearly with the total number of objects

thereby producing a scalable solution.

Randomization was presented as a means to significantly improve the recall of R-NN
searches without decreasing precision. The randomization presented in Chapter 5 was shown
to create Gaussian distributed search neighborhoods. The success of this algorithm is based
on the finding that sub-classes for tight Gaussian distributed neighborhoods in regards to

their Fuclidean distances.

This dissertation focused on the use of the L, norm for comparing segments. Elastic
measures, such as DTW, were ignored as these do not always translate to multiple domains
(from time to feature space). In addition, elastic measures exhibit quadratic run times unlike

the L, norm.

The overall paradigm presented by this dissertation represents a time series database for
medical time series signals. Significant improvements in recall were observed with no loss in
precision. In addition, memory was significantly reduced by limiting the size of the search
space (in a scalable sub-linear fashion). Much of this work was tested on real-world and

publicly available datasets. In addition, a small clinical trial was run to collect data from an

101



at-home monitoring system. These datasets were used to assess the R-NN paradigm with

noisy data common with at-home monitoring systems.

8.1 Future Work in Cased-Based Reasoning

The solution presented by this dissertation enables medical time series queries on extremely
large databases consisting of millions or billions of rows. Such a database can be used to
store time series data collected by wearable at-home monitoring systems [CLCO08] [JSCO09]
[INAH10] [SCW11]. Such systems have the potential to create huge datasets. In addition,
these systems are based on a centralized monitoring authority that can provide detailed

annotations about the patients.

Medical case-based reasoning (CBR) is a well studied area for medical diagnosis and
treatments [BAP02][BKS98]. These systems rely on data mining and machine learning tech-
niques to derive decisions on new cases based on information gathered from a knowledge base
of previous cases. Knowledge bases are composed of various types of subjective data (such as
monographs, scientific literature, clinical practice guidelines, pathways and cases [BKS98])
and, to a lesser extent, objective data (such as ECG [NFS03| and images [GA96][Per01]).
One major drawback of CBR systems is that the knowledge base must contain relevant cases
to correctly make decisions on a current case [NS04]. This is especially difficult for measured
signals, such as ECG and accelerometers, that exhibit high variability due to noise, sensor
displacement, misuse, and other factors that are difficult to control. Therefore, any CBR
using medical time series data must be sufficiently large. Wearable computing for at-home
monitoring is a means to populate such databases with a sufficient amount of data and

respective annotations.

This dissertation (and previous works) often points to sub-classes. However, this is a

difficult area to address without proper analysis of sufficiently large and annotated data.
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Currently, these datasets do not exist. Future work should generate large public datasets
collected from at-home monitoring clinical studies. This data can then be mined (both text
and raw signal data) to distinguish sub-classes. These subclasses can then be analyzed for
correlations that could improve the ability to diagnose and treat patients. The measured
raw signals add a completely objective dimension. In addition, raw signal data can be
collected any time and anywhere with wearable devices. Such data will provide a more
complete description of the patient unlike data collected in clinical settings. Finally, wearable
sensing devices can provide a much more economical solution to collecting data as opposed

to collecting data in a clinical setting [PB10].

8.2 Future work in System Scaling

This dissertation presented a scalable solution to medical time series search. However, more
work is needed in further scaling the database to enable extremely fast queries on ever
increasing database sizes. This dissertation focused on a primarily centralized database. Im-
provements to query times can be improved through distributed and peer-to-peer databases
[OV11] [BCOO0S]. Future work would investigate algorithms to populate data in an efficient
and predominately online manner. In addition, randomization and pruning would need to

be modified in order to efficiently run in a distributed manner.

8.3 Future Work in ECG Filtering

Noise due to motion artifacts caused the most significant degradation in precision and recall
when performing R-NN on data collected from at-home monitoring systems. Unfortunately,
motion artifacts are the most difficult to detect and remove since their spectrum overlaps that
of ECG signals [RS02]. Signal databases must account for such noise in ECG signals. Sev-
eral previous works have focused solely on the detection of noise [KKO07][OKJO8|[LMM11].
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These works find regions within the ECG signal that are severely degraded by motion arti-

facts. These regions are then extracted and ignored for future mining and search.

Other works attempt using finite impulse response (FIR) filters to remove noise from
motion artifacts leaving the pure ECG signal in tact [RS02][TBHO02]. Authors in [WAOQT]
observed that FIR filters require a large amount of parametrization to be effective. They
show that many systems do not contain enough data to effectively use a FIR filter under
moderate noise conditions. They propose the use of a Laguerre model to remove noise.

However, this model is only shown to be effective in photoplethysmograms and not ECG.

Removing motion artifacts will enable an R-NN system to be more efficient as there will
be limited loss of important information. This is especially true for systems analyzing data

collected from at-home monitoring. Currently, this is still an open problem.
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