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ABSTRACT

Complex systems are comprised of different components. Interactions and associations among
these components define the functionality of the system. For example, T cells must directly
interact with virally infected cells to kill them. This research characterizes the most relevant
components of complex systems by analyzing interacting relationships using information
theoretic measures. It emphasizes the importance of spatial and temporal dynamics, which occur
when components share spatial proximities or temporal sequences. Novel information theoretic
analyses are proposed for quantifying the degree of association among system components,
which is key to defining the spatiotemporal dynamics. One focus of this work is the application
of these measures to biomedical datasets, bridging the gap between computational science and
life sciences. Another focus is on the visual representation of such interactions, providing a new
scientific lens to understand relevant features of complex systems. The measures are validated
against benchmarks to ensure efficacy and applicability across multidisciplinary fields. This
work advances the fields of computational biology and scientific visualization by providing

novel, robust tools to analyze and interpret complex spatiotemporal interactions.
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Chapter 1

Introduction

Complex systems are characterized by their diverse components and the interactions that occur
among these components. Understanding these interactions is crucial because they often govern
the holistic behavior and functionality of the system. Complex systems can exhibit unexpected
behaviors that emerge from the collective dynamics of their components, rather than from any
single element’s properties. According to Melanie Mitchell, a Complex System is a system in
which large networks of components with no central control and simple rules of operation
give rise to complex collective behavior, sophisticated information processing, and adaptation
via learning or evolution [135].

This complex and emergent behavior is crucial in many multidisciplinary fields including
biology, chemistry, ecology, weather, astronomy, economics, technology, and so on. Research
in dynamic complex systems often utilizes mathematical models, statistical inferences, and
simulations to predict how complex systems respond to changes in interaction patterns, helping
to anticipate the functionality of the system through information flow.

The importance of component interactions in complex systems is further highlighted in
biomedical research, where the failure or success of cellular functions can rely on these
interactions. This study [105] illustrates how systems biology approaches to understanding

cellular interactions can lead to breakthroughs in drug discovery and disease treatment. By



mapping the networks of interactions among proteins, genes, immune cells, and other cellular
constituents, researchers can identify key nodes whose dysfunction may lead to disease. These
interaction maps also help in predicting how the system might respond to specific interventions,
allowing for more targeted and effective therapies. Thus, the study of component interactions in
complex systems not only enhances theoretical understanding but also drives practical advances
in technology and medicine.

Visualizing the interactions within complex systems is very important, as it transforms
abstract data into comprehensible insights. Visualization acts as a bridge between raw computa-
tional data and human understanding, allowing researchers and practitioners to perceive patterns,
anomalies, and critical links that are not readily apparent from numerical data and statistics
alone. For example, in network science, visualizations help identify clusters, central nodes, or
potential points of failure in systems ranging from social networks to infrastructure grids. As
noted in [78], effective visualization tools not only enhance our ability to communicate complex
findings but also significantly improve the decision-making process by providing a clear picture
of the dynamics and structure of complex systems. This work uses widely used statistical mea-
sure: mutual information [173] and its decomposition measures to quantify interactions as well
as capture the visual salience of such interactions. The work starts with quantifying spatial cell
association in the immune system. Then, move to developing frameworks to extract important
features and summarization of such interactions. Next, use an agent-based computational model

to simulate and quantify the spatial damage caused by COVID-19 infection in the lung system.

1.1 Quantifying Spatial Association of Cells in Lymph Node

This work focuses on quantifying the spatial association of cells in lymph nodes. The main
question of the study is how naive T cells interact spatially with key cellular and structural ele-
ments within lymph nodes, specifically dendritic cells (DCs), fibroblastic reticular cells (FRCs),

and blood vessels. This question is important because this association reveals insights about T



cell motility which is a key step in T cell activation and the initiation of the adaptive immune
response, which are critical for fighting infections. This research advances the understanding of
spatial interactions in the immune system. Traditionally, the focus has been on the interactions
between T cells and DCs, but this study broadens the scope to include other structural and
cellular components, using advanced quantitative metrics like the Pearson correlation coefficient
(PCC) [151] and normalized mutual information (NMI).

The study uses two-photon microscopy (2PM) to observe T cells in the lymph nodes and
employs PCC and NMI to measure the extent of spatial association between T cells and DCs,
FRCs, and blood vessels. Remarkably, the study finds that naive T cells are more frequently
associated with FRCs than with DCs, the primary antigen-presenting cells. This suggests that
while T cells are biologically programmed to respond to DCs, the structural environment within
the lymph node, particularly the network formed by FRCs, plays a crucial role in guiding T
cell movement and positioning. We find that FRCs could potentially be as important as DCs
in regulating T cell behavior, an aspect that has been proposed in previous immunological
research [83, 84, ], but there is no quantitative evidence.

An important aspect of the study is its investigation of the role of the chemokine receptor
CCR71in T cell localization within lymph nodes. CCR7 is known to facilitate the homing of T
cells to lymph nodes and their movement within the nodes. Surprisingly, the study shows that
CCRY7 deficiency does not decrease T cell association with DCs. In fact, CCR7-deficient T cells
displayed a slight increase in association with DCs compared to their wild-type counterparts.
This counterintuitive result suggests that while CCR7 enhances T cell mobility, its absence
does not necessarily impede the T cell’s ability to interact with DCs, possibly indicating that T
cell motility and their interactions with DCs are modulated by additional factors beyond just
chemokine signaling.

The methodological approaches in the work, particularly the use of NMI and PCC, provide
a more holistic view of cellular interactions than traditional methods, allowing for a detailed

analysis of how T cells coordinate their movements with the lymph node’s architecture. The



application of these quantitative tools to immunology opens up new avenues for understanding
complex cellular dynamics in a way that was not previously possible.

The findings of this study have significant implications for the development of immunother-
apeutic strategies and vaccines. By illustrating the roles of FRCs and the impact of chemokine
receptor signaling on T cell behavior, this research could lead to novel approaches that enhance
knowledge about immune response. For instance, targeting the interaction between T cells
and FRCs or modulating CCR7-dependent pathways could optimize T cell responses against
pathogens or tumors.

In conclusion, this study enriches the understanding of T cell dynamics within lymph nodes
and highlights the complex interplay between T cells and the lymph node microenvironment.
The findings emphasize the necessity of considering multiple factors, including cellular interac-
tions and structural factors, in the effective activation and function of T cells to initiate immune

responses. This work is published and referenced as [183].

1.2 Information-Theory Based Analysis of Spatio-Temporal
Datasets

In cases of large, multivariate time-varying datasets such as video sequences, weather patterns
over time, or dynamic CT imaging, extracting relevant features that capture both spatial and
temporal characteristics efficiently is crucial. The complexity and size of these datasets demand
sophisticated techniques for feature extraction to enable effective summarization, optimized
storage, and insightful analytics. The primary challenge lies in identifying and extracting salient
regions from these datasets without exhaustive exploration, which is computationally expensive
and time-consuming. Furthermore, summarizing these data dynamically while tracking the
flow of information over time is essential for applications requiring real-time analysis and
decision-making, such as in surveillance systems or real-time biological cell interaction.

Specific Mutual Information (SMI) offers a promising approach to tackle this challenge. SMI



is an information-theoretic measure derived from mutual information, a concept used to quantify
the amount of information obtained about one random variable through another. This measure is
particularly suited for spatiotemporal multivariate datasets where understanding individual data
values’ contribution towards spatial associations or disassociation among multiple variables
over time is important. SMI can be utilized to identify areas within the dataset that hold
the most ’informative’ value — essentially regions where the occurrence of specific features
significantly reduces uncertainty in other parts of the dataset. SMI emphasizes important
regions in the variables where statistical multivariate properties exist. This measure can
automatically highlight regions with interesting relationships (e.g. high surprise regions,
high/low predictable regions). This measure also aligns well with the need for dynamic
spatiotemporal data summarization, as it allows for the extraction of concise yet informative
summaries of the data, facilitating both storage optimization and enhanced understanding of the
underlying processes.

Frameworks developed in this work using SMI analysis of multivariate time-varying images

aim to achieve the following:

* Automatic identification of salient regions that reduces the cost of exploration in large

datasets.

* Dynamic spatiotemporal data summarization using information fusion for storage opti-

mization.

 Tracking information flow to monitor and analyze the evolution of data over time is
crucial for tasks that depend on understanding temporal dynamics, such as predictive

modeling and anomaly detection.



1.2.1 Information-theoretic Exploration of Multivariate Time-Varying

Image Databases

With the use of high-performance computational resources in scientific research, the generation
of large multivariate time-varying datasets is common, with applications spanning climate
modeling to dynamic medical imaging. As these datasets grow in size and complexity, traditional
analysis and storage methods become inadequate due to the inability to efficiently process and
extract meaningful information from vast amounts of data. This challenge necessitates the
development of advanced techniques that can facilitate the rapid exploration and analysis of
such datasets.

One promising approach is to use information theory-based approaches namely Specific
Mutual Information (SMI) which is effective for exploring multivariate datasets. It quantifies
the shared information between pairs of variables and reveals how specific values within
these variables contribute to this shared information. This makes it valuable for detecting
interdependencies and dynamic changes within the data, providing insights that are essential
for many scientific and engineering applications.

The Cinema project [5] exemplifies an innovative application in managing large-scale scien-
tific datasets. Cinema databases store visualizations of simulation data, allowing researchers
to interactively analyze data through image-based techniques. By incorporating SMI-based
measures in the Cinema database, the opacity of the images is modulated emphasizing regions
of high informational significance. This method effectively reduces the volume of time and
resources scientists need to analyze manually, by automatically highlighting areas with strong
multivariate relationships.

This work shows that the technique has practical implications in several fields. In weather
science, for example, in the case of a hurricane dataset, it can be used to identify and track
evolving meteorological phenomena, such as the formation and movement of the hurricane’s

center. In combustion science, it helps extract regions within a combustion chamber where



chemical reactions are most intense.

An essential component of this approach is the interactive visualization tool, CinemaView,
which supports the analysis by providing a user-friendly interface for navigating through time-
varying data. Users can compare different time steps and variables side-by-side, adjusting
visualization parameters to suit their specific analysis needs.

The integration of the SMI framework into Cinema databases represents a significant
advancement in the analysis of multivariate time-varying datasets. It enhances the efficiency of
data exploration and improves the accuracy of feature detection, which is critical for domain

experts to make informed scientific decisions. This work is published and referenced as [185].

1.2.2 Dynamic Spatiotemporal Data Summarization using Information

Based Fusion

With the rise of supercomputing capabilities, the volume of data produced has soared, intensi-
fying storage and I/O overheads that present significant challenges in data management and
storage. This work addresses these challenges using a dynamic spatiotemporal data summa-
rization technique. This technique leverages Specific Mutual Information (SMI) to effectively
reduce data storage demands while preserving critical information dynamics within datasets.
The approach is distinct in retaining both raw and summarized timesteps, ensuring that no
critical information is lost in the summarization process.

The core of the method involves the identification of informative and redundant timesteps
within time-varying datasets. Informative timesteps are preserved, while redundant ones are
fused using SMI-guided fusion techniques. This optimizes storage without sacrificing data
integrity. This process streamlines data handling and enhances visualization capabilities,
enabling users to track and analyze information change over time more efficiently.

The versatility of the proposed technique is demonstrated through its application to varied
datasets, including particle-based flow simulations, security surveillance systems, and biological

cell interactions. For example, in security and surveillance, the method allows for the efficient



summarization of lengthy video sequences, highlighting only those periods where significant
activity occurs, thereby optimizing storage and improving the manageability of surveillance
data. An integral component of the research is the holistic representation of the fused timesteps.
This enables minimal data loss allowing for detailed examination of specific data points over
compressed intervals.

The proposed summarization technique significantly impacts data management practices
across multiple disciplines by reducing the computational and storage overhead associated with
large datasets. It is applicable to both in situ and post hoc data analysis contributing to deeper
insights in various scientific and technological fields. This work is submitted for review and

archived [184].

1.3 Analyzing Spatial Features of SARS-CoV-2 Infection

Spread in Lung using CT Scans and SIMCoV Model

The COVID-19 pandemic has emphasized the critical need for advanced tools to understand
and predict the dynamics of viral infections, particularly in the respiratory system. Computed
Tomography (CT) scans have been instrumental in diagnosing and assessing the severity of
SARS-CoV-2 infections, revealing characteristic patterns of lung damage such as ground
glass opacities (GGOs) [15,51] and consolidations [82]. These imaging features represent
the multifocal distribution of lung lesions and the associated tissue damage, typically due to
inflammatory responses. We want to understand the underlying properties of lung damage and
the cause of variability across patients. We use a simulation framework of the SARS-CoV-2
infection dynamics to explain the observable conditions in the CT scans.

The Spatial Immune Model of Coronavirus (SIMCoV) [137], is an advanced computational

framework designed to simulate SARS-CoV-2 infection in the lungs at a cellular level. Unlike
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Figure 1.1: SIMCoV model components and their interactions. Epithelial and T cells are
represented as agents; virions and inflammatory signals are represented as concentrations.
Numbered transitions are described in the Materials and Methods Section of [137]

traditional Ordinary Differential Equation (ODE) models, SIMCoV employs an agent-based
modeling approach, allowing for the detailed simulation of viral spread and immune response
across hundreds of billions of cells. SIMCoV is the perfect groundwork to analyze and predict
the spatial dynamics of COVID-19 in the lung as observed in CT scans.

The SIMCoV model simulates the dynamics of SARS-CoV-2 infections to understand the
viral spread dynamics through tissue. It affects lung epithelial cells and examines how the
timing and location of immune cells (T cells) influence the spread in the lungs. The components
of the model and their interactions are visualized in Figure 1.1 which is referenced from [137].
SIMCoV demonstrates the initial spatial distribution of the virus in the lungs, explains the rates
and patterns of viral spread through lung, and analyzes T cell counts and movement patterns,
influenced by lung architecture.

Utilizing advanced high-performance computing methods and resources, SIMCoV simulates

the viral spread over time using different model configurations. SIMCoV effectively replicates



the viral growth dynamics observed in patients and is the first model to demonstrate how
spatially dispersed infections lead to increased viral loads. It also highlights how the timing
and strength of the immune response can influence viral dynamics and controls. SIMCoV is an
efficient model to understand the within-host dynamics of SARS-CoV-2 infection. The model
and simulations suggest that the number of independent infection sites within the lungs is a
key driver of peak viral load. The spatial dispersion of the inflammation caused by the virus
may be particularly important for SARS-CoV-2 and other lung infections due to the extensive
epithelial surface area of the lungs. Therefore, for analyzing spatial features of SARS-CoV-2
infection spread in the lung using CT scans, we are comparing the spatial characteristics of
inflammatory signal spread within the alveolar sac structure, simulated by SIMCoV. SIMCoV
allows us to investigate why the spread of infection and lung damage vary across patients and
appears patchy in many cases.

The multifocal nature of SARS-CoV-2 infection leads to heterogeneous patterns of lung
damage, making the disease progression unpredictable in many cases. Current modeling ap-
proaches, while useful, often fail to capture the spatial complexities of the infection. SIMCoV’s
spatially explicit modeling capability presents a unique opportunity to bridge this gap by pro-
viding a detailed, scalable platform for studying viral and immune dynamics.

By comparing the spatial features of lung damage observed in CT scans with those generated
by SIMCoV, we can enhance our understanding of the initial conditions leading to varying
levels of severity in patients. This comparison will also help in refining SIMCoV’s parameters

to better replicate and eventually predict individual patient outcomes based on early CT scans.
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Chapter 2

Background

This chapter discusses the background of some concepts and related works that have been used

in the research scope .

2.1 Information Theory Based Approaches and Concepts

Information theory tools [49] have been used extensively for solving problems across com-
putational domains. Information theory provides information content for a variable and can
measure similarity. From Shannon’s paper [ 73], it can be stated that information is a defined
measurable quantity. According to Claude Shannon in 1948: “A basic idea in information
theory is that information can be treated very much like a physical quantity, such as mass or

energy.”

2.1.1 Entropy

Entropy measures the amount of information in the probability distribution of a random variable
[173]. It indicates the uncertainty in the outcome of an event. Entropy can be understood by
considering a coin toss. The probability of heads is p(x) = % and the probability of tails is

p(y) = 1. The entropy His — (1 x log, (%) + 1 x log,(3)). Since log, (1) = —1,H=1 bit.
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The formula for calculating entropy is:

H(r) = =) p(r)log,p(r), (2.1)

r

where H(r) is the entropy of variable r and p(r) is the probability of r occurring. Here we use
log, so that entropy is measured in bits, the unit of information. The expression is negated
because the log, of probabilities (which are always less than or equal to 1) is always negative

or Z€ro.

2.1.2 Joint Entropy

We use joint entropy to measure the uncertainty in the outcome of two variables:

H(r,g) ==Y Y p(rg)log,p(rg) (2.2)

r-8

where p(r,g) is the joint probability distribution function of r and g.

2.1.3 Mutual Information (MI)

Mutual Information (MI) is one of the well-known measures to quantify the mutual correlation
between two variables. Mutual information quantifies the total amount of information overlap
between two variables, i.e., if we observe a certain variable, then MI tells us how much
uncertainty has been reduced regarding the information of another variable. Given two random

variables X and Y, MI I(X,Y) is formally defined as:

1,7)= Y Y p(x,) log PHY)_ 2.3)

yeY xeX p(X)p(y)

where p(x) and p(y) are the probabilities of occurrence of values x for X and y for Y respectively
and p(x,y) is the joint probability of occurrence of values x and y together.

MI can also be calculated using entropy one variable and the joint entropy of two variables

12



using 2.4.

MI(r,g) = H(r) +H(g) —H(r,g) (2.4)

Intuitively, this formula calculates MI by subtracting the joint entropy of r and g from the total
entropy in both r and g, which leaves the overlap in entropy of r and g.
MI quantifies the total association or disassociation between two variables and provides a

single value in bits.

2.1.4 Normalized Mutual Information (NMI)

We normalize MI by dividing by the minimum of the internal entropies, since it provides an

upper bound on MI, for a proof see [87].

MI

= min(H(r). H(g)) ()

The value of NMI is bounded between O and 1.

2.1.5 Specific Mutual information

MI can be further decomposed into specific mutual information (SMI) measures to quantify
individual data values’ contribution towards such association or disassociation. For specific
scalar values x € X, SMI computes the information content of x when another variable Y is
observed. In this case, X is called the reference variable and Y is called the target variable.
Knowledge about the scalar values in the reference variable can increase knowledge about the
target variable. This increase in information or decrease in uncertainty helps in identifying
important regions in the float-image data. MI can be decomposed in multiple ways to obtain
several SMI measures and we focus on two such SMI measures, Surprise and Predictability,

[26,55] for finding different types of multivariate characteristics between variable pairs.
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SMI measure Surprise: /;(x;Y)

The Surprise measure quantifies the change in the information content in the occurrences of the
target variable after observing individual scalar values of the reference variable which has the
potential of providing information which would seem improbable otherwise, hence the name
surprise [26,55]. The regions where data values have higher surprise values can be informative.

For two random variables X and Y, surprise is denoted as /; and presented as:

()= T ok s p}f{;)) 2.6)

where x € X is the reference variable and y € Y is the target variable. p(y) is the probabilities of
occurrence of values y for Y and p(y|x) is the conditional probabilities of values y given values
x. Surprise is always positive as it is the distance between p(y|x) and p(y). A high I, (x;Y)
implies that after observing the reference variable x, some low probability values of y € Y have

become more probable.

SMI measure Predictability: I(x;Y)

The Predictability measure provides us with the amount of increase/decrease in uncertainty
about the target variable after observing the reference variable [26,55]. This quantification of the
uncertainty change helps to identify statistically significant regions in the images. Predictability

is denoted as I and can be computed as:

L(xY)=—Y p(»logp(y)+ Y, p(y[x)logp(ylx) 2.7)
yey yeY

where x € X is the reference variable and y € Y is the target variable. p(y) is the probabilities of
occurrence of values y for Y and p(y|x) is the conditional probabilities values y given values x.
Based on the amount of information increase and decrease, I can be both positive and negative.

A high positive I;(x;Y) value indicates that the uncertainty of target variable Y has decreased

14



when value x is observed. On the other hand, a high negative I (x;Y) value indicates that the
uncertainty of target variable Y has actually increased. According to information theory, data
values that are less probable or unpredictable contain more information representing salient

regions in the data with diverse characteristics that are worth deeper exploration.

2.2 Information Theory for Data Analysis and Visualization

The use of information theoretic measures [49, ] to solve data analysis and visualiza-
tion problems is well-known. Mutual information has been used to perform data registra-
tion [47,92,94, , ], view selection [194], estimation of surface similarities [90], shape
complexity [161], and for quantifying information transfer from data to image space [28]. For
exploring similarities among level-sets, information theory has also been used [32,203]. Various
decomposition of mutual information, called specific mutual information measures have become
recently popular for fusing multi-modal data [27], analyzing isosurface uncertainties between
variable pairs [23], and designing transfer functions [25]. Point-wise mutual information is
also applied to quantify important data value combinations from time-varying data [66], and
for retrieving opposite information from a given variable pair [91]. For a detailed review of
information theory applications in data analysis and visualization, interested readers are referred

to [42,43, , ].

2.3 Time Step Selection and Data Summarization

Detection of key time points in a data set is an important problem for time-varying data analysis.
Several approaches have been proposed for key time step detection for large time-varying data
sets [187,220]. These techniques assume the availability of all the time steps. When the storage
of all time steps is not possible, real-time techniques are required so that they can be applied in
situ. Myers et al. [ 142] proposed an in situ streaming regression-based strategy for detecting

salient time points. To enable adaptive in situ workflow during the simulation run, Maher
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et al. [165] proposed a trigger-based solution for combustion simulations. These techniques
generally allow the detection of key time points and do not offer any data summarization
capability.

The computer vision community has developed several techniques for doing spatio-temporal
fusion of large data obtained from different sources. These approaches do not necessarily
combine time steps based on the key time points. Pulong and Kang proposed a technique for
fusing temperature data obtained from MODIS and AMSR-E instruments using a dynamic
fused Gaussian process [124]. Nguyen et al. [145] developed a technique for summarizing
large spatio-temporal images obtained from remote sensing applications. In a recent work,
Shah et al. [171] proposed an algorithm for real-time summarization of data streams for smart
grid applications. Compared to the above techniques, the proposed method is different in the
sense that our method needs to work in situ under strict memory and computational resource
constraints and is primarily developed for very large-scale three-dimensional scientific data
sets. The proposed method aims at identifying the key time steps based on some user-provided
criteria and then generate summaries for the intermediate non-key frames so that the reduced
output data can store a holistic view of the entire simulation data allowing flexible post hoc

analysis and visualization.
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3.2 Abstract

T cells play a vital role in eliminating pathogenic infections. To activate, naive T cells search
lymph nodes (LNs) for dendritic cells (DCs). Positioning and movement of T cells in LNs is

influenced by chemokines including CCL21 as well as multiple cell types and structures in
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the LNs. Previous studies have suggested that T cell positioning facilitates DC colocalization
leading to T:DC interaction. Despite the influence chemical signals, cells, and structures can
have on naive T cell positioning, relatively few studies have used quantitative measures to
directly compare T cell interactions with key cell types. Here we use Pearson correlation
coefficient (PCC) and normalized mutual information (NMI) to quantify the extent to which
naive T cells spatially associate with DCs, fibroblastic reticular cells (FRCs), and blood vessels
in LNs. We measure spatial associations in physiologically relevant regions. We find that T
cells are more spatially associated with FRCs than with their ultimate targets, DCs. We also
investigated the role of a key motility chemokine receptor, CCR7, on T cell colocalization with
DCs. We find that CCR7 deficiency does not decrease naive T cells association with DCs, in
fact, CCR77" T cells show slightly higher DC association compared with wild type T cells.
By revealing these associations, we gain insights into factors that drive T cell localization,

potentially affecting the timing of productive T:DC interactions and T cell activation.

3.3 Introduction

The adaptive immune response depends on T cell interactions with DCs in the paracortex, or T
cell zone, of LNs. The rate at which naive T cells sample DCs determines how fast the immune
system can mount a response to infection [ 1 34]. The development of imaging methods such
as two-photon microscopy (2PM) and histocytometry have enabled direct observation of cell
locations in tissues. Many studies showing the relative location of T cells and DCs suggest that
they are both positioned in the LN to maximize the likelihood of T:DC interactions [30,209].
Despite advances in the ability to image and observe T cells in LNs, few studies make direct
quantitative comparisons of how closely T cells associate with multiple other cells types in
LNs.

T cells enter the paracortex of the LN from small post-capillary blood vessels termed high

endothelial venules (HEVs). T cells, DCs and FRCs occupy this region along with blood vessels
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(BVs). T cells move amongst DCs, FRCs, and other T cells to interact with DCs presenting
antigen. FRCs are stromal cells that encapsulate a collagen fiber conduit network which allows
for transport of lymph fluid carrying soluble antigen and chemokines [12, 88, 148, 176]. FRCs
produce the chemokine CCL21, which has an established role in naive T cell homing into the
paracortex from blood vessels [178, 197]. FRCs also provide structural support required for
efficient T cell activation [147]. [13] showed the FRC network is closely associated with naive
T cells moving within the paracortex, suggesting that FRCs may provide a network on which T
cells migrate.

There are several hypotheses regarding the role of individual cell types in mediating T:DC
interactions. HEVs are the entry points for T cells entering the LN. [85] suggests that DCs
gather near HEV's to maximize their contact rate with incoming T cells. Others have suggested
that DCs may congregate at the intersections of the FRC network, allowing T cells that travel
along the edges of the network to encounter T cells at an increased rate [59,99,186,217]. Spatial
interactions between T cells and blood vessels, FRCs, and DCs are important if they change
how T cells move through the paracortex and the timing of encounters with antigen-presenting
DCs, the key step in T cell activation and the initiation of the adaptive immune response.

In addition to structural and cellular cues, chemical mediators, including chemokines,
contribute to T cell motion and T:DC contacts in the LN. For example, the signaling molecule
LPA produced by FRCs has been shown to mediate rapid T cell motion in LNs [182]. In
addition, C-C chemokine receptor type 7 (CCR7), the receptor recognizing CCL21, is important
for high speed T cell motility in the LN [10, 112]. While CCR7 increases T cell movement
speed in LNs, whether CCR7 impacts T:DC contacts has not been investigated.

Understanding the contribution of cellular and structural LN components to T cell local-
ization requires a quantitative metric that allows direct comparisons of spatial associations
of multiple cell types. Several other groups have reported spatial relationships between cells
and structures using methods such as visual inspection [85, 131] and comparison of turning

angles of T cell movements with structures [ 13, 138]. However, none of these directly compare

20



associations between multiple cell types or structures with a consistent quantitative metric.

In this study, we use both the Pearson correlation coefficient (PCC) [3, | 8] as well as mutual
information (MI) [173] to compare the spatial association of multiple cell types and structures.
PCC measures the covariance of homologous pixel intensities, and has been often used to
determine colocalization, particularly of fluorescent proteins, in multiple biological systems
including the study of T cells [57,61]. PCC and MI can be calculated without the need to
identify individual cell boundaries which can be difficult for 2PM images.

Ml is an application of Shannon entropy (which measures the amount of uncertainty about
the value of a random variable in bits) originally defined to understand limitations on signal
processing and communication [173]. MI quantifies the reduction in uncertainty about one
variable when one knows the value of another variable. In analyzing spatial associations, we
measure the reduction in uncertainty about the location of one cell type given the location
of another cell type. MI has been successfully used in other biomedical image processing
applications, particularly in measuring image similarity in X-rays and MRIs for automated
image registration [ 104, , , ]. Further, MI and other information theoretic measures
are increasingly recognized as powerful tools for analysis of non-linear complex systems,
including complex biological systems such as the immune system [ 120, 155]. In this paper, we
use MI to quantify the spatial association of T cells with other cell types (e.g., DC or FRC).
We use MI as a measure of spatial association that is independent of specific types of cells
or structures. Additionally, MI is theoretically insensitive to coarse graining [54]. Thus, MI
can measure the amount of spatial dependence of one fluorescent marker on another while
minimizing observational bias. MI, unlike distance measures such as nearest-neighbor analysis,
is parsimonious, since it does not require extensive image processing to remove photon noise
and determine cell boundaries. Instead, MI can operate on the image directly without the
introduction of thresholds. In preliminary work we used MI to quantify the association of T
cells and DCs and found less correspondence between T cell and DCs than expected [79].

However, MI is not comparable across images with different sizes and amounts of fluores-
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cence. In this study, we use normalized mutual information (NMI) [87, ] that scales MI to
be between 0 and 1, which allows quantitative comparisons of spatial associations between cells
fluorescing in one color channel and another cell type fluorescing in a different color channel
across experiments [48, , , ]. Since PCC and NMI are both pixel based methods that
do not correspond to cell sizes, we create regions within the images that match cellular scales
and apply PCC and NMI. Analyzing regions as well as pixels allows these methods to capture
associations at biologically relevant scales. Both regional PCC and NMI analyses show T cells
associate much less with their ultimate targets, DCs, than with FRCs. Our results also show that
CCR7 does not increase T cell association with DCs. Our study uses quantitative metrics to
directly compare spatial association of T cells with other cell types in lymph nodes, revealing

insights into T cell search.

3.4 Methods and Materials

3.4.1 Mice and Reagents

Experiments were performed with C57BL/6 mice (Jackson Laboratories), B6.Ubiquitin-GFP
mice (Jackson Laboratories), B6.CCR7”" mice (Jackson Laboratories) and B6.Cg-Tg(Itgax-
Venus)1Mnz/J mice (Jackson Laboratories). Both female and male mice were used between
8-20 weeks of age. Breeding, maintenance, and use of animals used in this research conform
to the principles outlined by the Institutional Animal Care and Use Committee (IACUC). The
IACUC at the University of New Mexico approved the protocol for animal studies (protocol
number 16-200497-HSC). Anesthesia via ketamine and xylazine was performed during mouse
injections, and euthanasia was administered via isofluorane overdose followed by cervical
dislocation. For blood vessel staining, DyLight 594 labeled Lycopersicon Esculentum (tomato)
lectin (Vector Laboratories) was used at a dose of 70 ug per mouse. To isolate naive T cells,
Pan T Cell Isolation Kit II (mouse, Miltenyi Biotec, 130-095-130) was used according to

manufacturer’s instructions. To fluorescently label naive T cells, CellTracker™Orange (5-(and-
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6)-(((4-chloromethyl)benzoyl)amino)tetramethylrhodamine) (CMTMR) Dye (ThermoFisher
Scientific, C2927) was incubated with naive T cells at a final concentration of 5 uMm at 37 °C
for 30 min before being washed. Labeled naive T cells were then immediately adoptively

transferred into recipient mice.

3.4.2 Mouse procedures

For all images: 107 naive T cells were adoptively transferred into mice 14-16 hours prior to LN
harvest for imaging by 2PM. For T:DC images: T cells from naive wild type (WT) mice were
labeled with orange vital dye CMTMR and adoptively transferred into naive CD11c-yellow
fluorescent protein (YFP) mice in which all CD11c™ DCs are YFP". For T:BV images: T
cells from naive Ubiquitin-green fluorescent protein (GFP) mice were adoptively transferred
into naive C57B1/6 recipient mice. DyLight 594-labeled L. Esculentum (tomato) lectin was
injected intravenously into the recipient mice 5 min before harvesting the LNs for imaging.
The fluorescent lectin binds to glycoproteins on blood vessel endothelial cells and emits red
fluorescence. For T:FRC images: T cells from naive WT mice were labeled with CMTMR and
adoptively transferred into Ubiquitin-GFP recipient mice that were lethally irradiated (10 Gy).
The mice were reconstituted with C57B1/6 bone marrow 4 weeks prior to T cell adoptive
transfer. In this chimeric mouse model, the stromal cell populations fluoresce GFP while the

hematopoietic cell populations are non-fluorescent.

3.4.3 Two-Photon Microscopy set up

Two-photon microscopy was performed using either a ZEISS LSM510 META/NLO microscope
or Prairie Technologies Ultima Multiphoton microscope from Bruker.

Prairie Technologies Ultima Multiphoton microscope from Bruker: A Ti-Sapphire (Spectra
Physics) laser was tuned to either 820 nm for excitation of CMTMR or 850 nm for simultaneous
excitation of YFP and CMTMR, GFP and DyLight 594, or GFP and CMTMR excitation. The

Prairie system was equipped with galvo scanning mirrors and an 801 nm long pass dichroic to
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split excitatory and emitted fluorescence. Emitted fluorescence was separated with a 550 nm
long-pass dichroic mirror. Fluorescence below 550 nm was split using a 495 nm dichroic and
filtered with 460/60 nm and 525/50 nm filters before amplification by photo-multiplier tubes.
Fluorescence above 550 nm was split with a 640 nm long-pass dichroic mirror before passing
through 590/50 nm and 670/50 nm filters before amplification by GaAsP photo-multiplier tubes.
A UMPIanFLN 20x water immersion objective (0.5 numerical aperture) was used. Prairie View
5.4 software (Prairie Technologies) was used to acquire time-lapse z-stacks.

ZEISS LSM510 META/NLO: Chameleon Ti:Sapphire laser tuned to 850 nm (Coherent)
was used for excitation of either GFP and CMTMR, YFP and CMTMR, or Dylight 594 and
GFP. A 560 nm dichroic mirror and 500-550 nm and 575-640 nm bandpass filters were used for
detection of fluorophores. Movies were captured with the ZEN user interface (Zeiss). In both
imaging systems, Z-stacks with step size of 4 um were repeatedly imaged over time to obtain
movies of 10-45 min in duration. All analyses were performed on 2D image z stacks captured

by 2PM.

3.4.4 Lymph node preparation for live imaging

After euthanasia, LNs from mice were surgically dissected and transferred to a Chamlide
AC-B25 imaging chamber (Live Cell Instruments) with a customized coverslip platform to
allow flow beneath the LN. The LN was stabilized with a tissue slice harp (Warner Instruments)
and superfused with oxygenated Dulbecco’s Modified Eagle’s Medium (Gibco, 21063-045) and
maintained at 37 °C. For experiments in which blood vessels were imaged in conjunction with T
cells or DCs, with 70 ug DyLight 594-labeled lectin (from L. Esculentum, Vector Laboratories)

was intravenously administered by tail vein injection 5 min before euthanasia.

3.4.5 Calculation of Mutual Information

MI measures how much the value of one variable tells us about the value of another variable.

In this study, MI is used to quantify how much the locations of DCs, FRCs and blood vessels
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reveal about the locations of T cells. We calculate the MI of color intensities resulting from
2PM imaging of two cell types. Each image is composed of a sequence of 2-color 3D images.
In these images one cell type is dyed red and another green. We calculate the MI of the red and
green channels from every image to determine the association of the corresponding cell types
for that image.

The 2PM images contain red, blue and green channels. For every time step, we extract the
red and green channels into two separate 3D images r and g.

The 2PM images contain red, blue and green channels. For every time step we extract the
red and green channels into two separate 3D images r and g.

The MI calculation procedure can be summarized in the following 3 steps:

1. We calculate the entropy of variables in Xi and Y image r and image g: H(r) and H(g).

This measures the uncertainty of the color intensity in each image.

2. We calculate the joint entropy H(r, g) which measures the uncertainty about the color

intensities in corresponding positions in both images.

3. We calculate MI as the sum of the entropies of the individual images H(r) and H(g)
minus the joint entropy of the two images H(r, g). This reveals how much uncertainty
about the color intensity and location of one cell type (i.e., T cells) is reduced when we

know the color intensity and locations of the other cell type.

Entropy

Entropy measures the amount of information in the probability distribution of a random variable
[173]. It indicates the uncertainty in the outcome of an event. Entropy can be understood by
considering a coin toss. The probability of heads is p(x) = % and the probability of tails is

p(y) = 5. The entropy H is — (3 x log, (%) + 1 x log,(%)). Since log, (1) = —1,H =1 bit,
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The formula for calculating entropy is:

H(r) = =) p(r)log,p(r), (3.1)

r

where H(r) is the entropy of variable r and p(r) is the probability of r occurring. Here we use
log, so that entropy is measured in bits, the unit of information. The expression is negated
because the log, of probabilities (which are always less than or equal to 1) is always negative
or zero.

Entropy is maximized for a random event in which the probabilities of all outcomes are
equally likely (all N possible outcomes have a probability of occurrence of Il\,) leading to an
entropy of log,(N) bits. Entropy is minimized for a completely predictable event in which one
outcome has a probability of occurrence equal to 1, and all other outcomes have O probability
of occurrence, leading to an entropy of zero.

We calculate the entropy of color intensities in the red and green images. Each image has
256 possible color intensities for both the red and green images. Thus the maximum H(r) and
the maximum H(g) is log,(256) = 8 bits which would occur if each of 256 color intensities

were equally likely.
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Figure 3.1: Illustration of low, medium and high MI. Simulated images of 500 red and 500
green cells are shown in (A), (B) and (C). Each cell is 11 x 11 pixels (square shaped) where the
red cells are placed some distance from green cells, following a Gaussian distribution with mean
0, and a specified standard deviation, o. The color intensity of each cell is chosen uniformly at
random. However, each pair of green cells and red cells share the same color intensity. In (A),
the red and green cell placements are uncorrelated and uniform randomly distributed. In (B),
the placements of red and green cells are partially correlated (o=5). In (C), the location of red
and green cells are identical (6=0). (D-F) are set diagrams indicating the shared information
between red and green channels. In (D), the two color channels are independent since cell
locations are uncorrelated with each other providing minimum MI. In (E), the two images are
partially correlated which increases the MI, shown by the yellow shaded region. In (F), the two
images are completely correlated maximizing the MI of the two color channels, resulting in
complete intersection of the information in the red and green channels (yellow region). (G),
(H), and (I) are joint probability tables for images (A), (B), and (C) where 256 color intensities
are binned into 4 color intensities for purposes of illustration, resulting in a 4 x 4 probability
table. In (G), the probability values are low and evenly spread across the table, except for the
upper left corner, indicating overlap in the space with no cells (MI = ;0.001). In panel (H), the
probability values are higher along the diagonal than in other parts, indicating partial correlation
in the placement of red and green cells (MI = 0.0320). In (I), there are probability values on the
diagonal only and the probabilities off the diagonal are O since there is complete correlation in
the placement of red and green cells (MI = 0.8610). The calculation of entropy H(r) and H(g),
joint entropy H(r, g), and MI are shown for each case.

Joint Entropy

We use joint entropy to measure the uncertainty in the outcome of two variables:

H(r,g) =—Y.) p(r,g)log,p(r,g) (3.2)

r-8

where p(r, g) is the joint probability distribution function of r and g.

The two variables may be unrelated. For example, the joint entropy in the outcome of
tossing a fair coin twice is calculated from the probabilities of four possible events [heads,
heads], [heads, tails], [tails, heads] and [tails, tails]. The probability of each event is 4—11, resulting
in a joint entropy of 2 bits. Since the events are independent, the joint entropy is equal to the
sum of the entropies of each individual coin toss.

Alternatively, two variables could be related. In the extreme case, two variables could be
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completely correlated so that the value of one variable gives perfect information about the
value of the other variable. For example, if the second coin toss occurred by picking up the
coin and placing it back on the table with the same face up as before, then the probabilities of
events [heads, heads] and [tails, tails] are both % and the probabilities of [heads, tails] and [tails,
heads] are both zero. The joint entropy is 1, and equal to either of the individual entropies.

In our analysis of fluorescent images we are interested in the co-occurrence of red and
green colors. That is, we wish to know whether knowing the color intensity of green pixels
tells us anything about the color intensity of red ones in the same location. We calculate the
probabilities of all possible color intensities (0 to 255) in all corresponding locations of the red
and green images. We define the joint probability p(r,g) as the probability of each pair of color
intensities (0 to 255) occurring in the corresponding location in the red and green images. There
are 256x256 = 65,536 possible combinations of color intensities. We calculate the number
of times every intensity combination occurs in corresponding locations in an image. Then we
divide by the total number of locations in the images to turn those occurrences into probabilities.
These probabilities are entered in Equation (3.2) to calculate the joint entropy.

The joint entropy is low when color intensities repeatedly co-occur. Note that, joint entropy
can be low when either the same color intensities repeatedly overlap, or when different color
intensities overlap. For example, if red systematically has lower intensity than green, joint
entropy would still be low if a green intensity of, say, 220 was frequently co-located with a red
intensity of 180. Joint entropy only depends on the frequency of pairs of values co-occurring
in the same locations. Joint entropy is high when there is no association in color intensities
between the red and green images. Thus, in Figure 3.1(A) where red and green cells are
uniformly randomly distributed, there is minimal co-occurrence of the intensities, and therefore
all values in the probability table are low and uniformly distributed. In contrast, when red
and green cells co-occur with the same intensities in the same locations (Figure 3.1(C)), the
probabilities on the diagonal are high leading to the minimum possible joint entropy. We

observe these scenarios in Figure 3.1(G) and Figure 3.1(I) which are the corresponding joint
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probability tables for Figure 3.1(A) and Figure 3.1(C). For illustration purposes, the 256 color

intensity values are binned into 4 color intensities.

Mutual Information

MI is calculated from the entropy of each image and the joint entropy of the two images using
Equation (3.3).

MI(r,g) = H(r) +H(g) —H(r,8) (3.3)

Intuitively, this formula calculates MI by subtracting the joint entropy of r and g from the total
entropy in both r and g, which leaves the overlap in entropy of r and g.

In Figure 3.1, we illustrate how MI is calculated from a set of 3 simulated images. The first
case (Figure 3.1(A)) shows simulated red and green cells placed uniformly in random locations.
In most cases, red and green do not overlap as shown in Figure 3.1(D) (although by random
chance, there is little co-occurrence of red and green cells that appear yellow). We calculate
MI using Equation (3.3). Because there is little or no co-occurrence of red and green pixels in
Figure 3.1(A), the joint entropy H(r,g) ~ H(r) + H(g), so MI = 0.

The second case, in Figure 3.1(B), shows red cells placed within in a Gaussian distributed
range of the green cells creating partial co-occurrence of red and green pixels. We can observe
this region in Figure 3.1(E) (colored in yellow) which is the MI, calculated by summing
the entropy of red and green images independently, and then subtracting the joint entropy
(Equation (3.2)). The process to calculate the joint entropy of the two images are described in
Section 3.4.5 Joint Entropy.

The third case (Figure 3.1(C)) is a special case where the red and green pixels are of same
intensity residing in the same location. When separated as two images, red and green cells
completely overlap, shown in Figure 3.1(F). In this case, information about the location of
red cells provides all the information about the location of green cells. Because there is total
correspondence between the intensity of red and intensity of green in the same location, the

joint entropy H(r,g) = H(r) = H(g), and the MI therefore equals H(r) (and also equals H(g)).
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3.4.6 Normalized Mutual Information

The MI analysis quantifies in bits the amount information shared by images showing the
locations of two different cell types. However, the number of bits is influenced by the dimension
of images and the numbers and sizes of cells. It does not provide us with a universal scale
with which to compare the association of T cells with other cell types. For this, we define and

calculate NMI as:

_ MI(rg)
M= (), Hg))

3.4)

We normalize MI by the minimum entropy image. MI depends on both the joint entropy and
the internal (marginal) entropies of each color channel. The internal entropies vary across
experiments, resulting in MI values that are not directly comparable. We normalize by dividing
MI by the minimum of the internal entropies, since it provides an upper bound on MI, for a
proof see [87].

The value of NMI is bounded between 0 and 1, where O indicates no occurrence of the red
and green cells in the same location as in Figure 3.1(A), and 1 indicates complete colocalization
of the red and green cells as shown in Figure 3.1(C). NMI allows us to directly compare
spatial association of cells, regardless of the cell types, cell sizes, and image dimensions in our
experiments.

We validated the NMI metric on simulated data generated as 512x512 RGB images shown
in Figure 3.2(A). Each cell is 11x11 pixels (square shaped) with randomly chosen color
intensities ranging from O to 255. In each image, 500 green cells are placed uniformly at
random along with a number of red cells uniformly distributed between 100 and 500. We placed
each red cell within a distance determined by a Gaussian distribution from each green cell with
standard deviations (o) ranging from O (generating complete correlation of the red and green
pixels) to 10 (generating a low probability of overlap of red and green pixels). We treat the
image as a torus to avoid edge effects when placing red cells. We also analyzed images in which

both green and red cells are placed uniformly at random (%), and therefore with no spatial
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association and minimum MI.

NMI is designed to normalize for variations in cell numbers and differences in fluorescence
between fields. Normalization makes the method more robust to cell count. To assess the
potential effect of cell numbers on NMI, we simulated images in which we varied the cell
numbers from 100-500 and calculated NMI for differing cell numbers with complete cell
overlap (o = 0, increasingly spatially separated o = 1 or ¢ = 3 or cells placed in uniformly
random distribution) Figure 3.3. We also calculated PCC as a comparison. We find that NMI
is less sensitive to variations in cell numbers than PCC, particularly in cases in which there is

already spatial association.
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Figure 3.2: Validation of MI and NMI. Panel A shows 3 samples of simulated 512 x 512 images
that consist of 500 green cells and a number of red cells uniformly distributed between 100
and 500. Each pixel intensity of the red and green cells is randomly assigned and each cell is
11 x 11 pixels (square shaped). The red cell locations are chosen from a Gaussian distribution
centered at the location of green cells with standard deviation (0) 0 and 5 in the first and second
images, and uniformly random in the third image. (B) and (C) consist of multiple boxplots
of MI (B) in bits and NMI (C) values for simulated images where the standard deviation (0)
ranges from 0 to 10 and 2 additional special cases: 0* and 7. 0* indicates that red and green
color intensities are identical in corresponding locations which maximizes both MI and NMI.
% indicates that the cells are placed uniformly at random within the image and with uniform
random color intensity, resulting in the lowest MI and NMI. Increasing o decreases the spatial
association of cells and both MI and NMI systematically decrease, demonstrating that they are
useful metrics that indicate spatial association between cells.
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Figure 3.3: NMI is more robust than PCC to cell count. Simulated images were generated in
which numbers of cells in the green and red channels are varied by number and positions varied
as indicated. Apparent association of cell types based purely on the increased chance of two
cells being near one another as the number of cells goes up is a concern. The normalization
factor in NMI is intended to compensate for this artifact. Insensitivity to variation in cell number
while preserving sensitivity to the underlying association between cell types distinguishes NMI
from PCC. The number of cells in the green channel is kept constant at 500 while the number
of cells in the red channel is varied. NMI results are shown in the left column and PCC in the
right column. The spatial association between cell types in the model decreases from ¢ =0 in
the top row to uniform random placement in the bottom row.

3.4.7 Regionalization of Images

The NMI method takes into account the intensity and localization of pixels. However, cell
sizes consist of multiple pixels. A naive T cell has a diameter of approximately 5 um-7 um
whereas the approximate length of a pixel is 1 um. Therefore, we created regions in the image
and call this process “regionalization”. In regionalization, we chose a pixel (p) and calculated a
region around it with given length, for example in a 5x5 pixel (6 um x 6 um ) region, p is the
middle pixel. We calculated the average intensity of the corresponding region and replaced the
value of p with the average intensity value. Then we iterated over all pixels. We discarded the
regions along the image boundaries where complete regions could not be formed. This method
produced new images where each pixel has the average intensity of its region. We calculated
the MI, NMI, and PCC of these regionalized images. We used region sizes: 5x5 pixels (6 um X
6 um), 1515 pixels (18 pm x 18 um), 25x25 pixels (30 um x 30 um). We are most interested
in the results of region sizes between 5x5 (6 um X 6 um) and 15x 15 pixels (18 um x 18 um),
since these scales are most relevant to our biological data.

We validated both NMI and PCC for regionalized images. For validation, we used 512 x
512 simulated images that are constructed using the same method mentioned in Section 3.4.6
Normalized Mutual Information. Analysis is performed on 500 green cells and 500 red cells.
These simulated images are then divided into regions using the regionalization method. The

size of the regions are consistent with the ones we used for experimental data. Results from
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NMI and PCC analysis on these images are shown in Figure 3.4. NMI and PCC decrease with
decreasing spatial association, following a trend similar to that in the validation analysis shown

in Figure 3.2, although region size influences PCC more than NMI.
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Figure 3.4: Regionalized PCC and NMI on simulated data. Simulated images are 512x512
pixels with 500 red and 500 green 11 x 11 pixel square shaped cells. The red cell locations
are chosen from a Gaussian distribution centered at the location of green cells with standard
deviation (o), which ranges from 0 to 10 and % . % indicates that the cells are placed uniformly
at random within the images and with uniform random color intensity. (A) NMI of simulated
images with regions of 6 um x 6 um (blue), 18 um x 18 um (green), 30 um x 30 um (red), and
single pixel (1 um x 1 pm, cyan). (B) PCC of simulated images using the same regions.

3.5 Results

3.5.1 PCC shows T cells associate more with FRCs than DCs in LN

To ask whether naive T cells associate with DCs in the LN, we used PCC, a standard colocal-
ization measure. As a comparison, we also calculated the PCC of T cells and FRCs because it
has been suggested that T cells use FRCs as a network for migration through the LN [13]. We
transferred CMTMR-labeled T cells into CD11c-YFP mice, harvested LNs for 2PM imaging,
and calculated PCC of T cells and DCs from multiple images of T cells and DCs. We imaged
FRC:s as previously described by [13] by irradiating Ubiquitin-GFP animals, reconstituting with
whole bone marrow from non-GFP animals for 4-8 weeks, and co-imaged GFP+ FRCs with
co-transferred CMTMR labeled T cells. We find the PCC of T:DC microscopy images was
low (Figure 3.5(A)) (median = 0.19, results given to two significant figures throughout). In
fact, the PCC of T cells to DCs was significantly lower than PCC of T cell with FRCs (T:FRC
PCC median = 0.38). In Figure 3.5, we use interquartile-range notched box plots to visualize
the statistical relationships between measurements [ 28]. Non-overlapping notches indicate
the measurements were drawn from different distributions at the 95% confidence level. While
previous studies have determined association of T cells with FRCs and DC subsets separately,
we quantitatively compare the effect of FRCs relative to DCs on T cell positioning. These
results suggest that FRCs show much higher correlation with naive T cell locations in the T cell

zone of LNs than the presumed intended targets of DCs.
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Figure 3.5: Notched boxplots displaying PCC (A) and NMI (B) values for T:DC, T:FRC, and
T:BV images. Data include 6 T:DC image z stacks (2 experiments on 2 different days, 2 mice, 4
lymph nodes), 12 T:FRC image z stacks (3 experiments on 3 different days, 6 lymph nodes), 4
T:BV image z stacks (2 mice on 2 different days, 3 lymph nodes). Black dots indicate the mean.
Median T:DC PCC value = 0.1922, median T:FRC PCC value = 0.3810, median T:BV PCC
value = 0.2447. Mann Whitney p values for T:DC-T:FRC < e-4, T:DC-T:BV = 0.0293, and
T:FRC-T:BV < e-4. Median T:DC NMI value = 0.0101, median T:FRC NMI value = 0.0798,
median T:BV NMI value = 0.1355. Mann Whitney p values for T:DC-T:FRC, T:DC-T:BYV, and
T:FRC-T:BV comparisons < e-4.
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3.5.2 Application and validation of NMI as a novel method to assess T

cell association with cell types in LN

While PCC provides a quantitative metric to assess the correlation among pixels in images,
PCC assumes that these correlations are linear [3,61, 77, ]. We use NMI (a normalized
version of MI) to quantitatively assess spatial relationships between cell types without assuming
linearity. The principles of MI are illustrated using simulated images in Figure 3.1. MI has
been previously used to understand co-registration of MRI images, but not previously applied
to fluorescent images.

We calculated the entropy of fluorescence signals using Equation (3.1) and then calculated
the joint entropy using Equation (3.2)(for detail see Methods). We then calculated the MI
of the signals using Equation (3.3). To validate our MI calculations, we created simulated
images with fields of green and red “cells” in which there is no association (Figure 3.1(A)),
partial association (Figure 3.1(B)), and complete association (Figure 3.1(C)) of fluorescent
objects with sizes similar to that of cells. The 3 cases can be simplified by observing the
images in Figure 3.1(D) (no association) , Figure 3.1(E) (partial association marked as yellow
area) and Figure 3.1(F) (complete association marked as yellow area). The joint probability
tables (simplified examples in 4 x 4 color intensities shown in Figure 3.1(G), Figure 3.1(H),
Figure 3.1(I)) are used to calculate the joint entropy. If there is no spatial association, the
joint probability table shows evenly distributed low values (Figure 3.1(G)). Given the partial
spatial association of cells, the joint probability table shows increased values across the diagonal
(Figure 3.1(H)). Given completely overlapping signals, the joint probability table shows high
values across the diagonal (Figure 3.1(I)). Because MI is calculated from fluorescent images
in which different images possess different internal entropies, we normalized the MI values to
provide a universal scale (between 0 and 1) with which to compare one image to another. We
calculated NMI by normalizing MI with the minimum entropy of the two images, thus enabling

quantitative comparisons across fields.
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In Figure 3.2(A), we show examples of simulated images created for validating NMI
(described in Section 3.4.6 Normalized Mutual Information) in which red cells were placed with
standard deviation (o) of 0 and 5 as well as red cells placed uniformly at random. We expect the
MI and NMI values to decrease as the standard deviation increases, as shown in Figures 3.2(B)
(MI) and 3.2(C) (NMI). As expected, MI and NMI are maximum in the special case 0* where
the intensity, size and location of the cells are all identical; MI and NMI decrease as the spatial
association between the cells decreases. While the MI can be greater than 1 bit (Figure 3.2(B)),
the NMI metric is normalized to be between 0 and 1 (Figure 3.2(C)), demonstrating that NMI
can provide comparisons to account for differing levels of fluorescence across multiple fields
on a common scale.

As a further validation, we tested whether NMI calculations on our experimental data range
between 0 and 1. Figure 3.6 shows that the NMI of an image with itself is 1 (Matched Red:Red
and Matched Green:Green). We calculated NMI of two unrelated images from two different
experimental fields (Unmatched Red:Green). For example, the red cell image may be taken
from a T:DC experiment and the green cell image from a T:FRC experiment. As expected,
NMI in these cases is very close to O (Figure 3.6). We then calculated the NMI of T:DC and
T:FRC interactions using the same images on which we calculated PCC (Figure 3.5(B)). We
find that similar to PCC analyses, NMI shows significantly higher association for T:FRC than

T:DC (T:FRC NMI median = 0.08; T:DC NMI median = 0.01).

3.5.3 Regional PCC and NMI analyses

We first calculated both PCC and NMI using pixel-based comparisons (Figure 3.5). We find that
PCC and NMI show a significantly higher association of T cells with FRCs than DCs. However,
NMI and PCC pixel based metrics can be problematic. Intercellular interactions in 2PM
images are challenging to quantify by existing colocalization analyses because individual cells
occupy discrete physical space, but pixel-based colocalization methods measure the amount

of fluorescence signal overlap in individual pixels. In fact, any actual overlap in cell signal
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Figure 3.6: Illustration of the highest and lowest NMI that can be generated from the experi-
mental data. The NMI of an image with itself is the maximum value of 1, shown for an example
image of red cells and an example image of green cells. To obtain a minimum value, we
calculate NMI between two images, one red and one green from two different fields so that the
images are unrelated. We calculated NMI from 5,036 pairs of frames (Unmatched Red:Green).
For this unmatched scenario, the NMI is very close to 0 (median is 0.008).

as measured by PCC and NMI is likely artefactual in that cells do not physically overlap in
space. Also, it is possible that true intercellular contacts would be underestimated due to image
resolution and the inability to resolve smaller protrusions such as dendrites of DCs. To account
for cell-cell association rather than actual signal overlap based on pixels, we regionalized our
images using sliding windows of multiple pixels, the size of which matched approximate sizes
of T cells, DCs, and FRCs (estimated 5-7 um diameter). The regionalized image has the same
number of pixels as the original, but each pixel contains information drawn from the region

surrounding it. Given that each pixel is approximately 1 um in length, we created regions of 5x5
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pixels (6 um x 6 um) and 15x15 pixels (18 pm x 18 um) to account for potential extensions
beyond the cell bodies. We also extended the analysis to larger region sizes. Fluorescence in
regions was determined by taking the average fluorescence of all the pixels within the region
(for detail see Section 3.4.7 Regionalization of Images). We used this method to generate
new regionalized images and performed both PCC and NMI to take into account potential
interactions of cells without directly overlapping fluorescent signals.

We first tested the “regionalization” effect by performing PCC and NMI on simulated
images (as shown in Figures 3.1 (A), (B), and (C) and 3.2(A)) to determine the effect of cell
density, degree of pixel overlap, and regionalization on co-association (Figure 3.4). We created
simulated images that approximate the amount of fluorescence in our experimental images. We
varied the distance between the simulated cells to model different amounts of spatial association.
We applied our regionalization method to these simulated images and calculated NMI and PCC
values. We found that larger regions produce higher NMI and PCC values. Compared to NMI,
PCC is less sensitive to changes in spatial association but more sensitive to region size (compare
Figure 3.4(A) and 3.4(B)). Despite these differences, both NMI and PCC provide a quantitative

measure that can be used to detect variation in spatial association among cell types.
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Figure 3.7: (A) Sample images of T:DC (T cells labeled in red and DCs labeled in green), T:FRC
(T cells labeled in red and FRCs labeled in green), and T:BV (T cells labeled in green and blood
vessels labeled in red). (B, C) Line plots representing the NMI (B) and PCC (C) of T cells and
DCs (T:DC, green line), T cells and FRCs (T:FRC, blue dashed line), and T cells and blood
vessels (T:BV, black dotted line). NMI and PCC were calculated on pixels (Region Length
= 1 um), or regionalized images of increasing side length (6 um, 18 um and 30 um). Red stars
indicate medians for the corresponding region size, and error bars indicate the 95% confidence
interval around the median [9]. For NMI, Mann Whitney p values for T:DC-T:FRC, T:DC-T:BYV,
and T:FRC-T:BV comparisons < e-4 for all region lengths except T:DC-T:BV (region length
= 18 um) p value = 0.0012. For PCC, Mann Whitney p values for T:DC-T:FRC, T:DC-T:BV,
and T:FRC-T:BV comparisons < e-4 for all region lengths except T:DC-T:BV (region length =
1 um) p value = 0.0293. (D, E) Notched box plots comparing the NMI (D) and PCC (E) of T
cells and DCs with T cells and FRCs at physiologically relevant region lengths of (6 um, 18 um
and 30 um) for T:DC associations and 6 um for T:FRC associations. Note different scales on
the y-axis. Both NMI and PCC are greater for the physiologically relevant region sizes for
T:FRC than for T:DC (comparing T:DC at 30 ym to T:FRC at 6 ym p = 0.0022; for all other
comparisons p < e —4). T:DC images were from 6 image z stacks consisting of 4089 frames
from 2 mice and 4 lymph nodes. T:FRC images were from 12 image z stacks consisting of 9,468
frames from 3 mice and 6 lymph nodes. T:BV images were from 4 image z stacks consisting of
4,361 frames from 2 mice and 3 lymph nodes.

3.5.4 Regional analyses confirm that T cells are more associated with

FRCs than with DCs

After validating both the NMI metric and the regionalization of images, we analyzed regional-
ized images to quantify spatial association of T cells with DCs and FRCs using both PCC and
NMI. Both PCC and NMI show that T cells associate less with DCs than FRCs (Figure 3.7(B)
for NMI and Figure 3.7(C) for PCC). T cells are more associated with FRC across all region
sizes. In pixel-based comparisons (without regionalizing), the T:DC association was very low
(Table 3.1, (Figure 3.7,NMI = 0.0101; PCC = 0.1916) while T:FRC association was signifi-
cantly higher (NMI = 0.0798; PCC = 0.3810). Both NMI and PCC values for T:DC interactions
increased with increasing region sizes, T:FRC association also increased at each region size.
Regionalizing PCC into 18 um x 18 pm region (15x 15 pixels) resulted in the same trend among
the compared cell types as NMI (Figure 3.7(B) NMI; T:DC median = 0.1427, T:FRC median
= 0.3426; (Figure 3.7(C) PCC T:DC median = 0.4396, T:FRC median = 0.7646, Table 3.1).
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Data Type Median NMI | 95% Confidence Interval | Median PCC | 95% Confidence Interval
Random Control 0.0008 [0.0007, 0.0008] 0.0008 [0.0005, 0.0010]
Same Image control 1 [1,1] 1 [1,1]
1 ym x 1um (Single Pixel)
T:DC (WT) 0.0101 [0.0090, 0.0102] 0.1916 [0.1879, 0.1941]
T:DC (CCR77) 0.0158 [0.0156, 0.0161] 0.1527 [0.1338, 0.1589]
T:FRC 0.0798 [0.0691, 0.0846] 0.3810 [0.3729, 0.3886]
T:BV 0.1355 [0.1348, 0.1381] 0.2447 [0.2281, 0.2610]
6um x 6 um
T:DC (WT) 0.0588 [0.0524, 0.0685] 0.3467 [0.3427, 0.3808]
T:DC (CCR77") 0.0857 [0.0808, 0.0886] 0.4252 [0.3720, 0.4334]
T:FRC 0.2377 [0.2207, 0.2427] 0.6175 [0.5392, 0.6283]
T:BV 0.1144 [0.1101, 0.1214] 0.2565 [0.2342, 0.2815]
18 um X 18 um
T:DC (WT) 0.1427 [0.1418, 0.1443] 0.4396 [0.4327, 0.4734]
T:DC (CCR77) 0.2633 [0.2576, 0.2679] 0.5866 [0.5794, 0.5957]
T:FRC 0.3426 [0.3384, 0.3487] 0.7646 [0.6893, 0.7913]
T:BV 0.1036 [0.1002, 0.1093] 0.2603 [0.2302,0.2805]
30um x 30 um
T:DC (WT) 0.1547 [0.1509, 0.1589] 0.5089 [0.5020, 0.5448]
T:DC (CCR77") 0.3075 [0.2980, 0.3165] 0.6590 [0.6527, 0.6673]
T:FRC 0.3685 [0.3525, 0.3789] 0.8169 [0.7659, 0.8352]
T:BV 0.1080 [0.1034, 0.1159] 0.2816 [0.2514,0.2984]

Table 3.1: Median NMI and PCC values among cell types with 95% confidence interval. Both
NMI and PCC values increase with region size except for T:BV.

Figure 3.7(D) and (E) compare physiologically relevant regions that approximate cell sizes and
account for potential dendritic extensions with larger regions for DCs at 18 um and 30 um than
FRCs at 6 ym. Again, T:FRC associations are greater than T:DC associations using both NMI
and PCC. Thus, across region sizes, both NMI and PCC analyses show significantly higher T
cell association with FRCs compared with DCs. These results suggest that despite the fact that
DCs are considered the ultimate targets for T cell search, FRCs a greater determinant of naive
T cell positioning within the LN.

In addition to FRCs and DC:s, structures such as blood vessels in the LN can be sources of
chemokines [88, 179], and T cells may move along vessels in other tissues [ 1 38]. Several studies
suggest DCs are biased to localize near blood vessels and efficiently activate antigen-specific
T cells [14, ]. We used NMI and PCC to ask whether vasculature can determine T cell
localization in LN. We transferred GFP+ T cells for 16 hours as previously described, then just
prior to imaging, we injected animals with DyLight 594-lectin which binds endothelial cells

lining blood vessels. We then imaged T cells in conjunction with vasculature in LNs. With the
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pixel based PCC (Figure 3.5(A)) and NMI analyses (Figure 3.5(B)), T cell association with
blood vessel appears higher than T cell association with DCs, and NMI shows higher T cell
association with blood vessels than even FRCs. However, with increasing region size, PCC and
NMI analyses of T:BV values stayed consistent while T:DC values increased, for example, in
the 18 um length region, NMI of T:DC was 0.1427 and T:BV was 0.1036. The same trend was
seen for PCC (T:DC = 0.4396, T:BV = 0.2603). The consistent value of NMI and PCC analyses
of T:BV across regions likely reflects the sharp resolution of the blood vessel fluorescence
compared with the more blurred extensions of FRCs and DCs. With increasing region size
matching cellular scales, T cells show lower association with BVs (Figure 3.7 (B) and (C)).
These results suggest that T cells likely do not use crawling along vessels as a means to migrate

within T cell zones of LNGs.
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Figure 3.8: (A) Sample images of WT T:DC and CCR7”~ T:DC. T cells are labeled in red
and DCs are labeled in green. In WT T:DC, T cells are wildtype naive T cells and in CCR77
T:DC, T cells are from CCR7-deficient animals. (B,C) Line plots representing the NMI (B)
and PCC (C) of WT T cells and DCs (T(WT):DC, green line) and CCR7”" T cells and DCs
(T(CCR77-):DC, blue dashed line). NMI and PCC were calculated on pixels (Region Length
= 1 um), or regionalized images of increasing side length (6 um, 18 um and 30 um). Red
stars indicate medians for the corresponding region size, and error bars indicate the 95%
confidence interval around the median [9]. For NMI, Mann Whitney p values for T(WT):DC-
T(CCR77):DC comparisons < e-4 for all region lengths. For PCC Mann Whitney p values
for T(WT):DC-T(CCR77):DC comparisons for region lengths 1.2, 6, 18, and 30 um: Region
length 1uym p < e-4, 6um p = 0.9152, 18 um p = 0.0021, 30um p < e-4. WT T:DC images
were from 6 image z stacks consisting of 4089 frames using 2 mice and 4 lymph nodes. CCR7"
data are from 12 image z stacks consisting of 11,294 frames using 4 mice and 8 lymph nodes.

3.5.5 CCRY7 does not enhance T:DC association

The chemokine CCL21 plays an important role in driving rapid motility of naive T cells in
LNs, and this rapid motility has been suggested to enhance T cell interactions with DCs [209].
We tested whether signaling through CCR7 might provide information to T cells to enable
closer T:DC associations. To do this, we transferred CMTMR-labeled CCR77" T cells into
CD11c-YFP mice, harvested LNs for 2PM imaging, and calculated NMI and PCC of CCR7""
T cells and DCs. Contrary to our hypothesis, we found that in general, CCR7”~ T cells and
DCs showed slightly higher NMI and PCC than WT T:DCs (Figure 3.8(B), NMI WT: 0.0101;
CCR77: 0.0158 and Table 3.1). WT T cells showed higher co-association with DCs compared
with CCR77 T cells in only one case, pixel-based PCC analysis, while with increasing region
size and in all NMI analyses, CCR7”" T cells were slightly increased in DC association over
WT T cells (Figure 3.8(B) and (C), Table 3.1). Based on both NMI and PCC analyses, these
data show that CCR7 does not promote increased T cell localization with DCs. Absence of
CCR7 did not increase T:DC association to the level of T:FRCs, as NMI and PCC values of
T:FRC remained significantly higher than CCR7”~ T:DC association. These results suggest that
high speed motility promoted by CCR7 signaling likely functions to promote T cell exploration

of the LN paracortex rather than increase T cell localization close to DCs.
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3.6 Discussion

In this work, we analyze 2PM movies to quantitatively compare T cell association with different
cell types and structures in the naive lymph node using both PCC and NMI. To account
for the limitations of 2PM to resolve cell structures, we create regions that correspond to
physiologically relevant cell sizes. Both PCC and NMI across multiple region sizes show that T
cells share more spatial association with FRCs than with DCs. Furthermore, CCR77 T cells do
not associate less with DCs than WT T cells; in fact, our results suggest that CCR77 T cells
may associate slightly more with DCs than WT T cells.

Many studies have investigated T cell search for DCs in the naive LN since DCs are the
key cell type that is required to present cognate antigen to T cells leading to the initiation of
the adaptive immune response [106,209]. [206] suggest that cell positioning within the LN
maximizes the likelihood of T cell interaction with DCs. Other studies hypothesize that DCs
are situated atop the FRC network to facilitate T cell interactions with DCs as the T cells
move along the FRCs [83] and that T cells enter the paracortex from HEVs at specific entry
points contiguous with the FRC network, enabling T cells to be “received” by a greeting line
of DCs positioned on top of the FRCs near the HEV entry points [117]. Further, different
subpopulations of DCs have been shown to localize to specific regions in the LN, suggesting that
DC positioning relative to T cells may facilitate T cell activation [84]. However, our quantitative
analysis using NMI and PCC suggest that T cell association with FRCs does not lead to similarly
high association with DCs. The lack of association between T cells and DCs suggests that T
cells have no a priori knowledge of DC positions and that DCs are unlikely to attract T cells to
DC locations prior to infection. While there is evidence that upon DC activation and infection,
chemokines are important to mediate T cell repositioning to DCs [39,89, 1 15], our data suggests
that chemokines CCL19/21 that bind to CCR7 do not play a role in T cell positioning to DCs
in the absence of infection. [80] previously demonstrated that T cells move with a lognormal

correlated random walk, which aligns with several other studies in the LN [17, ]. Our results
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suggest that random movement, rather than guided movement, may be the strategy that naive T
cells use to interact with DCs.

Although T cells and DCs have low NMI and PCC, we find that unexpectedly, lack of
CCR7 does not decrease association between T cells and DCs, in fact, CCR7-deficient T
cells show slightly increased association with DCs. CCR7 mediates high speed motility in
LNs [100]. One possible explanation for our finding is that CCR7 deficiency in T cells results
in slower T cells that cannot efficiently move away from DCs once they have made contact.
Alternatively, CCR7 signaling might be important for T cells to move along FRCs where they
receive chemokinetic and survival signals, including both CCL21 and other cytokines such as
IL-7 so that in the absence of CCR7, T cells stay closer to DCs, which are not the primary
source of CCL21 [101, ]. While it is known that CCR7-deficient T cells are less capable of
activation, our quantitative analysis suggests that this may not be due to lack of T:DC contacts
but rather may be due to CCR?7 effects on overall motility or effects on cosignaling with T cell
receptors.

We validated both NMI and PCC on simulated data where we directly manipulated the spatial
association of cells and showed that both metrics decrease as spatial association decreases and as
region size increases (Figure 3.4). We designed NMI to normalize for differences in fluorescence
between fields, and NMI can quantify non-linear relationships between variables [177] while
PCC is based on correlation coefficients [3,61]. Additionally, information based measures are
theoretically insensitive to coarse graining [54]. Our regional NMI analyses in both simulated
and experimental images is consistent with this theoretical prediction in that NMI is less
sensitive to region size than PCC (Figure 3.4 and 3.7). We find that NMI is also less sensitive
to variations in cell number than PCC, particularly in cases in which there is already spatial
association (Figure S2). Further, NMI based on regions avoids problems associated with pixel-
distance measures that arise from 2PM images containing transient single pixel noise [149].
Cell-distance measures are also problematic because they require the boundaries of cells, or

their centroids, to be well defined. That is usually not the case in 2PM images, especially in
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the case of DCs and FRCs. We find there are advantages to our approach over regional mutual
information (RMI) [164], in particular RMI fails for region sizes greater than 6 um in length.
For scales where RMI can be applied the results are in line with PCC and NMI.

While both NMI and PCC consistently show that T cells are more spatially associated with
FRCs than with DCs, we note several caveats in interpreting these results. We considered that T
cells may share the highest NMI or PCC with the most numerous cells or structures that occupy
the most volume in the paracortex, simply because they cannot move away from the abundant
cell type or structure without encountering another cell or structure of the same kind. However,
our simulations (Figure 3.2(C)) validated that NMI is insensitive to variation in cell number,
with 5-fold variation in cell number causing much less effect on NMI than changes in spatial
association. While the amount of background noise (low-level fluorescence of individual pixels)
has some effect on NMI and PCC, that effect does not change the conclusion that NMI and
PCC both indicate higher spatial association of T cells with FRC than with DC.

Similar to previous studies, our experimental method uses irradiation to image FRCs
showing residual GFP+ hematopoeitic cells (between 5-10%). Thus, it is possible that T:DC
can contribute to the T:FRC NMI and PCC. However, because NMI and PCC of T cells with
DC:s is significantly lower, it is unlikely that the increase in T cell association seen with FRCs
is due to residual DC signal. There may also be limitations in the use of two photon imaging
as the primary mode of visualizing T cell interactions in the T cell zone as the T cell zone
is usually deeper in the LN cortex. Thus, although many publications have used two photon
imaging to understand T cell motion in LNs, T cell associations with FRCs and DCs may vary
depending on the specific areas that are imaged. Additionally, it is possible that staining specific
subsets of T cells or DCs may reveal more or less spatial association than we see with total T
cells and all CD11c+ cells.

In summary, our results show that NMI and PCC both provide quantitative methods to
analyze the relationship between two sets of objects, validated in simulations. NMI and PCC

show significant differences for different cell populations labeled with two different fluorescent
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markers, providing quantitative comparisons of fluorescent microscopy images across multiple
fields [180]. Thus, both NMI and PCC of physiologically relevant regions are useful tools
to quantify the relationship between fluorescent cell types. Since MI is a general method for
measuring colocalization of fluorescence microscopy images including 2PM signals, the NMI
and regional analyses may be broadly applied to any colocalization study of differentially

fluorescent objects in the LN and more generally.
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4.2 Abstract

Modern scientific simulations produce very large datasets, making interactive exploration of
such data computationally prohibitive. An increasingly common data reduction technique is
to store visualizations and other data extracts in a database. The Cinema project is one such
approach, storing visualizations in an image database for post hoc exploration and interactive
image-based analysis. This work focuses on developing efficient algorithms that can quantify
various types of multivariate dependencies existing within multi-variable datasets. It applies
specific mutual information measures for the quantification of salient regions from multivariate
image data. Using such information measures, the opacity of the images is modulated so that
the salient regions are automatically highlighted and the domain scientists can interactively

explore the most relevant regions for scientific discovery.

4.3 Introduction

Image-based data reduction techniques have emerged as one of the viable solutions to minimize
the size of the stored data so that it can be analyzed and visualized interactively post hoc by
the application scientists [ | 14]. Storing large-scale three-dimensional multivariate simulation
datasets in the form of an indexed image database, called a Cinema Database! [5], facilitates
exploration of the large-scale scientific data efficiently without overwhelming the users. These
Cinema databases are ideally generated in situ, i.e., when the simulation is running on the

supercomputer and the data is not yet moved to the disks. Instead of keeping the raw data,

Uhttps://cinemascience.github.io
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Cinema databases are stored onto disk as a proxy for the data, capturing various types of
visualizations of the data. Later during offline analysis, the Cinema databases can be explored
interactively to analyze the data in the image space. The success of this approach has been
shown in many application domains [5, 16].

Even though Cinema databases result in a significant amount of data reduction, such
databases still consist of multiple variables, timesteps, visualization parameters, etc. Hence,
efficient image-based data analysis and visualization algorithms are necessary to find salient data
features automatically so that the domain experts do not have to manually explore them. This
problem becomes more challenging when the experts want to analyze features in the multivariate
spatiotemporal domain to study their interaction pattern. In many scientific applications,
variables collectively show association/dissociation relationships and such properties are often
correlated to a physical phenomenon in the data. For example, in hurricane simulation data,
low-pressure and low-velocity regions are characterized as the hurricane eye, indicating the
strength of the storm. Therefore, multivariate analysis techniques are essential to efficiently
detect association/dissociation relationships in image databases. Ideally, these relationships
should be visually incorporated to the image database to support further interactive exploration
for new scientific discovery.

In this work, we propose an information-theoretic analysis framework that works on multi-
variate time-varying Cinema databases and performs automatic identification of salient regions
given a pair of variables. The technique uses specific mutual information measures (SMI) that
are a decomposition of traditional mutual information so that the information content of specific
data values can be quantified. Each SMI measure captures a unique multivariate property of
the data. Using the strength of these SMI measures, the opacity of the images is modulated
during visual analysis so that the important spatial regions are highlighted automatically and the
users can quickly focus on them while exploring the Cinema databases. The analysis results are

presented interactively using a web-based visual-analytics tool, CinemaView?, which allows

Zhttps://github.com/cinemascience/cinema_view
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Figure 4.1: An illustrative diagram of our workflow. Here we have chosen the variables pressure
and velocity from the Hurricane Isabel dataset to demonstrate the steps in our technique.
Specific mutual information (SMI) measures: Surprise and Predictability are applied on the
variable pairs and corresponding images are shown in column (a). After modulating the opacity
using linear and nonlinear mapping functions, images with salient regions are analyzed as
shown in columns (b) and (c) respectively.

side-by-side interactive comparison of analysis results. The efficacy of the proposed framework
is demonstrated by applying it to scientific simulation datasets from weather and combustion
sciences.

The contributions of our work are twofold:

* We propose a new technique to perform automatic feature analysis in multivariate time-
varying scientific data. Our image-based representations of the 3D spatiotemporal data

help reduce the overhead of the analysis significantly.

* We propose an information-theoretic opacity mapping technique to highlight the statisti-

cally salient regions in the data considering pairs of variables.
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4.4 Related Works

In this section, we present a comparative discussion of the existing related works and indicate
how our work is different. Information theory [49] have been used successfully for solving
problems across many computational domains [40, 1 83]. Instead of using traditional mutual
information, the use of various decomposition of mutual information, called specific mutual
information (SMI), have gained significant attraction in recent years. By applying SMI, Bramon
et al. showed that multi-modal 3D medical datasets can be fused into a single dataset [26].
In another work, Bramon et al. used mutual information to design color transfer function for
medical data [25]. To analyze uncertainty of isosurfaces in scientific 3D data, Biswas et al. [22]
used SMI and Dutta et al. extended this work into time-varying domain [67]. In contrast to
the above works, in this work, we have focused on 2D image-based databases, generated from
multivariate time-varying simulations, where our primary focus is to use SMI to automatically
first detect the statistically salient regions considering images from variable pairs and then use
the SMI values at each pixel location to define opacity values so that the salient regions are
automatically highlighted. These images will be ideally generated during the simulation run,
i.e., in situ, and as these simulations can have many variables and hundreds to thousands of time
steps, we believe that our approach can significantly accelerate the multivariate analysis for
the domain scientists by providing them an image-based time-varying summary of simulation

variable interactions where the salient regions are automatically highlighted.

4.5 Proposed Methods

4.5.1 Overview

Our aim is to develop an interactive analysis technique to enable scientists to explore salient
regions in time-varying multivariate datasets. The images in the Cinema database are derived

from three-dimensional simulation data for each variable over multiple timesteps. To study the
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Figure 4.2: Visualization of float and colored images. 4.2(a) presents float image and the
corresponding colored image using the colorbar shown on right for the pressure variable from
the Hurricane Isabel dataset. 4.2(b) presents an example of the mixture fraction variable from
the Turbulent combustion dataset.

relationship among multiple variables, we use specific mutual information (SMI) to provide
information about a target variable based on the knowledge of a specific scalar value of another
reference variable. We employ two SMI measures to explore multivariate interaction between
variable pairs and use the SMI values to design opacity mapping for the images to highlight
statistically salient regions automatically. A workflow of the proposed framework is presented

in Figure 4.1.

4.5.2 Information-Driven Framework For Multivariate Feature Explo-

ration

Cinema Database and Image Format

To generate the Cinema database images, 2D slice rendering is applied to the 3D scalar valued
variables. Instead of applying a transfer function via a colormap and storing the RGB valued
images, we use perspective projection on the 2D slice of the 3D data so that each pixel stores
the corresponding value of scalar data [16]. Such images are called float images and are stored
using standard PNG format. This also allows us to compute the SMI measures directly using
the raw data values rather than data distorted by an underlying colormap. A colormap can then

be applied post hoc. In Figure 4.2, we show examples of the float images and corresponding

60



color mapped images that are used in this work.

Specific Mutual Information Measures

The key factor in this work is determining the degree of association among the different variables
in order to identify and highlight salient regions. Because scientific data often has nonlinear
dependencies between variables, any correlation analysis technique must handle nonlinear cases.
There are several correlation analysis techniques available for measuring variable relationship.
Mutual Information (MI) is one of the well-known measures to quantify the mutual correlation
between two variables. MI’s ability to capture nonlinear dependency between variables makes it
a better choice than a more typical approach such as Pearson’s correlation. Mutual information
quantifies the total amount of information overlap between two variables, i.e., if we observe
a certain variable, then MI tells us how much uncertainty has been reduced regarding the
information of another variable. Given two random variables X and Y, MI I(X,Y) is formally

defined as:

1,7)= Y Y px,) log PHY)_ “.1)

yeY xeX p(X) p(Y)

where p(x) and p(y) are the probabilities of occurrence of values x for X and y for ¥ respectively
and p(x,y) is the joint probability of occurrence of values x and y together.

MI quantifies the total association or disassociation between two variables and provides a
single value. Since we aim to extract salient regions, we need a measure that can provide us with
information related to individual scalar values. Traditional MI can be further decomposed into
specific mutual information (SMI) measures to quantify individual data values’ contribution
towards such association or disassociation. For specific scalar values x € X, SMI computes
the information content of x when another variable Y is observed. In this case, X is called
the reference variable and Y is called the target variable. Knowledge about the scalar values
in the reference variable can increase knowledge about the target variable. This increase in
information or decrease in uncertainty helps in identifying important regions in the float-image

data. MI can be decomposed in multiple ways to obtain several SMI measures and we focus
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Figure 4.3: Function plots of the opacity mapping for modulating transparency in the images.
Upper row 4.3(a), presents plots from SMI measure surprise (/1) and lower row 4.3(b), presents
plots from SMI measure predictability (/>). Column (i) represents linear mapping and columns
(i1), (ii1) and (iv) represent increasing order of nonlinear mapping. x-axis of the plots shows
the values from the SMI measure and y-axis shows the mapped values from the corresponding
functions.

on two such SMI measures, Surprise and Predictability, [26, 55] for finding different types of

multivariate characteristics between variable pairs.

SMI measure Surprise: /;(x;Y)

The Surprise measure quantifies the change in the information content in the occurrences of the
target variable after observing individual scalar values of the reference variable. This measure
has the potential of providing information which would seem improbable otherwise, hence
the name surprise [26,55]. The regions where data values have higher surprise values can be

informative. For two random variables X and Y, surprise is denoted as /; and presented as:

Li(xY) = Y p(ylx)log px;) 4.2)
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where x € X is the reference variable and y € Y is the target variable. p(y) is the probabilities of
occurrence of values y for Y and p(y|x) is the conditional probabilities of values y given values
x. Surprise is always positive as it is the distance between p(y|x) and p(y). A high [;(x;Y)
implies that after observing the reference variable x, some low probability values of y € ¥ have

become more probable. This surprising element is potentially informative for our analysis.

SMI measure Predictability: I(x;Y)

The Predictability measure provides us with the amount of increase/decrease in uncertainty
about the target variable after observing the reference variable [26,55]. This quantification of the
uncertainty change helps to identify statistically significant regions in the images. Predictability

is denoted as I, and can be computed as:

Lx:Y) ==Y p()logp(y)+ Y. p(ylx)logp(ylx) (4.3)
yeyY yey

where x € X is the reference variable and y € Y is the target variable. p(y) is the probabilities of
occurrence of values y for Y and p(y|x) is the conditional probabilities values y given values x.
Based on the amount of information increase and decrease, I can be both positive and negative.
A high positive I>(x;Y) value indicates that the uncertainty of target variable Y has decreased
when value x is observed. On the other hand, a high negative I (x;Y) value indicates that the
uncertainty of target variable Y has actually increased. According to information theory, data
values that are less probable or unpredictable contain more information representing salient
regions in the data with diverse characteristics that are worth deeper exploration. Therefore,
the surprise and predictability measures provide different statistically meaningful results, an

important consideration in the workflow.
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SMI-driven Opacity Mapping Functions

These two SMI measures can now be applied to the image data to identify and highlight
statistically salient regions. Since each pixel in the data has a scalar value, SMI measures
can be estimated at every spatial pixel location. Note that high surprise regions and high /
low predictable regions indicate salient variable relationships. We want to emphasize such
regions where statistically significant multivariate properties exist between the selected variable
pair. One of the ways to highlight the regions is by modulating the opacity channel of the
image. This suppresses unimportant pixel values while directing focus to important regions.
In the following, we show how different types of opacity mapping functions for SMI values
can be used to automatically highlight important regions in the images. The design goal of
such opacity functions is to make the regions containing high SMI values more opaque so that
they are clearly visible and suppress regions with low SMI values by making them transparent.
The choice of opacity mapping functions is quite broad and we consider linear and nonlinear

mapping functions.

Linear Mapping Strategy of SMI Values

A linear mapping function can be trivially designed. We normalize the values of /; and I, in the

range of [0, 1] using the following linear function.

f(x) = Constant (4.4)

As shown in Figure 4.3, for the surprise measure, /;, 4.3a(i) shows a linear relationship
representing the /; values between [0, 1] for a pair of variables. Since predictability, I, produces
both positive and negative values, we model them separately. We normalize positive values
between [0, 1] and negative values between [—1,0]. Combining both at 0, we get a ’V-shaped’
plot, as shown in Figure 4.3b(i). By designing linear mapping functions such as these, lower

SMI valued or unimportant regions will be transparent and higher SMI valued or informative
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regions will become opaque.

Nonlinear Mapping Strategy of SMI Values

The linear mapping strategy computes opacity value as a linear function of SMI values. However,
this may not provide sufficient differentiation in the opacity to highlight the most salient regions.
In order to design a mapping strategy where the higher SMI valued regions are clearly visible by
further suppressing the low valued regions, we introduce nonlinear mapping functions, where
the transparency value mapping can be modulated exponentially, giving us more control during

analysis. We define the following nonlinear exponential function:
f(x) :el_ac%;a >=1 4.5)

where a is the exponential control parameter. As a increases, higher SMI values are assigned
higher exponential weight. a provide a control parameter that a user can use to set a threshold
on the measures that are improtant for a specific analysis. Figure 4.3, columns(ii), (iii) and
(iv), illustrates how the function changes with increased values of a from 1 to 3. In the case
of I, as a increases, the plot gets steeper by assigning less weight to lower values and more
weight to higher values. For example, in the case of Figure 4.3a(iv), the regions with highest /;
values will be most opaque making anything below threshold transparent, thus highlighting the
significant regions in the images.

This approach is extended for the /> analysis by using the function separately for positive and
negative values. As seen in Figures 4.3b(i1), b(iii) and b(iv), with higher orders of a, the V-shape
from the linear mapping becomes more *U-shaped’ with steepening curves emphasizing the
most significant positive and negative I, values.

With the parameter a, the user can set the opacity threshold for results useful to their specific

analysis and achieve control over the images they want to visualize for further exploration.
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4.6 Results

The results of our work are presented using an interactive visual analytics tool, CinemaView,
to study salient regions in image datasets. CinemaView is a browser-based viewer that allows
interactive exploration of image databases stored as a Cinema database. Figures 4.4 and
4.5 show the user interface of the CinemaView tool. Figure 4.4(a) shows the color mapped
ground truth images of two selected variables, pressure and cloud, followed by the images
representing the analysis of the variables using surprise (/1) and predictability (1) as opacity
mapping functions. Images containing both linear and nonlinear mapping can be visualized
simultaneously using this tool as shown in Figure 4.4(a). In this study, we present results
by using order up to 3 for the nonlinear opacity mapping functions. The right panel of the
CinemaView interface provides interactive widgets that can be used to adjust image size and
to explore the results over time. There is a drop-down menu where the user can select the
dataset to view. CinemaView is intuitive and user-friendly and it allows interactive exploration
of multiple image databases simultaneously in a side-by-side fashion. Users can easily compare
and contrast the relationships among multiple variables and study their evolution over time

(supplementary video).

4.6.1 Hurricane Isabel Dataset

Hurricane Isabel data was produced by the Weather Research and Forecast (WRF) model,
courtesy of NCAR and the U.S. National Science Foundation (NSF). This dataset consists of
13 variables and 48 timesteps with a spatial resolution of 250 x 250 x 50 for a single timestep.
In this work, we show analysis results obtained using the pressure and cloud variables.

Figure 4.4(a) presents analysis results for timestep 7. The pressure is the reference variable
and the cloud is the target variable. Thus the specific mutual information measures are calculated
for values of pressure. After computing /; measures, the results are stored as images for visual

analysis. Since each pixel in the raw data has a pressure value and each pressure value has an
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Figure 4.4: (a) presents salient regions between pressure and cloud variable analysis from the
Hurricane Isabel dataset at timestep 7 using CinemaView. The first images of each row are
the color mapped images of the reference variable pressure and target variable cloud. The
first row shows the combined analysis using surprise (/1) as the opacity mapping function.
The blue regions represent detected salient areas. The second row shows combined analysis
using predictability (/) for the opacity mapping function. The red regions represent positive
predictability and the blue regions represent negative predictability. The elements annotated
with red arrows and circles show the interactive tools of CinemaView. (b) presents function
plots of the opacity mapping for modulating transparency in the corresponding images. The
upper row shows surprise (/1) plots and lower row shows predictability (/) plots. Column (1)
represents linear mapping and columns (ii), (iii), and (iv) represent increasing order of nonlinear
mapping. x-axis of the plots shows the values from the SMI measure and y-axis shows the
mapped values from the corresponding functions.
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associated surprise (/1) value, we create a new image where each pixel contains the /; value and
the opacity at each location is also controlled by a linear/nonlinear mapping function using the
associated surprise values. This is then repeated for each timestep. The corresponding opacity
mapping functions used to modulate the opacity for timestep 7 are shown in Figure 4.4(b),
where the goal is to highlight regions that have high surprise value. As shown in Figure 4.4(b),
we modulate the order of the opacity function so that we can emphasize regions with high
magnitude of /; values.

In Figure 4.4(a), the high I; valued regions are presented with different shades of blue
where the different shades indicate the opacity modulated regions with darker blue depicting
higher surprise values. From the /; linear mapping results, we can observe that the areas around
the hurricane eye are highlighted as having high /; values and indicate that such regions have
become more probable after the cloud variable is observed. These regions coincide with the
hurricane eyewall — a salient region in the pressure data. It is also observed that, by increasing
the ordering of the nonlinear mapping, we can refine the most significant and surprising regions
around the hurricane eyewall.

The second row of Figure 4.4(a) (except the first image) presents I analysis results. As
the I; values can be both positive and negative, for visualization purposes, those regions are
highlighted using shades of blue and red. Blue and red indicate negative and positive />
values, respectively. From the I; analysis results, we see that the hurricane eye region is red
(positive I) which means it is a highly predictable region when pressure and cloud variables
are analyzed. It is known that in the hurricane eye region, pressure values are typically low
and cloud values are mostly homogeneous and thus such region is detected as a predictable
region. If we focus at the region around the hurricane eye’s boundary, we find that a region
is identified as uncertain and has negative predictability values and so has blue color. This is
also a consistent observation since this region is known as the eyewall and the target/observed
variable cloud has high variability and so is less predictable. Finally, moving away from the

hurricane eyewall, the cloud values again become less varying and such regions are detected as
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more predictable regions (red color) away from the hurricane eye. The white regions in these
images indicate regions where both the positive and negative I, values are relatively low and so
they are transparent. From the predictability plots in Figure 4.4 b(i), b(ii), b(iii) and b(iv), the
white areas represent the parts where the ‘V-shape’ flattens into ‘U-shape’ as we increase the
order of the nonlinear mapping. As the order is increased, stronger predictable and uncertain

regions become highlighted as significant regions.

4.6.2 Turbulent Combustion Dataset

The Turbulent combustion simulation data is made available by Dr. Jacqueline Chen at Sandia
Laboratories through the US Department of Energy’s SciDAC Institute for Ultrascale Visu-
alization. This dataset has 5 scalar variables and 122 timesteps with a spatial resolution of
240 x 360 x 60 for a single timestep. During the combustion process, fuel and oxidizer react
and the flame exists where fuel and oxidizer are in stoichiometric proportions [7]. The mixture
fraction is an important variable in this dataset that indicates the fraction of mass at the fuel
stream origin. So, we have used the mixture fraction (mixfrac) as the reference variable and
hydroxyl radical (Y_OH) as the target variable since both of these can be used to study the flame
regions of the simulation [7]. By analyzing the interacting relationship of these two variables,
important features can be studied and detailed information about the combustion process can be
gleaned.

In Figure 4.5, we show results from timesteps 5, 41, and 80 as three different representative
timesteps, highlighting three stages of the time-varying simulation. Timestep 5 in Figure 4.5(a)
shows the initial state of the combustion variables interacting when the flames just started
burning. Timestep 41 in Figure 4.5(b) represents an intermediate time when the combustion
process is active and and finally, Figure 4.5(c) presents the result from a later timestep 80 when
the flame has expanded. From these three figures, the salient regions clearly change their shape
and position over time, indicating how this method is able to capture temporal changes.

The salient regions detected from the /; analysis signifies the areas where the combustion
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Figure 4.5: Salient regions between reference mixfrac and target Y_OH variable analysis from
Turbulent combustion dataset at (a) timestep 5, (b) timestep 41 and (c) timestep 80. The
first images of each row are the color mapped images of the reference variable mixfrac and
target variable Y_OH. After the color mapped image, the top row from every timestep shows
combined analysis of the variables using surprise (/). The blue regions represent the salient
areas (flames). Similarly, the bottom row shows analysis using predictability (/>). Red and blue
regions represent positive and negative predictability respectively.
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process is happening around the flames. I; analysis shows blue regions identifying the areas
with combustion flames. As we proceed to nonlinear mapping with increased order, higher I
valued regions get highlighted with dark blue and lower /; valued regions become transparent
with lighter shades of blue, displaying the flame regions in a more refined manner.

From the I, analysis results, we see two types of regions, blue and red. As before, the blue
regions show the locations where the values of the target/observed variable (Y_OH) are not
homogeneous when observing the reference variable mixfrac. From all of the three timesteps,
we find that the blue regions coincide well with the regions detected by the /; analysis, i.e.,
the regions where the flame is. In this region, the complex chemical reactions take place and
so is hard to predict. From our I; analysis, such regions are detected as having negative I,
values which means such regions have higher uncertainty, therefore, less predictable. On the
other hand, the red regions in these results show predictable regions of Y_OH when mixfrac is
observed. The two outer red regions (the top and the bottom part) are the background regions
where the combustion is not happening and hence the data values are mostly homogeneous. As
a result, such regions are correctly identified as the highly predictable regions. The red regions
in between two blue uncertain regions indicate that at the center of the simulation, there are
some places where the variable Y_OH is more predictable and hence has positive /5 values. It is
also observed that as we increase the order of our opacity mapping function for both linear and
nonlinear approaches, we can obtain further refined views of these predictable and uncertain
regions where the darker (more opaque) regions indicate locations with higher magnitude of I,
values. From these analysis results, we observe that both /; and 7, analysis on the Turbulent
combustion dataset bring out salient regions that the user can further study in more detail for

exploring important characteristics of these variables over space and time.
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4.7 Conclusions and Future Work

Our work successfully enables scientists to explore and extract salient regions in time-varying
multivariate data sets. This technique is generalizable and is not limited to the data sets analyzed
in this work. In future work, we plan to accelerate the computation of the information measures
by using GPU-based parallel computing. The computation for each timestep can be further
parallelized since the computation at each timestep is independent. We also plan to design more
sophisticated optimization functions for opacity mapping. Instead of generating different orders
for opacity modulation, an optimization-based approach could generate regions that are most

useful to the domain scientists.
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5.2 Abstract

Scientists nowadays use data sets generated from large-scale scientific computational simula-
tions to understand the intricate details of various physical phenomena. These simula- tions
produce large volumes of data at a rapid pace, containing thousands of time steps so that the spa-
tiotemporal dynamics of the modeled phenomenon and its associated features can be captured
with sufficient detail. Storing all the time steps into disks to perform traditional offline analysis
will soon become prohibitive as the gap between the data generation speed and disk I/O speed
continues to increase. In situ analysis, i.e., in- place analysis of data when it is being produced,
has emerged as a solution to this problem. In this work, we present an information-theoretic
approach for in situ reduction of large- scale time-varying data sets via a combination of key
and fused time steps. We show that this approach can greatly minimize the output data storage
footprint while preserving the temporal evolution of data features. A detailed in situ application
study is carried out to demonstrate the in situ viability of our technique for efficiently summa-
rizing thousands of time steps generated from a large-scale real-life computational simulation

code.

5.3 Introduction

With the increase in computing capabilities, large-scale scientific simulations now produce very
large data sets containing thousands of time steps. These computer simulations help scientists

in understanding the intricate nature of various phenomena, e.g., the evolution of hurricanes
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and tornadoes, formation and dynamics of bubbles in a gas-solid mixing process, assessing the
consequences of potential asteroid impacts etc. All of these phenomena are time-varying in
nature and their simulations produce time-varying data sets that can take terabytes (TBs) to
petabytes (PBs) of disk storage. Soon we will have exascale supercomputers [72], enabling
scientists to generate exabytes (EBs) of data. Storing all such data will be prohibitive since
the data generation velocity will outpace the rate at which it can be stored into persistent
disks [44,63]. The bottleneck of slow disk I/O and extreme data volume will entail novel
data triage strategies that can work real-time with the simulation, i.e., in sifu, and produce
informative data summaries, significantly smaller than the raw simulation output, enabling
flexible post hoc analysis.

Currently, to manage the output data size, simulation scientists often skip regular intervals
of time steps and store every n” (n typically varies between 50 ~ 100) time step. By doing
so, the scientists remain oblivious of the events that take place in those skipped time steps.
A better strategy is to detect the key time steps and store only the key time steps so that the
important events can be preserved. In this case, even though the key time steps are stored,
a comprehensive summary of all the time steps will still be missing. Another complicating
factor is that many existing key time step detection techniques for scientific data sets assume
the availability of all the time steps [187, 199]. For an in situ approach, where data becomes
available in a streaming fashion, one time step at a time, such algorithms (a) may not be readily
applicable, (b) could be computationally expensive. In recent years, researchers have focused
on developing in situ techniques that allow identification of important time points during the
simulation [110, 142, 165]. However, such techniques typically do not offer any integrated data
summarization strategy. Therefore, new automatic time-varying data summarization techniques
are needed that will work in sifu and scale with the data generation velocity while producing
informative and comprehensive data summaries with minimal storage footprints.

In this work, we propose a spatiotemporal data summarization technique that uses information-

theoretic measures to quantify data value importance between consecutive time steps and
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summarizes data from a sequence of time steps into a single fused data set. As the simulation
runs for long hours in supercomputers to produce scientifically meaningful data, the proposed
technique analyzes data from thousands of time steps in situ, i.e., when the data is being gen-
erated, identifies key time steps based on an user provided criterion, and summarizes the data
between every two consecutive key time steps into a single summarized data set that captures a
comprehensive view of the features for the time window. Our work can leverage the existing
in situ key time step detection approaches [110, 142, 165] and produce data summaries for the
intermediate time steps. The proposed method stores raw simulation data for each key time
step along with time-varying data summaries for time steps between every two key time steps.
We show that the output data size for our method is significantly smaller compared to the raw
simulation data size and that the summary data can be effectively analyzed and visualized
interactively during post hoc exploration. To show the efficacy of the proposed technique, we
apply our method to several time-varying data sets and conduct a detailed in sifu application
study with a large-scale simulation to demonstrate the in situ applicability and performance of

our technique. Therefore, our contributions to this work are twofold:

* We propose an information-theoretic adaptive spatiotemporal data summarization tech-
nique for large-scale time-varying data sets that produces summary data as a combination
of key and fused time steps to preserve (a) the important events and (b) a comprehensive

view of the whole simulation data.

* We study the effectiveness of the proposed algorithm in situ with a large-scale simulation

and demonstrate its practical applicability and in situ viability.
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5.4 Related Works

5.4.1 In Situ Analysis

With modern supercomputers producing large-scale data sets, in situ analysis has emerged as
a promising solution and several in situ analysis frameworks such as Ascent [ 109], ParaView
Catalyst [75], and Vislt 1ibSIM [207] have been developed. Further, a significant amount
of research has been done to develop data reduction techniques for producing reduced data
summaries that can be stored and used as a proxy for the raw data. Cinema [4] is such an in
situ image-based data reduction and visualization approach. Among other in situ techniques,
compression [ , , ], sub-sampling [2 ], , ], and distribution-based summaries
[63,064,214] are popular. In this work, we advocate a hybrid approach where we store the
raw data for important key time steps and summarize the intermediate time steps to achieve
sufficient data reduction.

Detection of key time points in a data set is an important problem for time-varying data
analysis. Several approaches have been proposed for key time step detection for large time-
varying data sets [187,220]. These techniques generally allow the detection of key time points
and do not offer any data summarization capability. The computer vision community has
developed several techniques for doing spatiotemporal fusion of large data obtained from
different sources. Pulong and Kang proposed a technique for data fusion [124]. Nguyen et
al. [145] developed a technique for summarizing large spatio- temporal images. In a recent
work, Shah et al. [171] proposed an algorithm for real-time summarization of data streams for
smart grid applications.

The use of information-theoretic measures [49, 191] to solve data analysis and visualization
problems is well-known. Mutual information has been used to perform data registration
[47,92,94, , ], view selection [194], and for quantifying information transfer from data

to image space [28]. For exploring similarities among level-sets, information theory has also
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been used [32, 203].Various decomposition of mutual information, called specific mutual
information and pointwise mutual information measures have become recently popular for
fusing multi-modal data [27] and multivariate sampling [66] for data reduction. For a more
detailed review of information theory applications in data analysis and visualization, interested

readers are referred to [42,43, , ].

5.5 Methods

In this work, we propose a new technique for summarizing a sequence of time-varying scalar
fields into a single scalar field that captures the dynamic temporal evolution of the data features.
The users can study the summary fields to obtain a comprehensive view of the time-varying
nature of the features without needing to go over each time step individually. This approach
achieves significant data reduction for the post hoc analysis while preserving the important
feature dynamics of a sequence of time steps so that analysis time is reduced and scientific
discovery is accelerated. In the following section, we first introduce the concepts of the
information theory measure that we use to quantify informativeness of specific data values over
time and then present the technique for producing time-varying data summaries for a sequence
of time steps. Note that we develop this algorithm for in situ use cases, where we run our
algorithm online when the simulation is running and access the time step data one-by-one in a

streaming fashion as they are produced.

5.5.1 Data Value Informativeness Quantification

Since the goal is to combine data from a sequence of time steps, it is important to quantify the
informativeness of each data point so that we can prioritize one data point over others during the
summarization process. In information theory [49], mutual information (MI) is a well-known

measure that estimates the amount of information overlap between two random variables and
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Figure 5.1: Visualization of | field generated using two consecutive time steps of the analytical
Tornado data set. Volume rendering technique is used to generate the visualization results. (a)
and (b) show the vortex region of the Tornado data and (c) shows the corresponding I field. In
this illustrative example, data from T=25 is observed and so the high /; valued region overlap
accurately with the vortex region at T=26 as shown in (e).

can be formally computed following Equation 5.1:

— Y ¥ plx,y)log L plx.y) (5.1)

yeY xeX ( ) ( )

In Equation 5.1, I(Y;X) is the MI between two random variables ¥ and X, y € Y represents
a specific value of ¥ and x € X is a value of X. The joint probability between x and y is
written as p(x,y) and the marginal probabilities of x and y are p(x) and p(y) respectively. MI
for two random variables computes to a single number reflecting the total shared information
between X and Y. Since we need information content of each data value so that we can perform
spatiotemporal data summarization, we focus on a decomposition of MI that can estimate the
information content of each data value of one variable, while observing values from another
variable. Such decomposition of M1 is called specific information measures.

Specific information measure was first introduced by DeWeese and Meister [56] and
can be formally derived from Equation 5.1 as shown in Equation 5.2 and 5.3. The specific
information, called surprise, denoted as I; (y; X ) in Equation 5.3, represents the informativeness

of a data value y when the whole variable X is observed. Here, p(x|y) represents the conditional
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probability of value x given y.

1(Y:X)=Y p(x) Y p(xly)log plfxm

yeY xeX (x) (5.2)
=Y p()h(y:X),
xeX
(%) = Y plely)log 222 (5.3)

xeX p(x)

For a data value y, a high value of 7; (y; X ) indicates that some infrequent occurrences of x € X
have become more probable after observing the value y from Y, amounting to a surprising result,
hence the name surprise. The value of surprise (/1 (y; X)) is always positive, i.e., I (y;X) >
0 V y €Y since it represents the KL-divergence between the distributions p(X) and p(X|y) [56].
In our work, we use surprise as the measure to estimate the informativeness of a data value
when data values from another time step are observed. More specifically, if we assume that
X and Y represent the same data variable from time step ¢ and ¢ + 1, then we can estimate the
informativeness of each data value at time step # + 1 as I} (y; X ), by observing the same variable
from the previous time step ¢. This gives us a way of finding the highly surprising regions in
the data when we compare it with a previous time step. These surprising regions (i.e., regions
with high I; (y; X) values) can indicate the regions where the data features exist and need to be

captured in the temporal summary field.

5.5.2 Information Fields

Our primary target application is time-varying 3-D scalar fields with the goal to summarize a
sequence of 3-D scalar fields into a single scalar field that can provide a comprehensive summary
of the data features for the selected time sequence. Such summaries can indicate how the data
features of interest have evolved within the time window and can also reveal their tracking
information. Equation 5.3 shows how surprise can be estimated for each data value in variable

Y. In practice, computation of such information theory measures is done by first establishing a
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Figure 5.2: Demonstration of the proposed spatiotemporal data summarization scheme using
a sequence of time steps from the Tornado data set. (a), (b), and (c) show the TDSFs of the
Tornado data when time steps between 1-15, 1-30, and 1-50 have been summarized using the
proposed algorithm. In (d) we present the TSSF for the Tornado data corresponding to the
TDSF shown in (c). The colors in (d) shows the temporal evolution of the vortex region over
the time window and how it moves gradually from right to left.

communication channel Y — X between the variables X and Y as discussed in [27] and then
computing the surprise using the communication channel. Normalized histograms can be used
to estimate probability distributions while computing the values of I; (y; X ). After the surprise
(1) values are computed, we create a new scalar field where at each spatial grid point (with
data value y € Y), we put the corresponding value of 71 (y; X). Since such a scalar field contains
information values at each grid point, it can be called an information field or I, field. The
11 field computed between two time steps can be visualized directly and regions with high I
values can be explored as salient regions.

Figure 5.1 shows an example of an I field constructed using two time steps of an analytical
Tornado data set. This data set of dimension 128 x 128 x 128, contains velocity vectors and
is generated by an analytical function [52]. The data set has 50 time steps and simulates a
tornado-like vortex structure. For this study, we have modified the analytical equation so that
the center of the tornado changes position with time, creating a moving vortex in the spatial
domain. Tracking and visualizing this vortex is of interest in this data. To detect the vortex
region, we have used the lambda2 (A;,) vortex criterion [96]. The visualizations shown here are

generated using the Ray-casting-based Volume Rendering technique [60] from ParaView [ 1]
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that allows interactive visualization of 3-D scalar field data sets. Figure 5.1(a) and 5.1(b) show
the vortex at T=25 and T=26 respectively. Even though they look very similar, the vortex at
T=26 has moved slightly toward the left from its position at T=25. Figure 5.1(c), presents the
I, field computed at T=26 when the data at T=25 is observed. We refer to the time step that
is the observed variable as the reference time step. We find that the I field at T=26 captures
the location of the vortex region accurately. In Figure 5.1(d) and 5.1(e), we superimpose the
estimated I field with the A, vortex fields from T=25 and T=26 respectively. Figure 5.1(d)
shows that the /] field at T=26 captures the slight shift on the vortex structure and only partially
overlaps with the vortex at T=25, whereas, in Figure 5.1(e), a complete overlap of the I; field

with the underlying vortex is seen at T=26.

5.5.3 Time-varying Feature-based Data Summarization using Informa-

tion Fields

The insights obtained from Figure 5.1 allow us to develop the idea of time-varying data
summarization using /; fields from a sequence of consecutive time steps. One can imagine
that if we compute the I fields for every consecutive pair of time steps, each I field will
assign high values to the statistically salient regions of the data. Then, if we create a new fused
summary field where at each spatial location, we assign the data value from the time step where
the 11 value is the highest over the chosen time window, we can combine all the high /; valued
regions from a time window into a single field. Hence, for each spatial location p, the assigned

value is calculated as:

Val(p) = max(1{(p)),¥t = tssart, - lena (5.4)

where ty,,+ and t,,, represent start and end time steps, I{ (p) is the value of I; at point p in time
t. Conceptually, this technique will maximize the spatiotemporal information in the combined
field by selecting data points that have maximum /; values over the time window. This combined

field will capture the time-varying nature of the data by focusing on the salient regions with
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high 7; values.

Since domain scientists primarily want to study the important features in their data, we
devise our summarization strategy for the feature regions when a domain-specific feature
descriptor is available. This methodology allows the user to provide a feature descriptor, such
as a threshold, and while performing the temporal summary, we check if the current data point
is a feature and then only summarize such points. For all the non-feature points in the data, we
assign a constant value to them so that when the summary fields are analyzed and visualized, the
non-feature points can be emphasized less using volume rendering techniques so that the users
can focus on the evolution of the features without any occlusion from non-featured regions.

Figure 5.2 demonstrates this spatiotemporal data summarization scheme using the analytical
Tornado data. Figure 5.2(a), 5.2(b), and 5.2(c) show the volume rendering of the summary
fields when 15, 30, and 50 time steps of Tornado data are summarized into a single field. These
summary fields are denoted as the temporal data summary field (TDSF). It is seen that these
TDSFs can capture the evolution of the vortex in Tornado data as the vortex moves from right
to left. To capture how the TDSFs are generated and associate each part of the TDSF with its
relevant time step, we also generate another field, the time step summary field (TSSF). For each
spatial location, the TSSF assigns the time step number from which the data (with the highest
I, value) is selected. Figure 5.2(d) shows the TSSF for Tornado data that corresponds to TDSF
at Figure 5.2(c). The colors in Figure 5.2(d) reflect the time steps and, using a colormap that
naturally delineates bands, we can see that the vortex moves from right to left over time as the
color changes from blue to red.

By exploring the TDSF and TSSF together, users can get a comprehensive view of the
evolution of the vortex in the Tornado data without needing to inspect each time step individually.
Disk storage can be significantly reduced by retaining the Tornado data at T=1 (initial time step)
and T=50 (final time step), while keeping the TDSF and TSSF fields as a replacement for all
the 48 intermediate time steps. We observe that the storage for the raw Tornado data is 489MB,

whereas the proposed technique will only take 40MB disk space, achieving approximately 92%
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storage reduction. Using this technique, we can generate temporal summary fields (TDSFs and
TSSFs) for sequences of time steps, retaining raw simulation data for the start and end time
steps of each sequence along with the corresponding TDSFs and TSSFs for achieving sufficient

data reduction.

5.6 In Situ Application Study

5.6.1 Application Background

In this section, we apply our algorithm in situ to a data set generated from a large-scale
computational fluid dynamics—discrete element model (CFD-DEM) code, MFIX-Exa [, 1,
which is being developed at the National Energy Technology Laboratory (NETL) to study
multiphase flows. MFIX-Exa generates particle-based data to study the working principles of
chemical looping reactors (CLR). Such reactors contain fluidized beds where particles interact
and, under certain physical conditions, bubbles (void regions) are formed as shown in the left
image of Figure 5.3.. The study of the dynamics and interaction of such bubbles is critical since
the formation of large, fast-moving bubbles in fluidized beds can cause poor gas/solid mixing,
lowering the conversion efficiency and stability of the reactor.

Data produced from a single MFIX-Exa run can contain tens of millions of particles per time
step and can have thousands of time steps, needing terabytes to petabytes of storage. A full-scale
simulation of MFIX-Exa is set to achieve exascale performance [73, 140] in the upcoming years
as part of US DOE’s Exascale Computing Project (ECP) [72]. As a consequence, storing all
the raw particle data for a post hoc analysis will be prohibitive. Therefore, new algorithms are
required that can detect the bubbles in sifu and summarize their temporal dynamics so that the
output data size is significantly reduced and scalable bubble dynamics analysis will be possible.
To address this need, we have deployed our proposed algorithm in situ, i.e., as the data is being
produced, and generate bubble-based summarization fields so that the raw particle data are not

required to be stored at each time step, thereby significantly reducing the overall storage needs.
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Figure 5.3: The left image shows a schematic diagram of a CLR and the fluidized bed region is
highlighted where bubbles are formed. The middle image shows the raw particle visualization
from a time step and the empty low particle density regions can be observed. The right image
shows the estimated particle density scalar field for this data where the bubble regions are seen
as low-density regions (dark blue regions).

To perform in situ analysis using MFIX-Exa, custom code is added to both MFIX-Exa and
AMReX code bases. Our in situ code is also developed in C++ and uses the VTK [169] library
for data processing. We have developed an in situ adapter function that directly accesses the raw
particle data from AMReX particle containers and converts it to a VTK data set which is used
in our algorithm. As the simulation code and our in situ algorithm run on the same memory and
computing resources, this in situ integration works in synchronous mode, tightly coupled with

the simulation code.

5.6.2 In Situ Algorithm for Streaming Environment

Since MFIX-Exa produces unstructured particle fields, we first convert it to a scalar particle
density field. To estimate the particle density, we create a spatial 3-D histogram using particle

locations. Note that the particles are distributed into multiple computing nodes and so first
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we create a local partial histogram using global particle bounds at each MPI process and then
merge all the local histograms to construct the global histogram using MPI reduction. As the
bin frequencies of this 3-D histogram reflect the number of particles in a local region of the
domain, we convert this 3-D spatial histogram into regularly structured grid data where the
number of histogram bins translates to the spatial dimensions of the structured grid and the
bin frequency values are interpreted as particle density at each grid point. An example of this
histogram-based density field is shown in Figure 5.3. The center image shows the raw particle
field where the void regions are the bubbles. The right image shows the structured particle
density scalar field estimated using the spatial histogram. The dark blue regions in this image
show regions that correspond to low particle density regions and are considered bubbles.

A threshold on these particle density fields can be used to segment the bubbles. These
bubbles follow complex time-varying dynamics where they are formed at the bottom of the
fluidized bed, and over time rise and merge with other bubbles or split into multiple bubbles
before reaching the top boundary. The MFIX-Exa domain scientists want to understand these
complex bubble interactions while evaluating their computational model. The interesting
time points for this simulation are when relatively larger bubbles undergo a merge/split event.
However, since the simulation data gradually evolves over time and such events do not happen
at each time step, this is an ideal use case for our approach. In this case, the sequence of time
steps between merge/split events can be summarized into a fused field. To preserve the raw
particle data at the key time steps when a merge/split event happens, we first segment the density
field and count the number of segments where each segment indicates a bubble. For the next
time step, if the number of segments remains the same as the previous time step — indicating no
merge/split has happened — we apply our summarization algorithm to fuse all such intermediate
time steps. When the count of the bubbles changes, the algorithm outputs the summarized
TDSF and TSSF at that time step and also stores the raw particle data, re-initializes the TDSF
and TSSF, and continues the process from the next time step.

The algorithm uses a threshold value to segment and detect the bubble regions (regions
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< TH) while generating the summarized fields. In the in situ environment, we only have
access to one time step at a time, requiring modifications to the methodology. Since the size of
the estimated particle density field is quite small, we keep the particle density field from the
previous time step in memory. The joint histogram computation needed to compute the surprise
(I1) values requires two sequential time steps. We also initialize TDSF and TTSF as global data
objects. At each new time step, for every spatial location, if the value of I is higher than the
current value, we update the data value at that location with the data value from the current
time step and also update the time step number with the current time step number for the same
spatial location in the TSSF. This process incrementally constructs the TDSF and TSSF for
a sequence of time steps in the in situ setting. Once the bubble count changes, we output the
current TDFS, TSSF, and the particle raw data and reinitialize the TDSF and TSSF using the
values from the current time step. This algorithm can run continuously with the simulation
and produce TDSFs and TSSFs for sequences of time steps when the bubble count remains the
same. Hence, this method adaptively stores key time steps from the MFIX-Exa simulation and
summarizes the intermediate time steps, achieving a significant data reduction while preserving

the details of the bubble dynamics.

5.6.3 Analysis Results

We have tested the effectiveness of our method by running it in situ with the MFIX-Exa
simulation. The simulation test case represents a scenario where a constant density, constant
viscosity gas is used to fluidize spherical particles of uniform radius. The fluidized bed has a
constant velocity gas inlet at the bottom of the bed and the simulation contains ~ 4.1 million
particles. As the simulation progresses and reaches a steady-state, bubbles start to form inside
the fluidized bed. We have run this simulation for 6000 time steps starting from a previously
stored checkpoint file at T=25000 to reach the point when bubbles are already forming.

In Figure 5.4, we show the results of in situ data summarization for one of the time windows,

with start time step 25090 and end time step 25340. Figure 5.4(a) and 5.4(c) show the estimated
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No. of Simulation In s1t1.1 Simulation In situ I/O
. processing | raw I/O .
processors (mins) (mins) (mins) (mins)
MFIX-Exa Case
(~4.1M particles, 1024 553.05 24.37 72.7 2.26
6000 time steps)

Table 5.1: Computational performance for the in situ application study using MFIX-Exa
simulation.

density fields at T=25090 and T=25340 respectively. We observe that the bubbles (dark regions
with low particle density) have evolved and have moved upward. To focus the analysis only
on the bubble regions, we have used the density threshold=12 for segmenting the bubbles.
Also, since the state of the bubbles changes very slowly between consecutive time steps, we
call the in situ routine at every 10" time step. The in situ processing frequency is an input
parameter and the users can set it to the desired value based on how frequently in sifu processing
is needed. Furthermore, since the domain experts are more interested in the evolution of larger
bubbles, in this study, we only count the number of bubbles containing more than 750 voxels.
In Figure 5.4(b) and Figure 5.4(d), we present the TDSF and TSSF for this time window.
These fields highlight the evolution of the bubbles for the intermediate time steps. Note that at
T=25340, two bubbles merge (the bubbles at the center-left of Figure 5.4(a)) and as a result,
the number of bubbles changes. To preserve this time step as one of the key time steps, our
technique outputs the raw particle data along with the summarized TDSF and TSSF for the time
window T=25090-25340. For the entire in situ run of 6000 time steps, our method identified 54
key time points, summarizing the intermediate data for each pair of consecutive key time steps
between key time points. These results demonstrate the usefulness of the proposed method for
analyzing and summarizing large-data sets in situ where we can access the simulation data at a
much higher temporal frequency, bypassing the expensive disk I/0O, which would be prohibitive

for traditional post hoc analysis.

88



5.6.4 Storage Savings and Computational Performance

The in situ studies are done using the supercomputer Cori at the National Energy Research Sci-
entific Computing Center (NERSC). NERSC is one of the primary high-performance scientific
computing facilities for the Office of Science in the U.S. Department of Energy (DOE). Cori is
a Cray XC40 system, capable of achieving a peak performance of about 30 petaflops.

For these studies, the raw simulation particle data is stored using PLOTFILE format and
contains particle ids, particle locations, and their velocities. We ran 6000 time steps of the
simulation. The proposed method stored 54 key time steps with the TDSFs and TSSFs. The
spatial dimension of the generated TDSFs and TSSFs are 128 x 16 x 128 and are stored in VTK
format. We find that the proposed method needs 16.03 GB storage, while if we store all the
raw data for every 10th time step, then we would require 170 GB storage. Hence the proposed
method is able to reduce ~ 91% disk storage.

In Table 5.1, we provide the in situ computational performance of our technique to demon-
strate its in situ viability. Typically, when an in situ analysis is performed with a simulation,
it is desirable that the in situ processing will take only a small fraction of the simulation time.
Our study is run using 1024 processors and it is observed that the in situ processing time is
significantly smaller compared to the simulation time. Also, from the fifth and sixth column of
Table 5.1, we observe that the in situ I/O, which includes timings for storing the raw data for
key time steps and the TDSFs and TSSFs, is significantly smaller compared to the raw data
I/O if we store the particle data at every 10th time step to conduct similar analysis offline. In
addition, we also measure the timings if our algorithm is executed post hoc and found that the
post hoc disk 1/0 takes 246.27 minutes, which is significantly higher compared to the in situ 1/0.
However, by processing the data in situ, we are able to bypass this slow post hoc 1/O. Therefore,
by performing in situ analysis, the proposed method saves both storage and computational time

while enabling flexible post hoc analysis.
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Figure 5.4: In situ application study results of the proposed method when run with the MFIX-Exa
simulation. (a) and (c) show the particle density field from T=25090 and 25340 respectively. The
bubble features are observed with dark blue regions. The TDSF generated for the intermediate
time steps (T=25090-25340) is provided in (b) and the corresponding TSSF is shown in (d).
We find that the TSSF is able to provide a comprehensive summary of all the bubbles within
this time window and as two bubbles (two bubbles at the center left of (a) merge at T=25340,
the bubble count changes at T=25340 and the proposed technique outputs summary results.
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5.7 Conclusion

In conclusion, we have presented an in situ technique for summarizing large-scale spatiotempo-
ral data sets to reduce the size of the output data significantly while preserving the important
state of the features. The proposed method detects key time steps based on a suitable user-
provided criterion and fuses data between every pair of key time steps into a summarized data
set. Finally, the summary data sets are stored along with the raw data from the key time steps so
that they can be analyzed and visualized during post hoc exploration. We verify the efficacy of
our method by conducting an in situ study with a large-scale simulation.

In the future, we plan to develop criteria for detecting key time steps that will not need any
domain knowledge so that key time steps can be detected in a purely data-driven way which
will make the algorithm applicable across a wide range of scientific data sets. We also wish
to run a GPU implementation of this technique with a larger case of MFIX-Exa to study the

computational performance further.
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Chapter 6

Dynamic Spatiotemporal Data
Summarization using Information Based

Fusion

6.1 Abstract

In the era of burgeoning data generation, managing and storing large-scale time-varying datasets
poses significant challenges. With the rise of computing capabilities, the volume of data
produced has soared, intensifying storage and I/O overheads. To address this issue, we propose
a dynamic spatiotemporal data summarization technique that identifies informative features in
key timesteps and fuses less informative ones. This approach minimizes storage requirements
while preserving data feature dynamics. Unlike existing methods, our method retains both
raw and summarized timesteps, ensuring a comprehensive view of information changes over
time. We utilize information-theoretic measures to devise the fusion process, resulting in a
visual representation that captures essential data patterns. We demonstrate the versatility of our
proposed technique across datasets from diverse application domains. Our research contributes

to the realm of data management and analysis, introducing enhanced efficiency and deeper
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insights across diverse multidisciplinary domains. We provide a streamlined approach for
analyzing large-scale datasets that can be applied to both post hoc and streaming analysis. This
not only addresses escalating data storage challenges but also accelerates informed decision-
making. Our method empowers researchers to explore salient temporal dynamics with minimal
storage, enhancing a more intuitive understanding of complex data. This not only addresses
the escalating challenges of data storage and I/O overheads but also unlocks the potential
for accelerated informed decision-making. Our method empowers researchers and experts to
explore salient temporal dynamics while minimizing storage requirements, thereby fostering a

more effective and intuitive understanding of complex data.

6.2 Introduction

In today’s data-driven world, the exponential growth in data generation has brought forth
significant challenges for storage and associated I/O overheads. Modern computing capabilities
have enabled the creation of massive datasets at an accelerated pace [45, 1 58]. Many of these
datasets exhibit a dynamic temporal nature, spanning thousands of timesteps and needing
large storage. Analyzing such a large number of timesteps poses significant challenges. One
popular approach is to summarize the data by identifying the key timesteps. However, while key
timestep-based approaches preserve the important events, automatic detection of key timesteps
is non-trivial and the data dynamics for the intermediate non-key timesteps are completely
ignored. Therefore, to preserve the temporal dynamics, only key timestep-based solutions may
not be desired. We need novel data summarization methods that preserve both key events and
overall temporal dynamics of the data in a storage-efficient compact format enabling accelerated
analytics on large time-varying data.

To address the aforementioned need, we propose a data summarization technique that aims
to minimize the storage overhead while preserving the salient temporal dynamics. We also

emphasize visualizing these dynamics by tracking changes over time. Our approach involves a
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dynamic spatiotemporal summarization (DSTS) technique, which adaptively identifies both
key and redundant timesteps. We store the key timesteps and summarize redundant timesteps
into a single timestep, highlighting the salient temporal characteristics of the features. The
summarization technique ensures storage reduction with minimal information loss.

To achieve this, we use information-theoretic measures namely the Specific Mutual Informa-
tion to guide the data fusion for the summary generation. The core idea of the summarization is
to identify informative temporal features within the redundant (non-key) timesteps and fuse
them using principles from information theory. By selecting the most relevant features from the
redundant timesteps and summarizing through information-guided fusion, we retain the tempo-
ral dynamics. This approach optimizes storage requirements and facilitates the visualization
and tracking of information change over time, providing valuable insights about data patterns.

In this paper, we present the details of the dynamic spatiotemporal analytics framework
and the information-guided fusion process for summarization. We demonstrate the DSTS tech-
nique’s versatility by applying it to different datasets, including scalar data from particle-based
simulations and image sequences from surveillance video and biological cell interactions. Our
results show significant storage reduction without compromising critical insights, emphasizing
the effectiveness of our approach for efficient data management and visual exploration.

Our research aim in this work is to develop a method that efficiently handles large-scale
time-varying datasets across various domains. Our solution seeks to bridge the data reduction
landscape by providing approaches to effectively manage large and intricate temporal datasets.
By leveraging the power of information theory, we aim to contribute to a more efficient data
management strategy, especially in the context of dynamic and multifaceted datasets.

The contributions of the paper are:

* Develop a dynamic spatiotemporal summarization (DSTS) technique for large-scale time-
varying datasets. The summary provides three features: key timesteps, fused timesteps,
and holistic visual representation of information change.

* Propose several information-theoretic fusion strategies and comprehensively compare,
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contrast, and evaluate their characteristics and applicability in summarizing the datasets.

* Demonstrate the flexibility and effectiveness of the proposed DSTS technique through
application to diverse types of time-varying datasets including scientific flow simulations,

surveillance video, and cell interactions in the immune system.

* Explore the impact of the proposed technique in optimizing data storage with minimal

data loss.

6.3 Related Works

In this work, we focus on identifying and storing informative key timesteps while summarizing
less informative (non-key) ones by fusion. The summaries reduce storage overhead while the
key and fused timesteps pre serve data dynamics. Various data compression and reduction
techniques have been explored. Among such methods, Cinema [5] is an image-based in situ
data reduction and visualization approach. Lossless and lossy compression methods are also
applied for data reduction [37, 192]. Among other techniques, statistical methods have been
applied to perform data reduction and summarization [65,211,215]. These approaches store the
reduced timesteps only. In our work, we aim to retain information from both raw and reduced
timesteps to comprehensively capture information changes over time while preserving data
dynamics.

Identifying key timesteps is imperative in analyzing time-varying data. There are numerous
approaches [ 143, , 221]] that have been proposed for identifying key timesteps. These
studies focus on only capturing key timesteps without the summarization capacity. Other
studies focused solely on data reduction: in [6] similar timesteps are grouped and one is
selected, in [200] salient timesteps were selected by comparing dissimilarity with previous
timesteps. Unlike these studies, our work combines summarization with key timestep selection
and data reduction.

Data fusion techniques [38] for large-scale spatiotemporal datasets has been a popular
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field across various domains like remote sensing [ |3, ], geoscience [125, ], network
architectures [97, 1 72]], computer vision [71,201,213], and time-varying scientific data [69]. In
computer vision, various data summarization strategies have been explored, including Gaussian
entropy fusion [81] and probabilistic skimlets fusion [218]]. Additionally, deep learning
methods have also been applied for summarization [219]. Unlike some existing techniques, our
approach doesn’t need training and can be readily applied to large-scale datasets. Moreover, it
is computationally efficient, rendering it applicable for both streaming and offline data analysis.
The feasibility of in situ application is showcased in our preliminary research [69].
Information theory [49, 173, 190] has been employed to measure the relationships between
variables in data across multiple computational domains [ 136, , ]]. Mutual information
(MI) is extensively applied for feature selection, exploration, extraction, and tracking [22, 1 85].
Image registration is another popular application [35,93, 127]. MI, as well as its decomposition
measures like specific mutual information and pointwise mutual information, have been widely
used in multi-modal data fusion [26], data analysis, and visualization [8,24,41,68,95, ].
Other use cases include view selection [195], feature similarity [33], and transfer function and

design [29, 1].

6.4 Information-Driven Framework for Feature-Based Tem-

poral Data Summaries

6.4.1 Framework Workflow

In this section, we provide a comprehensive step-by-step description of our proposed technique’s
mechanism. We intend to construct an efficient, generic, and fast data summarization workflow
with minimal customization to adapt to a variety of application domains. Figure 6.1 illustrates
the schematic of this proposed workflow. To demonstrate each step of this workflow, we will

refer to Figure 6.2, which serves as an illustrative application of our method using a synthetic
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Figure 6.1: Schematic diagram of our workflow. Standard computational flowchart [175]
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data set. In this application, we simulate a rolling ball moving from left to right at each timestep
until it exits the view area.

Our proposed method is designed for time-varying data containing various types of salient
features. In Figure 6.2, the simulated rolling ball application consisting of 19 timesteps (TO -
T18), shows the ball’s positional change over time. Each timestep is represented as 800 x 400
pixel 2D RGB image. At timestep TO, the frame is empty; the ball has not yet entered the
view area. The ball enters at T1 and changes position until T17; finally exiting the view area at
T18. The proposed method iteratively processes the sequence of input timesteps. After the first
timestep, for every subsequent timesteps, the key regions are extracted using a segmentation
method proposed in [108]. Criteria for extraction of such key regions is determined by the
domain knowledge. In this case, the key feature is the presence of the ball and its location. So
we segment the region containing the ball and create binary masked images shown in Figure

6.2 (masked row). These images contain only two data values: 0 (no ball) and 255 (ball).
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After extracting the key region, we check if a certain property is present in that timestep. We
denote this property as trigger which is a change in the key region. The change can be in terms
of count, size, shape, connectivity, space, or association. In this rolling ball demonstration,
the triggers are the first appearance and final exit of the ball from the view area. When the
ball enters and then exits the area, it is considered as salient information. But the time the ball
remains in the area, the only novel information is its change of position. If a trigger is present in
the current timestep, then it is considered as a key timestep. Hence our method saves it as it is.
If the trigger is not present, we proceed to the next timestep, do a similar check, and continue
the process until a trigger is encountered. These intermediate sequential timesteps that did not
have the trigger are chosen to be fused into a single timestep as the amount of novel information
within such a sequence is low. If the number of timesteps to be fused is one then we can discard
it as the previous timestep has the necessary information. If the number is greater than one then
we perform pairwise information-guided fusion on these timesteps and convert them as one
single timestep to be saved as a temporal summary. Referencing the demonstration in Figure
6.2, TO is saved. Subsequently, for T1 through T17, no triggers are identified, and again, T18 is
saved. Therefore, T1 through T17 are fused as shown in figure 6.2(a) and (b). Note that, since
our method processes one timestep at a time incrementally as they appear, it can be applied to
applications where data is streamed for real-time processing. The following section describes

our use of the information theory-guided fusion method.

6.4.2 Characterization of Samplewise Information for Fusion

In this work, our aim is to track and summarize the information change in fused timesteps.
Therefore, we need a quantification of information content for each data point in the timesteps.
We use the term ’sample” to refer to individual data points. Each timestep contains multiple
samples representing the values of the data. In the case of images like the rolling ball, these
samples range from 0 to 255, while for other types of data variables, they may be scalar values.

Quantifying information for these samples will help identify important spatial features for the
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Figure 6.2: Illustration using a simulated rolling ball with 19 timesteps (TO -T18). At each
timestep, the ball moves 0.5 units to the right. Timesteps are 2D RGB images with 800 x 400
dimensions with data (pixel) values ranging between 0 to 255 (input row). The masked row
presents binary images with values O (no ball) and 255 (ball). T1 to T17 are fused using (a)
Surprise (/1) guided fusion and (b) PMI guided fusion. a(i) shows the I; fused data value field
(0 white and 255 red). a(ii) shows I fused information value field. a(iii) displays /; fused
timestep summary with numbered color labels for each timestep. The numbers indicate spatial
information changes over time. Surprise effectively captures spatiotemporal properties, whereas
alternative PMI measure does not perform well. (b) shows the scenario with the information
field using PMI values.
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timestep.

Mutual Inforamtion

In information theory, Mutual Information (MI) [173] is a prominent measure that estimates the
total amount of shared information between two random variables. Given two random variables

X and Y, MI I(X;Y) is formally defined as:

I[(X;Y)= Z Z p(x,y)logM 6.1)

yeY xeX p(x)p(y)

where p(x) and p(y) are the probabilities of occurrence of values x for X and y for Y respectively.
p(x,y) is the joint probability of occurrence of values x and y together. MI assesses the degree
of association or disassociation between two random variables and gives a single value. Since
we aim to extract feature-based data summaries, we need samplewise spatial and temporal
information characterization. Therefore, we leverage the decomposition of MI which quantifies
each data value’s contribution toward the association or dissociation. The decomposition of MI
is termed as Specific Mutual Information or SMI [55]. SMI measures the information content
of the individual scalar values of one variable (reference) when another variable (target) is
observed. There are multiple methods for MI decomposition [34,55]. For apprehending the
fusion criteria essential for summarizing the data, the properties of the SMI measure, Surprise

holds the most potential.

SMI Measure Surprise

The Surprise measure denoted as I; was first introduced by [55]. Surprise quantifies the
information change of the target variable after observing the individual scalar values of the

reference variable. The derivation of Surprise from MI is as follows.
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By definition, the conditional probability of x given y is:

p(xly) = p;’g;? orp(x,3) = p(xy)p(y) 62)

Replacing the joint probability in Equation 6.1, we get,

I(X;Y) =Y p(y) ), p(xly)log pr()xm

yey xeX (X) (6.3)
=Y p(y)Li(y:X)
yey
where,
LX) = ¥ plaly) log 222 (6.4

xeX p(x)
Equation 6.4 represents the surprise measure of data value y from Y after observing all the
values of X. A high value for /; (y; X) means after observing y, some previously low probable
values of x € X have become highly probable. This likelihood increase is the element of surprise
and a salient finding for further analysis. Surprise is also the only positive decomposition of MI
since it is the Kullback-Leibler distance between p(x|y) and p(x) [107]. In the process of the
data summarization, the data samples with high surprise values stand out and are identified as

important features.

6.4.3 Surprise (/1) Guided Fusion Technique

When the low informative timesteps are chosen, the fusion initiates for summarization. The
fusion is done on pairwise timesteps. For every pair of data samples from the timesteps, we store
samples with high /; values. This fusion strategy was introduced by [26] for fusing different
datasets to gain the most informative combination. The condition to compute the fused value

using /;-fusion is:

101



For every data sample pair with (x,y), the fused value, f is,

x, if[[(x;Y)>1;(y;X)
f= (6.5)

y, otherwise

Here x and y are individual data values from two data sets X and Y. Our fusion criteria is
based on the idea of Equation 6.5, however, instead of different datasets we are using two
subsequent timesteps from the same dataset. To fuse multiple timesteps, we begin by creating a
fused timestep using the first two timesteps. Then, we repeat the fusion process by comparing
the fused timestep with the next timestep and continue until all desired timesteps have been
fused. Our strategy involves updating the fused timestep during each iteration and selecting the
spatial and temporal values with the highest information content. By the end of the process, the
resulting fused timestep will represent a summary capturing their most informative properties
with direction. The fusion process is described in detail in Algorithm 1. After each fusion
process, the algorithm provides 3 fused fields as shown in 6.2(a). I fused data value field
contains the values of the data samples with high surprise measure. /; fused information value
field contains the /; values for the same sample positions. In the timestep summary fields, the
same data samples are labeled with their originating timestep numbers.

Applying the fusion process in Algorithm 1 on T1 - T17 of the simulated rolling ball, the I
fused data value field is generated highlighting the path of the ball with values 255 as shown in
Figure 6.2 a(1). The regions without the ball are valued 0. Figure 6.2 a(ii) represents the fused
information fields with /; values. From the color bar’s gradient, we observe that the surprise
values exhibit limited variation, spanning approximately from O to 2. A minimal data value
range results in minimal surprise variation. Figure 6.2 a(iii) presents the timestep summary
where the numbers of originating timesteps are labeled for the salient samples. Here, we
employed distinct colors to label the timesteps, enabling clear visualization and differentiation

of each timestep. This color-coded representation shows the flow of information, facilitating
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the tracking of information changes over time. Here, the confidence threshold is employed to
downplay the non-important regions. In this particular case, the threshold value is set to 255.
Any value below 255, representing the absence of the ball, is assigned as timestep 0. In Figure
6.2 a(iii), these regions are depicted as white or transparent (steps 19 - 24 in Algorithm 1). The
method reduces the number of output timesteps from 19 to 3 in the simulated rolling ball case,
achieving substantial data reduction with minimal loss. The fused timestep effectively visualizes

the information changes over time, serving as a summary of the original data dynamics.

6.4.4 Alternative Fusion Approaches

The measure Surprise effectively apprehends the spatiotemporal features for the data summa-
rization. However, we also explore other potential information measures to devise alternative
techniques for generating data summaries. These information-theoretic measures include
Pointwise Mutual Information (PMI) [46], SMI measures (1) Predictability (1) [55] and (2)
Stimulus Specific Information (73) [34]. These measures were investigated because they are the
decomposition of MI and they possess the ability to analyze the contributions of individual data

values in quantifying the information content of spatiotemporal data.

PMI Guided Fusion

PMI [46] quantifies the degree of association (or disassociation) between individual data points
given two variables. If X and Y are two variables, then each data point can be represented by
the value pair (x,y) where x € X and y € Y. The statistical association between these two points

can be measured by their PMI value:

p(x,y)

PMI(x,y) = log pX)p(y)

(6.6)

where p(x) and p(y) are the probabilities of occurrence of values x € X and y € Y. p(x,y)

is the joint probability of occurrence of values x and y together. Comparing Equations 6.1
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Algorithm 1 Fusion Process

Require: datal: Array of data values from fused timestep. Initialized with the first timestep.
data2: Array of data values from the subsequent timestep.
Ifield1: Array of I; values for I} (x;Y) Vx € X
Ifield2: Array of I values for I1(y;X) Vy €Y
timestep_fuse: Array of timestep values. Starts with O
time: Current timestep value
conf_th: Confidence threshold for the key regions

Ensure: fused_field data: Array of the fused data values
fused_field I1: Array of the fused /; values
timestep_fuse: Array of the fused timestep values.

0: procedure CREATEFUSIONFIELDS(List of Input)
0:  fused field_data < array of zeros with shape datal
0:  fused field Il < array of zeros with shape datal
0:  for i< 0todatal.shapel0] — 1 do

0 for j < 0 to datal.shape[l] — 1 do

0 if Ifield1[i][j] > Ifield2[i][j] then

0 fused field datali][j] < datal[i][}]
0 fused_field 11[i][j] < Ifield1]i][]]
0 if time = 1 then

0 timestep _fuseli|[j] + time

0 end if

0 else

0: fused_field datali][j] < data2[i][}]
0: fused_field 11[i][j] < Ifield2]i][]]
0 timestep _fuseli|[j] < time + 1

0 end if

0 end for

0:  end for

0:  for i< 0todatal.shapel0] — 1 do

0 for j < 0 to datal.shape[l] — 1 do

0 if fused_field_datali][j] < conf_th then

0 timestep _fuseli|[j] < 0

0 end if

0 end for

0:  end for

0:  return fused field data,fused field 11, timestep _fuse
0: end procedure=0
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and 6.6, we can infer that the expected PMI values over all occurrences of variables X and
Y correspond to the MI value I(X;Y). PMI is a symmetric measure that can generate values
ranging from negative to positive, depending on whether the distributions are complementary or
overlapping. If the information overlap is high (p(x,y) > p(x) p(y) ), then PMI(x,y) > 0. The
low association is indicated by p(x,y) < p(x) p(y), resulting in PMI(x,y) < 0. If x and y are
statistically independent then p(x,y) = p(x) p(y) and PMI(x,y) = 0.

Given the PMI measure, we can devise a fusion strategy similar to /; where I; values are
substituted with PMI values in Algorithm 1. The resulting fused information field on the
simulated rolling ball is shown in Figure 6.2(b). We observe that PMI fails to capture the spatial
characteristics of the key regions and only captures the overlapped regions indicated by high
positive PMI values. The non-overlapping regions are transparent showing low information
overlap. The PMI values here are 0 meaning data distribution is complementary and statistically
independent. As the spatial position of sample pairs plays a critical role in PMI calculation,
the fused field properties can exhibit significant variation depending on the degree of overlap

between the key features.

I, Guided Fusion

Predictability (1) is another decomposition of MI introduced by [55]. This SMI measure
quantifies the change in the uncertainty of one variable (X) after observing the individual value

of another variable (y € Y) and is computed as:

L(y:X)=—Y px)logp(x)+ Y p(xly)logp(xly) (6.7)

xeX xeX

where y € Y is the reference variable and x € X is the target variable. p(x) is the probabilities
of occurrence of values x for X and p(x|y) is the conditional probabilities values of x given y.
Upon observing the variable y, the uncertainty of variable X can either increase or decrease,

leading to the possibility of both positive and negative values for the I, measure. In some cases,
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the increased uncertainty can reveal significant information about the relationship between the
variables. However, when we use the I, measure instead of the /; measure in the fusion process,
the resulting fused information does not offer a meaningful summary over time. Our hypothesis
is that this measure is more suitable for feature extraction and uncertainty quantification across

various datasets rather than for analyzing consecutive timesteps within a single dataset.

15 Guided Fusion

There is another measure that is derived from the decomposition of MI and was introduced for
measuring the association of stimulus and response in certain neural systems [34]. It is termed

as Stimulus Specific Information (SSI), denoted by I5:

L(y:X)=—) ply)hxY) (6.8)

xeX

The response and stimulus are the two variables X and Y. This measure focuses on establish-
ing the association between the two variables to extract the maximum amount of information
from their relationship. It emphasizes that the most informative data values from the first
variable are related to the most informative data values of the second variable [34]. In some
cases, I; can be an alternate measure for /3, but the interpretation is different based on the
data [34]. When /5 is used instead of /; on the simulated rolling ball dataset, it captured very
similar properties shown in Figure 6.2(a). However, when applied to a more complex dataset, it
failed to capture the spatial properties of the features in the summarization. This is explained in
detail in Section 6.5.1 and shown in Figure 6.3(b).

From the various methods mentioned, it’s clear that different approaches emphasize distinct
data properties. After a thorough investigation, we found that the Surprise measure aligns
best with our objectives of highlighting features and summarizing spatiotemporal data while
tracking information flow. In the next section, we apply this method to more complex datasets

to demonstrate its versatility across different data scenarios.
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6.5 Applications

In this section, we assess the versatility of our proposed DSTS method across multidisciplinary
applications, demonstrating its effectiveness in handling complex and diverse datasets. We

select three applications across multiple domains:

* A scalar dataset obtained from a particle-based multiphase flow simulation MFIX-Exa.
* A surveillance video dataset with extended timesteps.

* An image-based dataset consisting of complex immune cell interactions.

6.5.1 MFIX-Exa Flow Simulation

MFIX-Exa [141] is a multiphase flow simulation developed by the National Energy Technology
Laboratory (NETL), USA. Using MFIX-Exa, particle-based data is generated for studying the
operational principles of chemical looping reactors. In such simulations, formation of void
regions, known as bubbles, is an important phenomenon. Understanding the temporal evolution
of these bubbles holds significant importance for domain experts. MFIX-Exa generates data with
millions of particles and thousands of timesteps. This extensive raw data presents significant
challenges in transferring to storage due to limited I/O bandwidth. Hence, experts seek solutions
to extract bubble-specific information while reducing output storage and preserving temporal

bubble dynamics. Our proposed DSTS method can be used to provide this solution.

Data Context and Features

For analyzing bubble dynamics, typically the raw particle data is first converted to a scalar
density field. Then bubbles can be segmented as the connected regions with low particle density.
For more details about this pre-processing, please refer to [70].

In this work, we assume that the scalar density fields are already available and we use 2D

slices extracted from the density fields. These slices contain scalar values representing particle
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Redundant Timesteps Based on Number of Bubbles
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Figure 6.3: Analysis of DSTS method for MFIX-Exa simulation. The first row represents
a window of timesteps (309 - 315) where the bubbles are highlighted as the blue regions.
Timesteps are raw images with 488 x 842 dimensions. 310 to 314 are fused using (a) Surprise
(I1) guided fusion (i-iii) and alternative (b) Stimulus Specific Information (SSI) or /3 guided
fusion. a(i) shows the /) fused data value field of the timesteps, a(ii) shows /; fused information
value field reflecting /; values and a(iii) shows I} fused timestep summary with 5 timesteps.
The color bar labels 5 different colors summarizing the direction of the bubbles in one timestep.
The alternative /3 is unable to capture the path of bubbles as reflected in (b) /5 fused data field.
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density. Our evaluation dataset consists of multiple timesteps (count 332), and each timestep
corresponds to 2D data samples with dimensions of 488 x 842. The sample values fall within
the range of [-1 X 1076, 29.08]. As mentioned earlier, the key features are the bubbles with
low particle density. In [70], the detection, segmentation, and characterization of the bubbles
are studied in an extensive manner. In our work, we use the VTK [170] library to extract the
connected components and then use a low scalar density threshold value to filter the bubbles.
Over time, the bubbles undergo phases like creation, merge, split, and dissolve into air. Domain
experts want to comprehend the evolution of bubbles and explore the relationships between
various bubble characteristics such as their size, shape, number of bubbles, etc. [70]. Important
events in this simulation can be characterized by the creation of a bubble, the merging of two or
more bubbles, or the dissolving of a bubble. Note that for all of these events, the total number
of bubbles will change. Hence, a timestep with the bubble number changed from a previous
timestep, can be considered as a “trigger”. Here, we ignore counting changes in very small
bubbles since the domain experts are more concerned about the bubbles when they grow in size.
Key timesteps are saved when the trigger occurs, and intermediate steps between two triggers

are fused using Algorithm 1 for summrization. This process continues for all timesteps.

Results for Data Summarization

Figure 6.3 shows the analysis of the DSTS method for MFIX-Exa simulation. Timesteps 309
- 315 are shown in the first row where bubbles are the blue regions. Timesteps 310 to 314,
during which the number of bubbles remains unchanged, are summarized through the fusion
process. Figures 6.3 (a) represent results from the /; guided fusion. The I; fused data value
field a(i) shows the scalar values ranging [—1 x 1070, 23] for the fused timesteps. Here the
change in bubble movement is very prominent. Figure 6.3 a(ii) presents the I values ranging
[6 x 1071, 11] for the fused timesteps. The range of I; values is smaller, making it less sensitive
to bubble movement compared to particle-density values. However, it effectively highlights

the main bubbles and their temporal dynamics. The timestep summary field in Figure 6.3 a(iii)
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represents the timestep values from which the bubbles originate. Here 5 timesteps are distinctly
color-coded to highlight the flow of the information between interacting bubbles. The color
map reflects the direction of the bubbles from the start to the end position. This summary field
emphasizes key features and visually indicates the spatial information flow over time. The
white background (labeled 0) filters all the density values that are of low importance for this
dataset.

We have also implemented the alternative SSI (/3) guided fusion technique as mentioned in
Section 6.4.4 for MFIX-Exa. Figure 6.3(b), represents the I3 fused data value field. Here the
bubbles are only partially highlighted and the change in the bubbles’ movement is also hard to
interpret. While /3 captures some spatial features of the bubbles, the edges are blurred. Thus,
the Surprise fusion method proves to be better than the SSI measure.

Based on the outcomes in both the rolling ball and MFIX-Exa simulation applications, it
is evident that the timestep summary field stands out as the most informative visualization
for summarization. This representation encapsulates both spatial and temporal dynamics.
Consequently, for our analysis of the next two applications, we only show the surprise fused

timestep summary fields.

6.5.2 Surveillance Data Analysis and Optimization

Data summarization techniques can significantly benefit the security camera footage analysis.
Security camera systems generate vast amounts of data, and reviewing the continuous stream of
videos can be time-consuming and cumbersome. DSTS offers an efficient solution by allowing
the optimization of camera footage. Suspicious activities can be detected by choosing an
appropriate ’trigger” and the generated summary fields provide experts with a comprehensive
visual representation of the key timesteps. The most significant impact of our proposed method
in this application is on archiving the storage optimization.

To demonstrate DSTS in security camera footage analysis, we used the publicly available

SBM-RGBD Dataset [36, ]. This dataset was originally created for the Workshop on
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Figure 6.4: Results of the DSTS method for SBM-RGBD dataset. Here the emphasis is on
representing the extensive number of timestep summaries. (a) shows a summarization of
33 fused timesteps using a discrete color bar. (b) showcases a summarization of 170 fused
timesteps, employing a continuous color bar to depict information changes over a longer period.
The color bars point out the spatial direction of the information flow by denoting the prior and
latter states.

Background Learning for Detection and Tracking from RGBD Videos [160]. The dataset
comprises 33 RGBD videos, totaling 15033 timesteps, recorded indoors using a Microsoft
Kinect sensor [36]. The dataset contains videos capturing moving objects at intervals, which
aligns with our data requirements. Here, we used one of the videos titled ”"Multipeople2” which
shows four individuals walking in and out of the view area, engaging in discussions, and writing
on a whiteboard. Our method shows an effective demonstration of summarizing the movement

patterns of the individuals.

Data Context and features

The videos have 640 x 480 resolution and the length is 1400 timesteps. The dataset comes with
PNG files for each timestep of the input video. The key regions (features) are the individuals
and their movement. The whiteboard and a chair are stationary in the background. To extract
key regions, we have used a background subtraction algorithm, called ViBe [19]. The algorithm

aims to identify moving objects within consecutive images or videos by distinguishing between
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the foreground (moving objects) and the background (stationary elements). The ViBe algorithm
is adaptive and computationally lightweight, making it suitable for real-time applications like
object tracking, surveillance, and motion detection. Its straightforward pseudocode in [19]
facilitates easy implementation. The ViBe algorithm converts the RGB images into masked
binary images with segmented individuals.

In scenarios with multiple individuals, we adopt a concept similar to that used for counting
bubbles in the MFIX-Exa (Section 6.5.1). We apply the concept to count the number of
individuals in each timestep by analyzing the largest connected regions in the masked images.
Since it is a binary image, the data samples have two values: 0 (no individual) and 255
(individual). By setting a size threshold, we can accurately count the number of individuals
in each timestep. Given that individuals move in and out of the view area, the number of
individuals can be used as a trigger for our application. Whenever a person enters or exits,
that is a key timestep. The consecutive timesteps between two triggers are then fused using
Algorithm 1. This fusion process effectively summarizes the movement patterns of individuals
within one timestep. The combination of the key and summary timesteps, provides an intuitive
visual representation of the significant moments in the video, making the analysis of surveillance

scenarios more informative.

Results for Data Summarization

Figure 6.4 showcases the summarization fields for two separate fused timesteps in the dataset.
Both fields show I fused timestep summaries representing spatial features and movement
directions of individuals over time. In this application, our main aim is to showcase how
effectively the method can fuse longer timesteps while ensuring that both spatial and temporal
dynamics remain just as noticeable as in shorter timesteps.

In Figure 6.4(a), the summarization field depicts a fusion of 33 timesteps, where two
individuals walk out of the view area. The leftmost person exits first, initiating the trigger and

stopping the fusion process. Each timestep is represented by a discrete color, highlighting the
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T Cell Movement Pattern and Interaction with DC
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Figure 6.5: Results of the DSTS method for cell interaction in Lymph Node. The results
emphasize T cell movement patterns and interaction with DCs in LN. (a) is an illustrative
timestep from the dataset. Here red indicates the T cells and green indicates the DCs. (b) is the
surprise fused timestep summary fields of T cell for 5 timesteps. The black cells in the field are
overlaid DCs to highlight cell contact. (c) and (d) are 2 enlarged positions from the (b) field to
emphasize T cell movement. (c) shows that a T cell is moving away from the DCs. (d) shows
multiple T cells moving toward the DCs. The corresponding timestep values are provided in
the color bars to highlight the direction.

changes in movement over 33 timesteps. Sample values below 255 are set to 0, representing the
white background, as the data value of individuals is 255.

Figure 6.4(b) shows a timestep summary for a longer period of 170 timesteps. The summa-
rization field captures an individual walking into the view area and writing on the board, while
another person has just stepped in, initiating the trigger. Continuous colors are used to display
the movement changes due to the length of the fused timesteps.

Expectedly, key and summarized timesteps in this dataset result in a significant reduction
from 1400 timesteps to only 49 timesteps. The highest number of timesteps being fused is
262. This notable optimization ensures that only relevant information is stored, reducing
storage requirements without compromising critical insights into the movement patterns of
individuals. By efficiently identifying and storing key moments, our method enhances the
analysis of crowded environments, enabling rapid detection of suspicious activities, and thereby

serving as a valuable tool for surveillance.
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6.5.3 Tracking Cell Interactions in Lymph Nodes

This dataset contains consecutive images of cellular interactions within the lymph node (LN).
LNs are essential for immune function, playing a crucial role in initiating immune response and
facilitating immune cell communication [|34]. In the LN micro-environment, naive T cells are
activated by interactions with different cell types. Understanding these interactions provides
valuable insights into immune activation [31]. We reanalyze data from [183], where information
theory-based approaches were used to identify and quantify the spatial relationships between
naive T cells and three target cellular components: dendritic cells (DCs), fibroblastic reticular
cells (FRCs), and blood vessels (BVs). These interactions are critical in T cell movement and
the timing of encounters with antigen-presenting DCs. This process is a key step in T cell
activation and the initiation of the adaptive immune response.

The data for the study was gathered using two-photon microscopy (2PM) [162] to acquire
3D image stacks of LN tissue samples from mice. The imaging process captured dynamic
movies lasting 10 to 45 minutes, resulting in a sequence of 3D images. This dataset is well-
suited for the application of our method. Next section demonstrates that our approach offers
both quantitative analysis and visualization of cell movement and communication. Additionally,
this dataset showcases our technique’s applicability to 3D images and movies, highlighting its

suitability for complex spatial interactions in biological systems.

Data Context and Features

Figure 6.5(a) shows an RGB image with T cells dyed red and DCs dyed green. Each voxel
contains the color intensities of the dye in the red, blue, and green channels. For every time step,
we extract the red and green channels into two separate images. We focus on the red channel in
order to analyze T-cell motility.

Because these images contain a lot of noise, we implement a pre-processing step using

the median filter [86], to reduce noise while preserving the edges of the cells for improved
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visualization. Since the red channels specifically represent the T cells, no segmentation is
required.

Our goal is to visualize how T cells move and interact in these movies. In [183], MI and
normalized mutual information (NMI) were used to quantify associations between cells. Here
for each timestep, we use the MI value between two cell types as a "trigger”. If the MI value for
a specific timestep exceeds a specified threshold, we save that as a key timestep. If the MI value
falls below the threshold, we find the next timestep in which the MI value exceeds the trigger
threshold and fuse the intermediate ones. This allows us to efficiently capture and represent

significant interactions while fusing less informative time steps.

Results of Data Summarization

Figure 6.5 focuses on the T cell movement and interaction with DCs in the summarized timesteps.
Figure 6.5(a) is a sample timestep of the T:DC dataset with 512 x 512 x 22 dimensions. This
dataset has a total of 51 timesteps. Figure 6.5(b) displays the I; fused timestep summary
field, representing five fused timesteps from this dataset. The black cells in the summarization
represent the DCs’ value field overlaid on the fused summary field, visually illustrating the
physical interactions between T cells and DCs. Given that there are multiple interactions
captured in each timestep, we highlight two specific interactions by enlarging the locations
in Figures 6.5(c) and (d). In Figure 6.5(c), we observe a T cell moving away from the DCs.
The color bar on the right indicates the first (blue) and last (red) timesteps in the summary
field, clearly indicating the movement direction. In Figure 6.5(d), we see multiple T cells
moving toward the DCs making explicit contact. This visualization allows for a comprehensive
understanding of the dynamic interactions between T cells and DCs, providing valuable insights
into the temporal dynamics of immune cell communication.

Our method, successfully visualizes physical contact between cells and tracks movement
over time. Other studies [62, 139] using similar datasets have presented the statistical quan-

tification of association. We believe that the addition of the visualization capability has the
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potential to unveil new insights for experts to analyze these associations further. This could
contribute notably to the study of T cell motility, a crucial aspect for understanding immune

response dynamics.

6.6 Discussion

The proposed DSTS technique has demonstrated its effectiveness and flexibility across several
applications. Starting with a synthetic simulation of a rolling ball to analyzing complex
cellular interactions within lymph nodes, the method effectively showcased its robustness. The
combination of the key and fused timestep resulting from the method provides a compact yet
comprehensive data summarization. The intuitive visual representation is a plus in highlighting
an ideal fusion of data while preserving salient information changes over time. We evaluate the
feasibility of multiple information theory measures and establish that SMI measure Surprise
performs the best to capture the complex spatiotemporal features effectively.

We select applications from multiple domains to shed light on different aspects of the DSTS
method. This technique offers a practical solution to downsize and analyze the features in the
MFIX-Exa simulation. This application analysis establishes that the method can handle raw
scalar data as well as image-based data that incorporates the rest of the applications.

The RGBD tracking dataset is introduced to show the method’s ability to summarize and
highlight important movement patterns of individuals in a video sequence. The results from this
dataset reflect that longer fused timesteps are equally apprehensible as the shorter ones. This
has promising implications for surveillance and security applications.

The cellular interaction in LN is a more complex dataset. T cells which are the key regions
(features) are ample in number and the interactions with DCs are sporadic in nature. Our
method is able to track multiple cell interactions. The summarization highlights immune cell
communication by providing a comprehensive visualization of the T cell movement. This

visualization potentially introduces new possibilities for immunological research.
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All the applications in this work present post hoc data analysis. Since the method is not
computationally expensive it can be easily combined to analyzing data in a streaming framework.
Through the integration of this method in any in situ streaming framework, the resulting data

will be summarized in real-time ensuring optimal storage reduction.

6.7 Conclusion and Future Work

We acknowledge that challenges may arise in selecting appropriate triggers and threshold values,
especially in complex datasets with multiple key features, interactions, and noise. However, the
flexibility of the technique allows for the adjustment of parameters to tailor the summarization
process to different applications. Additionally, future research could explore combining different
information-theoretic measures to further enhance the summarization capabilities to multivariate
time-varying datasets.

In summary, our proposed technique is a powerful tool for visualizing and analyzing large-
scale time-varying datasets, demonstrating adaptability to offer valuable insights into data
dynamics across various domains. The approach holds promise for novel discoveries and

applications, ultimately enhancing our understanding of complex data systems.
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Chapter 7

Analyzing the Spatial Spread of
SARS-CoV-2 in Lung CT Scans using
SIMCoV

7.1 Abstract

The Spatial Immune Model of Coronavirus or SIMCoV is a computational model developed
to study SARS-CoV-2 infection by analyzing the spatial distribution of infected cells in the
lungs and the immune response in patients. Running efficiently on HPC systems, SIMCoV can
simulate hundreds of millions of cells (both lung and immune) and is able to show how the
virus spreads and then declines after initiating the immune response. In this project, we propose
to compare SIMCoV results and Computed Tomography (CT) scans from COVID patients.
Based on the CT scan analysis of infection spread, lung damage, and severity of the disease, the
idea is to generate simulation scenarios where SIMCoV can show similar spatial features in the
result. This comparison would let us work out an explanation for the initial conditions of the
viral dynamics for which we can see different levels of lung damage in the patients. The goal is

to identify the initial conditions and viral and immune dynamics to parameterize SIMCoV to
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match the lung damage in CT scans. If we successfully establish this relationship, SIMCoV can
be extended to predict lung damage and severity in patients based on the initial analysis from

their CT scans.

7.2 Introduction

Computed tomography (CT) scans of COVID-19 patients have been valuable tools for assessing
and studying SARS-CoV-2 infection since the beginning of the COVID-19 pandemic. CT scans
of SARS-CoV-2 infection are characterized by multi-focal distribution of lesions, particularly
Ground Glass Opacities (GGOs) [15,51] and consolidations [82], both of which are likely
to indicate tissue damage caused by inflammatory cell infiltration. Although SARS-CoV-2
infection is multi-focal, there has been little work on how spatial relationships impact SARS-
CoV-2 infection in the lung. The spatial Immune Model of Coronavirus, or SIMCoV [137],
is an agent-based, computational model of SARS-CoV-2 infection in the lung that compares
favorably to existing ODE models of SARS-CoV-2 infection. In this work, we further explore
SIMCoV as a tool to understand SARS-CoV-2 viral and immune dynamics by developing a
methodology for characterizing spatial relationships in SARS-CoV-2 infection and comparing
predictions from SIMCoV to CT scans of COVID-19-infected patients which show spatial
heterogeneity in disease distribution in the lung. Using the spatially explicit SIMCoV model
will allow us to use CT scans from patients to test the role of spatial spread of disease in
COVID-19.

We study the complex dynamics of lung lesions, particularly Ground Glass Opacities
(GGO), as observed in the CT scans shown in figure 7.1. We focus on the detailed analysis of
growth rates of lung lesions throughout the disease using sequential CT scans. This analysis is
facilitated by the SIMCoV [137] simulation that represents the spatial and temporal progression
of lesions. Tracking changes over time provides a comprehensive understanding of lesion

dynamics, important for predicting disease progression and studying treatment strategies.
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(a) Axial View (b) Coronal View

Figure 7.1: Chest CT scan from the dataset [98] showing Ground Glass Opacities (GGO)
indicated by the red rectangle. GGOs appear as diffuse, foggy regions caused by the partial
collapse of the alveolar sacs and partial filling with fluid [15,51]. The complete filling of fluid
in the alveolar spaces is termed consolidation [82]. (a) shows the axial view and (b) shows the
coronal view of the scan.

This work proposes a novel simulation model called “MultiSac” using properties of
SIMCoV [137] that represent the spatial structure of alveolar sacs within the lung, incorporating
various cell types such as air, epithelial cells, and interstitial space. By assuming specific
diffusion parameters for each cell type, we demonstrate how the lung’s spatial architecture
influences the spread and extent of damage. This modeling allows for a more fine-tuned
understanding of disease mechanisms at the cellular level.

The work conducts a comparative analysis of lesion growth in patients with the spread of
inflammatory signals of the SIMCoV simulations. This comparison highlights the correlation
between physical lung damage and the underlying inflammatory processes. By aligning the
growth patterns of lesions with those of inflammatory signals in SIMCoV, insights can be
gathered about the infection and underlying immune response by analyzing the parameters.

The findings from the work have meaningful clinical and research implications. Under-
standing the growth patterns of GGOs [15,51] and the factors influencing them can improve

diagnostic accuracy, inform treatment decisions, and drive the development of therapeutic inter-

120



ventions. Our MultiSac model enables the exploration of various hypotheses about the effect of
lung structure on the underlying immune response to infectious diseases like COVID-19. The
next part of the work focuses on identifying the set of critical parameters that replicate both
the viral and inflammatory dynamics observed in patients. These parameters are important in
simulating the spatial growth of lung damage accurately. By establishing these parameters, the
work enhances the predictive feature of the SIMCoV model given the early examples of CT
scans from patients, making it a useful tool for both research and clinical applications. Overall
these detailed contributions form the foundation of our research, providing the comprehensive
framework for simulating infection in lung structure for understanding the progression of lesions

and the impact of underlying cellular and inflammatory processes.

7.3 Patient Data Analysis

In this work, we aim to analyze and track the growth rates of lung lesions caused by SARS-CoV-
2 throughout the disease. Therefore, we required the datasets containing patients who went
through serial CT scan exams. We use the serial CT scan dataset from the research work [98]
that explores the temporal relationships between chest CT scans and laboratory measurements
in COVID-19 patients to understand disease progression and severity. The research involves 739
patients with confirmed COVID-19, of whom 29 underwent serial CT and laboratory tests over
an average period of 50 days. The study employs both manual and Al-based segmentation to
quantify lung opacities, including ground-glass opacities (GGO) [15,51] and consolidation [82].
The study provides important insights into the temporal onset of opacities; i.e. according
to their data, lung opacities appeared approximately 3.4 days before symptom onset, with a
peak occurring around the day of symptom onset [98]. The work also correlates laboratory
results with CT findings. The study concludes that sequential CT and lab measurements
provide valuable insights into the disease course of COVID-19 and may aid in early detection,

prognostication, and clinical trial design. In our work, we second this conclusion while we also
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take a step forward in hypothesizing the key insights about the disease and validating the facts

with an agent-based simulation model implemented by factoring in the structure of the lung.

7.3.1 Lung and Lesion Identification and Volume Calculation

After CoVID-19, there have been lots of studies [ 74, , , 1 57] about COVID detection using
lung CT scans and chest X-Rays. Most of these works propose automated Al-based approaches
for lung and lesion detection. Therefore, public datasets of CT scans [50, , ] are available
with segmented lungs and lesions. However, in most cases, these are not sequential scans which
we require and also developing methods for efficient lung and lesion detection is out of scope for
this study. However, we have used these two datasets [50, 129] with pre-segmented lungs and
lesions to develop the volume calculation and visualization method (detailed analysis are shows
in Figures A.1 and A.2). We use the sequential CT scan dataset of 29 patients from [98] for
multiple days before and after symptom onset. The information about the patient demographics
is detailed in the methods section.

From this dataset, we obtained the raw CT scans. One point to be noted here is that the days
in which CTs were taken were not consistent among patients. Also, data is not available for
every day post infection (DPI). For example: one patient has 2,4, 8 DPI CT scans while another
one has 5, 24, 47 DPI. The results from [98], provide us with the total percentage of opacity
(due to GGOs and consolidation) in the lung. They are referred to as “lung opacities”. Since we
want to analyze the spatial properties of the lesion in the lung structure and use a spatial model,
we are interested in the total and individual volumes of the lesions observed in the patients.

Therefore, the steps that we followed for our analysis are:

* Lung Segmentation and Volume calculation: The CT scans are available in the NIFTI
format. We use the tool Slicer (Version 4.11) [2,76] that has a lung analyzer module that
segments the lung area and calculates the lung volumes from CT scans. The step-by-step

tutorial can be found in [122].
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Figure 7.2: 3D spatial visualization of the infected lung with lesions from sample COVID
patients from datasets [129] and [50]

* Lesion Identification and volume calculation: We have collaborated with radiologists
from the UNM Radiology department for the CT scan interpretation. They helped us
with the manual annotation of the lesions from the scans. The labeled scans were later
segmented using computer vision-based approaches [102]. From the total lesion segmen-
tation, we extracted the individual lesion using Python Library Connected Components
3D [156]. At the end of this step, we have individual lesion analyses from every patient

at every timepoint.

* Visualization: After the extraction of lung and lesion segments, we overlay the lesions
on the lungs using VTK library [170] and visualize them using Paraview [ 1 1]. All the

calculation and visualization is done in 3D.

Figure 7.2 shows the visualization of COVID-infected lungs and lesions from pre-segmented
datasets [50, ]. Each lesion is labeled with a different color for identification and volume
calculation. The first one or two color labels are identified as the lung.

Next, We follow this method for the sequential CT scans from [98]. As mentioned the CT
scans average over 50 days pre and post-symptom onset. The patient-wise details about lung

opacity are presented in spreadsheets in [174]. Since we are looking at the properties when
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Figure 7.3: Left most panels show 2D slices of CT images. The other panels show regions of
tissue damage in three example patients from dataset [98] at the estimated days post-infection/
DPI over the course of their disease. The lung is shown in gray and the lesions/lung damage is
shown in red (Coronal View). The damages quantified demonstrate different growth rates of
infection in areas of opacity. The human image is used to show the positioning of the lung in

the coronal view of the lung CT scans.

COVID lesions are growing in the lung, we analyze the CT scans with a positive lesion growth
rate. We have used 19 patients with 2 or 3 time points where positive growth of the lesions is

observed. With our calculation and analysis, we had the following information about the 19

patients for each time point:

* The total volume of the lung.

e The total and individual volumes of the lesions.

* Percentage of the lung with lesions.

* Growth rate of the lesions from the previous time point.

e 3D Visualization of all the scans

The detailed results in spreadsheets and visualization are documented in [174].
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Figure 7.3 illustrates an analysis of lung tissue damage in three patients over the course of
their disease, using CT images. In the leftmost panels, 2D slices of the CT images are displayed.
These slices provide a comprehensive view of the internal lung structures. The subsequent
panels depict regions of tissue damage highlighted in red, against the lung tissue shown in
gray, which represent the progression of the disease at various days post-infection (DPI).
The visual representation emphasizes the temporal changes in the lungs’ opacity, indicating
areas of infection and damage. The figure also includes a coronal view of the human body
to contextualize the positioning of the lungs within the chest cavity, aiding in the spatial
understanding of the CT scans.

Like the sample three patients, each of the 19 patients in the dataset have different extents
and patterns of lung damage observable over time (detailed analysis are available in [53]
). This comparison highlights the heterogeneity in disease progression among individuals.
The proposed visualization approach provides valuable insights into the temporal and spatial

progression of lung damage in COVID-19 patients.

7.3.2 Lesion Growth Rate Analysis

The referenced work [98] provides lung opacity values for every CT scan, providing the
percentage of total lesion volume divided by total lung volume. We calculated growth rates
of the total lesion volume from this lung opacity data. We plotted the growth rates from our
method, compared to the growth rate of the total percentage of lession in the original paper
in a notched box plot shown in Figure 7.4(a). The box plot on the left represents the growth
rate data from the reference study [98]. The median is below 50%, with a wider spread of
data points and several outliers above 200%. The box plot on the right represents the growth
rate data from our method that estimates the individual volume of each lesion at each time
point. The median is similar to the reference method but slightly lower, and the data points
are more tightly clustered, indicating less variability. There are fewer outliers compared to the

reference. We conducted a comparative analysis of the two approaches to confirm that, despite
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Figure 7.4: (a) shows notched box plots comparing the growth rates of lung tissue lesions
between the reference work [98] and the proposed method. The y-axis represents the growth
rate percentage, with the central notched line in each box indicating the median growth rate.
The interquartile range (IQR) is represented by the width of each box, and the whiskers indicate
the range of the data excluding outliers. Outliers are displayed as individual points. The
Kolmogorov-Smirnov (KS) [58] test was applied to assess the difference between the two
methods, resulting in a KS statistic of 0.1818 and a p-value of 0.8210, indicating no significant
difference between the distributions of the two methods. (b) shows individual lesion counts
over days for the 19 patients used in the proposed method.

employing different methodologies, our proposed method yielded results consistent with those
of the reference study.

To prove that statistically the results come from the same distribution we performed the
Kolmogorov-Smirnov (KS) test [58]. KS test is a non-parametric statistical test used to compare
two samples or a sample with a reference probability distribution. The test evaluates the null
hypothesis that the two samples are drawn from the same continuous distribution. The KS
statistic is the maximum distance between the empirical cumulative distribution functions of
the two samples. The p-value determines the significance of the observed difference. For the
provided box plot comparing the growth rates between the reference and the proposed study,
the KS statistic is calculated as 0.1818 with a p-value of 0.8210. This is a low KS statistic value.
A higher KS statistic would indicate a larger difference between the distributions. The p-value
is significantly higher than the common significance level of 0.05, therefore we fail to reject

the null hypothesis. The KS test results support the visual observations from the box plot. The
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small KS statistic and high p-value suggest that there is no significant difference between the
growth rate distributions of the two approaches.

For this study, we selected 19 patients, each with 2 or 3 time points showing a positive total
growth rate of lesions. Initially, we conducted a patient-wise analysis, but due to the inconsis-
tency of time points across patients, comparative analysis proved challenging. Additionally,
there were missing days without any lesion information or examples for a range of days from
only a single patient. Our objective is to calculate a daily growth rate of the lesions in CT scans
and compare them to SIMCoV simulations. Therefore, we changed our approach to focus on
characterizing individual lesions over multiple days across patients, considering only those
lesions that remained distinct and whose growth rates could be accurately tracked. A total of
46 lesions met these criteria, and the frequency of these lesions over days is summarized in
Figure 7.4(b). Furthermore, our current simulation capabilities do not extend to simulating the
entire lung volume, which ranges from 4000 to 6000 cm? (4 1o 6 liters) [216]. We can simulate
only a small portion of the lung (= 4 cm?3) containing 1 or 2 individual lesions. Consequently, a
lesion-wise analysis is more appropriate for our comparative study.

From Figure 7.4(b), we observe that there is no lesion data available for days 0O, 1, 12, and
13. To address this, we estimated the volume for these missing days using interpolation and
Gaussian smoothing. We opted to use the median volume rather than the mean volume from the
patient data for days with multiple volume instances, as the median is less affected by outliers
and skewed data, providing a more robust measure of central tendency. After interpolation,
we smoothed the data as it helps to reduce noise and create a more continuous and realistic
representation of the volume data over time. There are some assumptions that we proposed for

interpreting and analyzing the data and simulation scenarios.

* There is data from only 1 patient with 2 lesions for days 11 and 14 (Patient lesion analysis
shown in Figure 7.3 Patient A ). We will be simulating this case separately and not
including it in this analysis.

* Day 6 data is also from 1 patient and it reflects a peak in the lesion volume which skews
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Figure 7.5: (a) Line plot showing the smoothed volume of lung lesions over days post-infection.
The x-axis represents the days, while the y-axis shows the smoothed volume in cubic centimeters
(cm3), starting from 0. The smoothing was achieved through Gaussian smoothing applied to
interpolated median volumes, providing a continuous representation of lesion volume changes
over time. (b) Line plot showing the growth rate percentage of lung lesions over days post-
infection calculated from the volume plot. The x-axis is the days, and the y-axis represents
the growth rate percentage. The growth rate shows the dynamic progression of lesion growth
during the infection period.

the data and growth rate. This can be either an artifact or patient-specific scenario. We

will be simulating this case separately as well.

» Several studies have documented that the peak viral load of SARS-CoV-2 occurs approxi-
mately 7-10 days post-infection. For instance, research has shown that the highest viral
load in the respiratory tract is typically reached within the first week of symptom onset
and gradually declines thereafter [130]. This pattern indicates that patients have a positive
lesion growth rate during this early period, aligning with similar findings across various
studies on viral load dynamics and transmission potential. Therefore, we are including

results until day 10 and interpolating volumes at days 0, 1, and 6.

The results from this analysis are shown in Figure 7.5. (a) shows the smoothed volume
of lung lesions over days post-infection across all patients. Gaussian smoothing was applied
to the interpolated median volumes from all patients to reduce noise and provide a clearer
trend of volume changes over time. The volume starts at a lower value and increases steadily,

peaking around day 8 before slightly declining by day 10. This suggests a general increase in
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lesion size over time, with a reduction towards the later days when the body’s immune response
kicks in. (b) shows the line plot showing the growth rate percentage of lung lesions over days
post-infection calculated from the smoothed volume. The growth rate starts at 0%, rapidly
increases to a peak around day 2 at approximately 30%, and then gradually decreases. This
indicates that the rate of lesion growth is highest early in the infection and slows down over time.
The plots together provide a comprehensive view of the lesion dynamics during the infection
period across the patients. The initial rapid growth phase followed by stabilization or reduction
in volume suggests that the lesions expand quickly initially but then start to decrease as the
infection spreads through lung and later the body’s immune response becomes effective. The
growth rate plot of the patients will be used in the next sections to compare and explain with

SIMCoV simulations.

7.4 MultiSac Model in SIMCoV Simulation

Spatial Immune Model of Coronavirus Infection (SIMCoV) [137] is a computer-simulated agent-
based model developed to study SARS-CoV-2 infection by analyzing the spatial distribution
of infected cells and immune response in patients. The details about SIMCoV is discussed in
detail in the introduction section 1.3.

In the original model, SIMCoV is initialized with the SARS-CoV-2 virus that can infect
lung epithelial cells. In the experiments, epithelial cells are modeled as a 2D grid or 3D grid,
where each grid point represents a 5 x 5 x Sum> volume. Space is represented by a discrete
Cartesian grid. Grid points are spaced five microns apart (roughly the diameter of a T cell),
and components of the model occur only at these discrete locations. The model is run as a
discrete-time simulation, where each time step represents one minute, approximately the time it
takes for a T cell to move five microns (one grid point) [121, , ]. There are four main
components of SIMCoV: epithelial cells, CD8+ T cells, virions, and inflammatory signals. The

2D or 3D layer of epithelial cells is susceptible to infection with virions. After a while, T
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Figure 7.6: The Left figure shows the structure of alveolar sacs at the end of bronchioles.
Alveolar sacs are composed of multiple grape-like alveoli, each surrounded by a network of
capillaries. The alveolar ducts connect the alveoli to the bronchioles, enabling airflow into the
alveoli. The right figure shows the process of alveolar gas exchange. Oxygen from inhaled
air diffuses through the alveolar walls into the blood in the capillaries, while carbon dioxide
from the blood diffuses into the alveoli to be exhaled. Different alveolar cells, including type I
pneumocytes and type II pneumocytes are highlighted. The figure illustrates the role of alveolar
sacs in respiratory function. This figure is created using [20]

cells arrive to clear the infection reciprocating the body’s immune response. When infection
takes place, inflammatory signals are produced which correspond to cytokines that cause T cell
extravasation into the lung tissue. In our analysis, we are comparing the lesion inflammation
from the CT scans with the component inflammatory signal in SIMCov.

To enhance the biological relevance of the existing SIMCoV model, we propose including
the spatial structure of alveolar sacs. This integration aims to provide a more accurate repre-
sentation of lung anatomy and physiology, which would improve the model’s effectiveness in

simulating spatial disease dynamics.
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The alveolar sacs are important components of the respiratory system, playing a central
role in gas exchange [150]. These tiny air sacs are located at the end of the bronchioles in
the lungs and are clustered together in structures known as alveolar sacs. Figure 7.6 created
using [20] illustrates the detailed anatomy and function of these structures. Each alveolar sac
consists of multiple alveoli (single alveolus), which are small, balloon-like structures filled with
air [204,205]. The alveoli are interconnected and are surrounded by a network of capillaries.
This proximity facilitates efficient gas exchange between the air in the alveoli and the blood in
the capillaries. Alveolar ducts lead into the alveolar sacs, acting as channels that allow air to
flow into the alveoli [150, ]. A dense network of capillaries surrounds each alveolus. The
thin walls of the capillaries and alveoli allow for the rapid exchange of gases. As shown in
Figure 7.6, oxygen from inhaled air diffuses through the walls of the alveoli and into the blood
in the capillaries. Simultaneously, carbon dioxide from the blood diffuses into the alveoli to be
exhaled [189].

During an infection, the alveoli in the lung become inflamed and filled with fluid or pus,
resulting in the white shadows observed on CT scans. Therefore, we aim to model the alveolar
sac to capture this pathological condition in the simulation. The structures and cells that we

want to model in the simulation are:

e Air: Each alveolus is filled with air.

* Alveolar Epithelium: This forms the outer layer of the sac. There are 2 types of cells

here:

— Type I Pneumocytes: They form 95% of the alveolar surface and are responsible for

the gas exchange [150,204]. These cells are non-infectable.

— Type II Pneumocytes: 5% of the surface are formed with these infectable cells.

* Inside of the sac has multiple alveolar structures. Each alveoli is like a grape with air

inside and has alveolar epithelium outside [150].
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Figure 7.7: (a) shows the structure of one alveolar sac which 4 different cell types: In-
terstitial space, infectable epithelium, non-infectable epithelium, and air. (b) and (c) il-
lustrate the representation of alveolar sacs in a simulation grid of 300 x 300 x 300 voxels
(4500pum x 4500um x 4500um), equating to approximately 0.1cm? in volume. (b) is a 2D slice
of the simulation showing the spatial distribution of cells within the simulation. (c) is a 3D
representation of the simulation presenting 27 alveolar sacs.

» The space between the alveolar sacs is called interstitial space in this work.

7.4.1 Structure of the Proposed Multisac Model

Integrating the spatial structure of alveolar sacs into the SIMCoV model enhances the biological
accuracy and relevance of these simulations. Given that SIMCoV operates on a grid model,
we assume alveolar sacs to be cube-like rather than sphere-like for the ease of implementation.
Figure 7.7 (a) illustrates the 2D structure of an alveolar sac. From the outermost to the innermost
layers, the first layer, shown in black, represents the interstitial space. This is followed by the
alveolar epithelium layer, which consists of 95% non-infectable Type I Pneumocytes (blue) and
5% infectable Type II Pneumocytes (red). The innermost layer contains multiple alveoli within
a sac, each resembling a grape with air inside and an alveolar epithelium outside. Modeling
the fine details of this inner space is complex because some alveoli may be squished together
without distinct layers. Therefore, we use the air, infectable, and non-infectable epithelium
distribution in this layer based on the number of alveoli, rather than attempting to represent

each individual alveolus precisely.
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For the Multisac model and simulation, we updated the cell types from the generic SIMCoV
epithelial cells with a diameter of Sum to alveolar cells with a diameter of 15um. This change
effectively reduced the spatial and temporal resolution by a factor of three while increasing
the simulation dynamics by three-fold compared to the previous version of SIMCoV [137].
Given this single-cell-to-single-cell conversion, we assume that our biological parameters
remain valid when applied to the larger cell size, allowing each grid point to represent 15um.
Each alveolus is modeled with a diameter of 300um [ , ], and we assume each side
of the alveolar sac is 1500um, resulting in 100 grid points across each side of the sac in our
model. Consequently, each sac (3D) contains approximately 125 alveoli. Figure 7.7 (b) and
(c) illustrate the representation of alveolar sacs in a simulation grid of 300 x 300 x 300 voxels
(4500um x 4500pum x 4500um), equating to approximately 0.1cm?® in volume. Figure 7.7 (b)
shows a 2D slice of the simulation, where each sac is separated by layers of interstitial space
depicted in black. (c) presents a 3D representation of 27 alveolar sacs, highlighting the spatial

organization and distribution within the simulation.

7.4.2 Effects of the Proposed Multisac Model

In the previous version of SIMCoV, there were four main components: epithelial cells, T cells,
virions, and inflammatory signals. In our proposed MultiSac model, the epithelial cells have
been expanded into three distinct types: air, epithelial, and interstitial. This necessitates the
definition of new virion diffusion parameters for each specific cell type. Virion diffusion refers
to the fraction of virions that diffuse into all neighboring grid points per minute [137]. Given
the change in cell size for each grid point from Sum to 15um, the parameter dynamics of
the components have been adjusted three-fold based on the properties of the corresponding
component. Specifically, probabilistic parameters have increased three-fold due to the larger
cell size, while spatial and temporal parameters have decreased three-fold to reflect the faster
dynamics within the larger volume.

Based on the default COVID-19 parameter values from SIMCoV [137] Table 2, the cor-
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responding changes in key parameters for the MultiSac model are summarized in Table 7.1.
Additionally, new virion diffusion values for air and interstitial cell types are introduced in the
table and highlighted in yellow to indicate their specific adjustments for the new cell types. For
instance, virions are expected to diffuse faster in the air and slower in the interstitial space. The
air diffusion parameter is set to 1.0, representing the maximum possible fraction, and is 20
times higher than the default epithelial diffusion value of 0.05. Conversely, interstitial diffusion
is reduced by a factor of five, set at 0.01, reflecting the slower diffusion rate in this denser tissue
type. These values were selected based on the different experimental runs and comparison with
the patient scenario. This approach ensures that the MultiSac model accurately represents the

biological processes and dynamics at the new scale, maintaining the integrity and relevance of

the simulation outcomes.

Parameters Occurrence | default SIMCoV | MultiSac Model | Calculation

Incubation Period num ts 480 160 x(1/3)

Apoptosis Period num ts 180 60 x(1/3)

Expressing Period num ts 900 300 x(1/3)

Infectivity perts 0.001 0.003 Probability t.f. x(3)

Virion Production perts 1.1 33 Additive t.f. x(3)

Virion Clearance per ts 0.004 0.01195 1—(1—x)3

Virion Diffusion Epithelial per ts 0.15 0.05 Einstein-Smoluchowski with x=15 and t=180
* Virion Diffusion Air per ts N/A 1.0 N/A
* Virion Diffusion Interstitial per ts N/A 0.01 N/A

Inflammatory Signal Production | per ts 1.0 1.0 No change (max cell inflammation is 1.0)

Inflammatory Signal Decay per ts 0.01 0.0297 1—(1—x)3

Inflammatory Signal Diffusion | per ts 1.0 1.0 No change (max cell inflammation is 1.0)

Antibody Period num ts 5760 1920 x(1/3)

Tcell Generation Rate per ts 105000 315000 Additive t.f. x(3)

Tcell Initial Delay num ts 10080 3360 x(1/3)

Tcell Vascular Period num ts 5760 1920 x(1/3)

Tcell Tissue Period num ts 1440 480 x(1/3)

Tcell Binding Period num ts 10 3 x(1/3)

Table 7.1: Changes in the key parameters for MultiSac Model

Comparative Analysis with Default SIMCoV

To observe the effects of the MultiSac SIMCoV Model compared to the default SIMCoV (2D
and 3D), we analyzed and compared the inflammatory signal count and growth rate across
the three models. The results of these comparisons are presented in Figure 7.8. This analysis

allows us to understand the impact of introducing the spatial structure of alveolar sacs on

134



@) (b)
DefauIt SIMCoV MultlSac Default SIMCoV MultiSac

2D 3D 3D |j;"

Virus at Day 1
(© (d)

so'a'ss Z

g
Inflammatory Signal Count per voxel

csB‘SSSSSSS
Virus Count p

Inflammatory at Day 1

33 —— 2D (SIMCoV))
. T —— 3D (SIMCoV)
3" / g = 3D Multisac
o s
= e
5 —— 2D (SIMCoV) 50
‘gm” —— 3D (SIMCoV) 3
L e 3D Multisac D215
g 2]
g g 10
E 10° £
E E
©
E,
0 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14
Days Days

Figure 7.8: (a) and (b) shows the spatial position of the virus and inflammatory signal respec-
tively on day 1 of the simulations (sliced as 2D for presentation purposes) for three different
models: 2D default SIMCoV, 3D default SIMCoV, and the 3D MultiSac SIMCoV model.(c)
presents the inflammatory signal count and (d) shows the corresponding growth rates over
14 days across three different models: 2D default SIMCoV, 3D default SIMCoV, and the 3D
MultiSac SIMCoV model

the dynamics of inflammatory signals, which we use as a proxy for the lesions in CT scans.
The simulations were run for 1000 x 1000 x 1000 voxels (15000um x 15000pm x 15000um),
equating to approximately 3.3cm? in volume. The simulations were initialized by infecting the
volume of one alveolar sac. In the default SIMCoV simulation, all cells are infectable, resulting
in the infection of all voxels. This scenario is observed in Figure 7.8 (a), which shows the
spatial position of the virus on day 1 of the simulations (sliced as 2D for presentation purposes).

In the MultiSac case, only the infectable epithelial cells, equivalent to type II pneumocytes,
are infected. Figure 7.8 (b) shows the spatial positioning of the inflammatory signal on day 1.
We calculated the counts of the inflammatory signals, which are compared as the equivalent of
inflammation or lesions observed in CT scans. This comparison highlights the differences in

infection patterns and inflammatory responses between the default and MultiSac models.
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Figure 7.8 (c) presents the inflammatory signal count over 14 days across three different
models: 2D default SIMCoV, 3D default SIMCoV, and the 3D MultiSac SIMCoV model. For
the 2D default model, the inflammatory signal count starts low and increases gradually over
time, reaching a plateau around day 10. The overall count is significantly lower compared to
the 3D models. This is likely due to the limited spatial representation in 2D, which restricts the
simulation of the diffusion processes. In case of the 3D default model, the inflammatory signal
count rises sharply, with a slight plateauing towards the end. The count is substantially higher
than in the 2D model, reflecting the enhanced spatial interaction dynamics that 3D simulations
can capture. In the 3D MultiSac model, the count is close to that of the 3D SIMCoV model but
slightly lower. This is attributed to the presentation of alveolar structures, where only specific
cell types (type II pneumocytes) are infectable, leading to the containment of infection spread.

Figure 7.8 (d) shows the inflammatory signal growth based on the count in (c) across the
three models. The trend is similar to what we have discussed for (c). All the models peak
around day 2 and then gradually decrease leveling off near zero around day 9/10 as the T cells
arrive at Day 7. As observed in (c), the 3D default model has the highest growth rate, the 3D
multisac is slightly lower but follows a similar trend. The 2D model has the lowest which is
expected.

Comparing these models reflects that, the Multisac model restricts infection to specific cell
types. We can propose that the MultiSac model provides a more accurate representation of
how inflammatory signals propagate and stabilize over time. In the CT scans, lesions appear as
discrete patches rather than a diffuse pattern. The MultiSac model simulates localized infection

and varying diffusion rates mirror the clinical reality of patchiness from respiratory infections.

Distribution of Cells in the MultiSac Model

We have conducted experiments to determine and test the distribution of cells in the model that
is most biologically relevant. The structure and cell types of the MultiSac Model are shown in

Figure 7.9 (a). We also experimented to see the effect on inflammatory signal growth rates if
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the sac structure was not present in the model. In this case, infectable cells were distributed
throughout the entire simulation with the same number and density as in the sac structure. This

scenario is visualized in Figure 7.9 (b), presenting two cases:

* Distributed Structure (epithelial): Infectable cells are surrounded by non-infectable

epithelial cells. The virion diffusion rate for epithelial cells is 0.05.

* Distributed Structure (air): Infectable cells are surrounded by air. The virion diffusion

rate for air is 1.0.

In both cases, the diffusion rate for infectable cells remains 0.05. These variations help
us understand the impact of different surrounding environments on the diffusion and spread
of infectable cells, providing insights into how the presence or absence of the sac structure
with interstitial space affects inflammatory signal growth rates. For this experiment also,
the simulations were run for 1000 x 1000 x 1000 voxels (15000um x 15000um x 15000um),
equating to approximately 3.3cm? in volume. The simulations were initialized by infecting the
volume of one alveolar sac.

Figure 7.9 (c) and (d) consists of two line plots comparing the inflammatory signal count and
growth rate over 14 days across three different scenarios: Distributed (Epithelial), Distributed
(Air), and MultiSac Structure.

In the case of the distributed structure (epithelial), the inflammatory signal count and growth
rise steadily but at a slower rate compared to the other two scenarios. This scenario represents
infectable cells distributed throughout the simulation space surrounded by non-infectable
epithelial cells. The slower increase in inflammatory signals can be attributed to the same
diffusion rate of virions in both infectable and non-infectable epithelial cells (0.05), which
restricts the spread of infection. There is no presence of air as well.

In the case of the distributed structure (air), the inflammatory signal count and growth
increase rapidly in the initial days, and then stabilizing due to T cell arrival. In this case,

infectable cells are surrounded by air, which has a higher virion diffusion rate (1.0). This
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Figure 7.9: (a) shows the MultiSac structure and (b) shows the distributed cell structure. (c)
presents a line plot of the inflammatory signal count and (d) plot shows the corresponding
growth rates over 14 days across three different models: MultiSac structure, distributed cell
structure with epithelial cells, and distributed cell structure with air.
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facilitates faster spread of virions, leading to a quicker rise in inflammatory signals. However,
this diffuses quickly and there is a steep decline in the growth rate later meaning the virus and
inflammation also clear out too quickly.

In the Multisac structure, the distribution of infectable, non infectable epithelial cells and
air balances the spread in the sac. Also, the interstitial space confines the spread of infection to
specific regions. This results in a rapid initial increase in inflammatory signals, followed by
stabilization as the infection becomes contained within the sacs. This is a controlled structure
that captures and explains both rapid initial spread and effective containment, aligning with
observed patterns of lesion distribution in clinical CT scans. The MultiSac model provides a
better understanding of why lesions are not seen uniformly across the lung in CT scans.

The experiments presented in this section highlight the importance of spatial structure in

the simulation model to track disease progression and inflammatory responses.

7.5 Comparing MultiSac SIMCoV with Patient Analysis

Understanding the dynamics of inflammation or lesion growth in lung infections is crucial
for developing effective treatments and interventions. The MultiSac SIMCoV model, which
includes a detailed representation of alveolar sacs, provides a sophisticated tool for simulating
these dynamics. To validate the accuracy of the model, we compare the inflammatory signal
growth rate generated by the MultiSac SIMCoV model with the lesion growth rate from the
patients (Figure 7.5 (b)) discussed in section 7.3. Figure 7.10 presents this comparison over 10
days.

The MultiSac SIMCoV model extends the default SIMCoV [137] framework by incorporat-
ing the spatial structure of alveolar sacs for enhanced biological relevance. In this model, the
epithelial cells are differentiated into four types: air, epithelial (infectable and non-infectable),
and interstitial space cells. Only specific cell types (type II pneumocytes) are infectable, reflect-

ing more accurate biological processes. Virion diffusion rates are adjusted based on different
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Figure 7.10: Comparison between the inflammatory signal growth rate of the MultiSac SIMCoV
model (red line) and SARS-CoV-2 Patient data (black dashed line)

cell types and environments, with faster diffusion in air and slower in epithelial and interstitial
spaces. The simulation used in this analysis uses the parameters mentioned in Table 7.1.

The patient data used for comparison reflects the inflammatory lesion growth rate observed
in CT scans in clinical settings. This data provides a real-world benchmark to assess the model’s
performance and accuracy. The growth rate in patients typically shows a rapid initial increase
followed by a gradual decline as the infection spreads through space which is the lung tissue
and finally zeros after body’s immune response kicks in.

Figure 7.10 compares the inflammatory signal growth rate between the MultiSac SIMCoV
model (red line) and COVID-19 patient data (black dashed line). Both the MultiSac model and
patient data show a sharp increase in the inflammatory signal growth rate, peaking around day
2. The initial growth rate in the MultiSac model closely follows the patient data, indicating that
the model accurately captures the early infection dynamics. After peaking, both curves exhibit

a decline in the growth rate . The MultiSac model shows a slightly smoother decline compared
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to the patient data. This highlights the model’s ability to replicate the peak infection period and
the subsequent containment of the spread of infection because of the structure. The real patient
data shows more variability, possibly due to individual patient differences in immune response
and disease progression. The model can also simulate the scenarios if parameters especially
the virion diffusion rates are varied. The decrease in lesion growth after day 2 indicates the
containment of infection and the reduction of new inflammatory signals because of the multiple
sac structure until the body’s immune response kicks in.

In the MultiSac Model, T cells arrive at day 7 which is reflected in the declining growth
after day 7 and zeroing around day 9. We see a similar trend in the patient data as well. The
close alignment between the model and patient data in this phase further validates the model’s
effectiveness in handling immune response dynamics.

The comparative analysis demonstrates that the MultiSac SIMCoV model effectively simu-

lates the key phases of inflammation growth observed in patients:

* Accuracy in early infection: The model’s close relevance with patient data during the

initial growth phase suggests that it accurately captures the early spread of infection.

* Realistic peak and infection dynamics: The model’s ability to get closer to the peak and
subsequent decline in growth rate reflects its sophisticated handling of infection dynamics.
The growth decline phase between the model and patient data indicates that the MultiSac

model can effectively simulate the containment and control of inflammation,

* Immune response: The timing of T cell arrival in the MultiSac model can handle the

immune response initiation scenario in actual patients.

Using only the default parameters originally fit to viral load data from a different set of
patients [137], the MultiSac Model can successfully replicate the average median case of lesion
growth across a new set of patients. The slight differences observed in the comparative analysis
can be handled by further refinements, such as incorporating more variability in diffusion and

immune response parameters to reflect individual patient scenarios. The MultiSac SIMCoV
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model provides a biologically plausible explanation of key factors that govern lesion growth in
the lung caused by SARS-CoV-2 infection. By comparing the growth of inflammation to the
growth of lesions in patient CT scans, we validate that SIMCoV captures key features of spatial
structure and immune dynamics that control the spread of damage in the lung. This increased
understanding of how damage spreads in the lung has the potential to aid in the development of
future treatments and interventions. By capturing the underlying dynamics of SARS-CoV-2
infection and immune response, the MultiSac model represents a significant advance in the

simulation and analysis of COVID-19 infections.

7.6 Discussion and Next Steps

The MultiSac SIMCoV model introduces a detailed representation of alveolar structures, which
significantly influences the rate of spread and growth of lung damage caused by SARS-CoV-2.
The structure of alveolar sacs introduced in this model is validated to be efficient in simulating
how infection spreads within lung tissue. The growth rate of lung damage observed in the
MultiSac SIMCoV model closely mirrors the growth rates seen in patient CT scans, emphasizing
the model’s biological relevance and accuracy.

The structured alveolar model in MultiSac SIMCoV restricts the spread of infection to
specific cell types (type II pneumocytes), resulting in a controlled and realistic simulation of
lung damage progression. The similarity of growth rates between the MultiSac model and
patient CT scans indicates that the model successfully replicates the dynamics of lung infection
and the inflammatory response observed in clinical settings. The analysis suggests that the
inherent structure of lung tissue, particularly the distribution and density of alveolar sacs, plays
an important role in controlling the spread and growth of lung damage in COVID-19 patients.
This insight highlights the importance of accurately modeling and incorporating lung anatomy
in simualtions to understand disease progression better.

To further refine and validate the MultiSac SIMCoV model, sensitivity analysis to parameters
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using calibration tools like Calipro [144] will be essential. This analysis will help identify key
parameters that significantly impact the model’s output and allow for fine-tuning to enhance
accuracy and predictive capability.

Creating individual patient scenarios based on specific patient analysis will enable per-
sonalized modeling of disease progression. We already have the individual analysis of 19
patients [53]. This approach will help capture the variability in immune responses and infection
dynamics among different patients, providing tailored treatment strategies.

Observations from the patient analysis suggest that lesions often appear on the periphery of

the lung. It raises several hypotheses that we want to explore:

* Immune response slow at the periphery: It is possible that the immune response is slower
or less effective at the lung periphery, allowing the virus to proliferate more readily in

these regions.

* Virus spreads fast on the periphery: Alternatively, the virus might spread more rapidly
along the periphery, potentially due to structural factors or differences in tissue composi-

tion that facilitate quicker viral movement.

 Structural influence: Another hypothesis is that certain structural elements, such as a
higher density of alveoli or the presence of impermeable boundaries, may influence the
spread pattern. Further investigation into the lung’s microanatomy could reveal whether

these structural factors play a significant role in peripheral lesion formation.

By addressing these future work areas, we aim to enhance the MultiSac SIMCoV model’s
predictive ability and biological relevance, contributing to more effective and personalized

treatments for infections caused by SARS-CoV-2.
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Chapter 8

Pieces to Patterns: Discussions and Future

Work

Information is a difference that makes a difference

— Gregory Bateson

The study and analysis of complex systems is a multidisciplinary field that encircles various
domains such as physics, biology, economics, and engineering. One powerful approach to
understanding these systems is through the use of information-theoretic measures. These
measures provide a framework for quantifying the information content and the relationships
between different components of the system over space and time. In this dissertation work, we
have established how these measures can be utilized to uncover the most relevant components of
complex systems by analyzing their spatial and temporal relationships. We have also established
that regardless of application fields the information theory approaches can be used for analysis.

This work proposes a novel development and application of the measure Normalized
Mutual information (NMI) to quantify how different cells, in lymph nodes interact spatially
and temporally within the immune system. It plays a significant role in understanding the

process of immune response and T cell activation in the body. NMI, along with Specific
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Mutual Information (SMI), provides robust tools for capturing complex interactions within
biological datasets. These methods quantify the amount of shared information between variables,
making them particularly useful in identifying and analyzing spatial and temporal patterns in
biomedical data. The ability to quantify such interactions is essential in systems biology, where
understanding the network of interactions among genes, proteins, and cells can lead to insights
into disease mechanisms and potential therapeutic targets.

This work demonstrates that SMI measures are useful for understanding, highlighting, and
tracking complex interactions across multiple domains, including the interaction of various
atmospheric variables to understand the formation and progression of weather phenomena like
hurricanes. These measures can explore the spatial and temporal dynamics of chemical reactions,
particularly in combustion processes. Automatically tracking the cell-to-cell interaction in the
biological system with minimal computation cost is a particular application for SMI. It can
also be used in security and video surveillance to detect anomalies. All these use cases and
applications share a common benefit: they help reduce the cost of analyzing and storing vast
amounts of data.

The dissertation also proposes MultiSac SIMCoV model that includes lung structures
like alveolar sacs in the simulation model. It emphasizes the fact that these simulations are
biologically relevant and the analysis of the spread of SARS-CoV-2 in the lungs is more accurate.
This model provides a detailed understanding of how the virus affects lung epithelial cells and
the immune response, highlighting the spatial dynamics of the infection. MultiSac SIMCoV’s
ability to simulate the distribution and progression of the inflammation caused by the virus
offers a valuable tool for predicting patient outcomes and proposing medical interventions. The
use of CT scans in conjunction with MultiSac SIMCoV enables a comparison of simulated
infection patterns with actual patient data. This approach not only validates the model but
also enhances our understanding of the variability in disease severity among patients. By
identifying key factors that influence the spread and impact of the virus, SIMCoV contributes

to the development of more effective treatment strategies.
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The domains and methods proposed in this dissertation have vast potential for future work

toward several key areas:

* Enhanced Bio-Computational Models: Improving the computational efficiency of NMI
and SMI calculations, possibly through GPU acceleration, can allow for real-time analysis
of large biomedical datasets. This will facilitate the broader application of these methods

in clinical datasets and health records.

* Integration with Advanced Imaging Techniques: Combining NMI and SMI with advanced
imaging techniques such as two-photon microscopy and high-resolution CT scans can
provide more detailed spatial maps of cellular interactions and feature extraction. One
possible application would be using NMI to quantify the spatial association of lesions
with the periphery of the lung. It is already mentioned that most lung lesions are observed
on the periphery of the lung. (See Section 7.6 and figures in Appendix A) This integration

can lead to better diagnostic tools and more precise tracking of disease progression.

* Personalized Medicine: Using information-theoretic measures to analyze patient-specific
data can lead to personalized treatment plans. By understanding the unique spatial and
temporal patterns of disease in each patient, treatments can be tailored to target specific

pathways and interactions, improving efficacy and reducing side effects.

* Broader Biological Applications: Agent-based models can be adapted to any model based
on agent interactions and properties. Beyond lung infections, SIMCoV can be developed
to analyze other areas of biomedical research, such as cancer biology, neurodegenerative
diseases, and immune response studies. The versatility of this model makes it a valuable
tool for a wide range of biological investigations. Moreover, SIMCoV’s computational

capacity can be significantly enhanced to simulate larger systems, such as the entire lung.

* Data Summarization and Visualization: Developing more sophisticated algorithms using

information theory measures to summarize and visualize multivariate time-varying data

147



can aid researchers in interpreting complex datasets. For example, these algorithms can be
used to identify significant patterns and relationships in large ecological systems like fish
foraging behavior in coral reefs, predator-prey dynamics in savannas, and plant-pollinator

interactions in rainforests.
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Appendix A

Analyzing the Spatial Spread of
SARS-CoV-2 in Lung CT Scans using
SIMCoV

A.1 Experiments

A.1.1 Lung and Lesion Visualization

We have analyzed two other datasets using our method mentioned in Section 7.3 to present
the lung and lesion overlay visualization. [ 129] dataset has 9 patients and [50] dataset has 20
patients. These analyses will be further used to study the lung-lesion association and causes for

lesions mostly appearing on the periphery of the lung.
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Figure A.1: Visualization of Lung and Lesion from COVID-19 dataset [129]. The GGOs and
consolidations are indicated separately.
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20 patients from the dataset https://zenodo.org/record/3757476#.YrC1L3bMKUI.
Associated paper: https://aapm.onlinelibrary.wiley.com/doi/full/10.1002/mp.14676
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presented in red.
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